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Preface

The history of this book begins one evening in November 2016, when after an
especially unfruitful day of research, Will and Marc decided to try a different
approach to reinforcement learning. The idea took inspiration from the earlier
“Compress and Control” algorithm (Veness et al. 2015) and recent successes in
using classification algorithms to perform regression (van den Oord et al. 2016),
yet was unfamiliar, confusing, exhilarating. Working from one of the many
whiteboards in DeepMind offices at King’s Cross, there were many false starts
and much reinventing the wheel. But eventually C51, a distributional reinforce-
ment learning algorithm, came to be. The analysis of the distributional Bellman
operator proceeded in parallel with algorithmic development, and by the ICML
2017 deadline, there was a theorem regarding the contraction of this operator in
the Wasserstein distance and state-of-the-art performance at playing Atari 2600
video games. These results were swiftly followed by a second paper that aimed
to explain the fairly large gap between the contraction result and the actual C51
algorithm. The trio was completed when Mark joined for a summer internship,
and at that point the first real theoretical results came regarding distributional
reinforcement learning algorithms. The QR-DQN, Implicit Quantile Networks
(IQN), and expectile temporal-difference learning algorithms then followed. In
parallel, we also began studying how one could theoretically explained just why
distributional reinforcement learning led to better performance in large-scale
settings; the first results suggested said that it should not, only deepening a
mystery that we continue to work to solve today.

One of the great pleasures of working on a book together has been to be able
to take the time to produce a more complete picture of the scientific ancestry
of distributional reinforcement learning. Bellman (1957b) himself expressed
in passing that quantities other than the expected return should be of interest;
Howard and Matheson (1972) considered the question explicitly. Earlier studies
focused on a single characteristic of the return distribution, often a criterion to be
optimized: for example, the variance of the return (Sobel 1982). Similarly, many

iX
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results in risk-sensitive reinforcement learning have focused on optimizing a
specific measure of risk, such as variance-penalized expectation (Mannor and
Tsitsiklis 2011) or conditional-value-at-risk (Chow and Ghavamzadeh 2014).
Our contribution to this vast body of work is perhaps to treat these criteria
and characteristics in a more unified manner, focusing squarely on the return
distribution as the main object of interest, from which everything can be derived.
We see signs of this unified treatment paying off in answering related questions
(Chandak et al. 2021). Of course, we have only been able to get there because
of relatively recent advances in the study of probability metrics (Székely 2002;
Rachev et al. 2013), better tools with which to study recursive distributional
relationships (Rosler 1992; Rachev and Riischendorf 1995), and key results
from stochastic approximation theory.

Our hope is that, by providing a more comprehensive treatment of distri-
butional reinforcement, we may pave the way for further developments in
sequential decision-making and reinforcement learning. The most immediate
effects should be seen in deep reinforcement learning, which has since that first
ICML paper used distributional predictions to improve performance across a
wide variety of problems, real and simulated. In particular, we are quite excited
to see how risk-sensitive reinforcement learning may improve the reliability
and effectiveness of reinforcement learning for robotics (Vecerik et al. 2019;
Bodnar et al. 2020; Cabi et al. 2020). Research in computational neuroscience
has already demonstrated the value of taking a distributional perspective, even
to explain biological phenomena (Dabney et al. 2020b). Eventually, we hope
that our work can generally help further our understanding of what it means for
an agent to interact with its environment.

In developing the material for this book, we have been immensely lucky to
work with a few esteemed mentors, collaborators, and students who were willing
to indulge us in the first steps of this journey. Rémi Munos was instrumental in
shaping this first project and helping us articulate its value to DeepMind and
the scientific community. Yee Whye Teh provided invaluable advice, pointers
to the statistics literature, and lodging and eventually brought the three of us
together. Pablo Samuel Castro and Georg Ostrovski built, distilled, removed
technical hurdles, and served as the voice of reason. Clare Lyle, Philip Amortila,
Robert Dadashi, Saurabh Kumar, Nicolas Le Roux, John Martin, and Rosie
Zhao helped answer a fresh set of questions that we had until then lacked the
formal language to describe, eventually creating more problems than answers —
such is the way of science. Yunhao Tang and Harley Wiltzer gracefully accepted
to be the first consumers of this book, and their feedback on all parts of the
notation, ideas, and manuscript has been invaluable.
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1 Introduction

A hallmark of intelligence is the ability to adapt behavior to reflect external
feedback. In reinforcement learning, this feedback is provided as a real-valued
quantity called the reward. Stubbing one’s toe on the dining table or forgetting
soup on the stove are situations associated with negative reward, while (for
some of us) the first cup of coffee of the day is associated with positive reward.

We are interested in agents that seek to maximize their cumulative reward —
or return — obtained from interactions with an environment. An agent maximizes
its return by making decisions that either have immediate positive consequences
or steer it into a desirable state. A particular assignment of reward to states and
decisions determines the agent’s objective. For example, in the game of Go,
the objective is represented by a positive reward for winning. Meanwhile, the
objective of keeping a helicopter in flight is represented by a per-step negative
reward (typically expressed as a cost) proportional to how much the aircraft
deviates from a desired flight path. In this case, the agent’s return is the total
cost accrued over the duration of the flight.

Often, a decision will have uncertain consequences. Travelers know that it
is almost impossible to guarantee that a trip will go as planned, even though
a three-hour layover is usually more than enough to catch a connecting flight.
Nor are all decisions equal: transiting through Chicago O’Hare may be a riskier
choice than transiting through Toronto Pearson. To model this uncertainty,
reinforcement learning introduces an element of chance to the rewards and to
the effects of the agent’s decisions on its environment. Because the return is the
sum of rewards received along the way, it too is random.

Historically, most of the field’s efforts have gone toward modeling the mean
of the random return. Doing so is useful, as it allows us to make the right
decisions: when we talk of “maximizing the cumulative reward,” we typically
mean “maximizing the expected return.” The idea has deep roots in probability,
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2 Chapter 1

the law of large numbers, and subjective utility theory. In fact, most reinforce-
ment learning textbooks axiomatize the maximization of expectation. Quoting
Richard Bellman, for example:

The general idea, and this is fairly unanimously accepted, is to use some average of
the possible outcomes as a measure of the value of a policy.

This book takes the perspective that modeling the expected return alone
fails to account for many complex, interesting phenomena that arise from
interactions with one’s environment. This is evident in many of the decisions
that we make: the first rule of investment states that expected profits should
be weighed against volatility. Similarly, lottery tickets offer negative expected
returns but attract buyers with the promise of a high payoff. During a snowstorm,
relying on the average frequency at which buses arrive at a stop is likely to lead
to disappointment. More generally, hazards big and small result in a wide range
of possible returns, each with its own probability of occurrence. These returns
and their probabilities can be collectively described by a return distribution, our
main object of study.

1.1 Why Distributional Reinforcement Learning?

Just as a color photograph conveys more information about a scene than a
black and white photograph, the return distribution contains more information
about the consequences of the agent’s decisions than the expected return. The
expected return is a scalar, while the return distribution is infinite-dimensional;
it is possible to compute the expectation of the return from its distribution, but
not the other way around (to continue the analogy, one cannot recover hue from
luminance).

By considering the return distribution, rather than just the expected return,
we gain a fresh perspective on the fundamental problems of reinforcement
learning. This includes understanding of how optimal decisions should be
made, methods for creating effective representations of an agent’s state, and
the consequences of interacting with other learning agents. In fact, many of the
tools we develop here are useful beyond reinforcement learning and decision-
making. We call the process of computing return distributions distributional
dynamic programming. Incremental algorithms for learning return distributions,
such as quantile temporal-difference learning (Chapter 6), are likely to find uses
wherever probabilities need to be estimated.

Throughout this book, we will encounter many examples in which we use the
tools of distributional reinforcement learning to characterize the consequences
of the agent’s choices. This is a modeling decision, rather than a reflection of
some underlying truth about these examples. From a theoretical perspective,
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Figure 1.1

(a) In Kuhn poker, each player is dealt one card and then bets on whether they hold the
highest card. The diagram depicts one particular play through; the house’s card (bottom)
is hidden until betting is over. (b) A game tree with all possible states shaded according
to their frequency of occurrence in our example. Leaf nodes depict immediate gains and
losses, which we equate with different values of the received reward.

justifying our use of the distributional model requires us to make a number of
probabilistic assumptions. These include the notion that the random nature of
the interactions is intrinsically irreducible (what is sometimes called aleatoric
uncertainty) and unchanging. As we encounter these examples, the reader is
invited to reflect on these assumptions and their effect on the learning process.

Furthermore, there are many situations in which such assumptions do not
completely hold but where distributional reinforcement learning still provides
a rich picture of how the environment operates. For example, an environment
may appear random because some parts of it are not described to the agent (it
is said to be partially observable) or because the environment changes over
the course of the agent’s interactions with it (multiagent learning, the topic
of Section 11.1, is an example of this). Changes in the agent itself, such as
a change in behavior, also introduce nonstationarity in the observed data. In
practice, we have found that the return distributions are a valuable reflection
of the underlying phenomena, even when there is no aleatoric uncertainty at
play. Put another way, the usefulness of distributional reinforcement learning
methods does not end with the theorems that characterize them.

1.2 An Example: Kuhn Poker

Kuhn poker is a simplified variant of the well-known card game. It is played
with three cards of a single suit (jack, queen, and king) and over a single round
of betting, as depicted in Figure 1.1a. Each player is dealt one card and must
first bet a fixed ante, which for the purpose of this example we will take to be
£1. After looking at their card, the first player decides whether to raise, which
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Distribution over winnings for the player after playing 7 rounds. For T = 1, this corre-
sponds to the distribution of immediate gains and losses. For T =5, we see a single mode
appear roughly centered on the expected winnings. For larger 7', two additional modes
appear, one in which the agent goes bankrupt and one where the player has successfully
doubled their stake. As T'— co, only these two outcomes have nonzero probability.

doubles their bet, or check. In response to a raise, the second player can call
and match the new bet or fold and lose their £1 ante. If the first player chooses
to check instead (keep the bet as-is), the option to raise is given to the second
player, symmetrically. If neither player folded, the player with the higher card
wins the pot (£1 or £2, depending on whether the ante was raised). Figure 1.1b
visualizes a single play of the game as a fifty-five-state game tree.

Consider a player who begins with £10 and plays a total of up to 7 hands
of Kuhn poker, stopping early if they go bankrupt or double their initial stake.
To keep things simple, we assume that this player always goes first and that
their opponent, the house, makes decisions uniformly at random. The player’s
strategy depends on the card they are dealt and also incorporates an element of
randomness. There are two situations in which a choice must be made: whether
to raise or check at first and whether to call or fold when the other player raises.
The following table of probabilities describes a concrete strategy as a function
of the player’s dealt card:

Holding a... Jack Queen King

Probability of raising 13 0 1
Probability of calling 0 Pl 1

If we associate a positive and negative reward with each round’s gains or losses,
then the agent’s random return corresponds to their total winnings at the end of
the T rounds and ranges from —10 to 10.

How likely is the player to go bankrupt? How long does it take before the
player is more likely to be ahead than not? What is the mean and variance of the
player’s winnings after 7' = 15 hands have been played? These three questions
(and more) can be answered by using distributional dynamic programming
to determine the distribution of returns obtained after 7 rounds. Figure 1.2
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Introduction 5

shows the distribution of winnings (change in money held by the player) as a
function of T. After the first round (7 = 1), the most likely outcome is to have
lost £1, but the expected reward is positive. Consequently, over time, the player
is likely to be able to achieve their objective. By the fifteenth round, the player is
much more likely to have doubled their money than to have gone broke, with a
bell-shaped distribution of values in between. If the game is allowed to continue
until the end, the player has either gone bankrupt or doubled their stake. In our
example, the probability that the player comes out a winner is approximately
85 percent.

1.3 How Is Distributional Reinforcement Learning Different?

In reinforcement learning, the value function describes the expected return
that one would counterfactually obtain from beginning in any given state. It is
reasonable to say that its fundamental object of interest — the expected return
— is a scalar and that algorithms that operate on value functions operate on
collections of scalars (one per state). On the other hand, the fundamental object
of distributional reinforcement learning is a probability distribution over returns:
the return distribution. The return distribution characterizes the probability of
different returns that can be obtained as an agent interacts with its environment
from a given state. Distributional reinforcement learning algorithms operate on
collections of probability distributions that we call return-distribution functions
(or simply return functions).

More than a simple type substitution, going from scalars to probability distri-
butions results in changes across the spectrum of reinforcement learning topics.
In distributional reinforcement learning, equations relating scalars become equa-
tions relating random variables. For example, the Bellman equation states that
the expected return at a state x, denoted V*(x), equals the expectation of the
immediate reward R, plus the discounted expected return at the next state X:

Vix)=E;[R+yV" (X)) | X =x].

Here 7 is the agent’s policy — a description of how it chooses actions in different
states. By contrast, the distributional Bellman equation states that the random
return at a state x, denoted G™(x), is itself related to the random immediate
reward and the random next-state return according to a distributional equation:'

G"(x)2R+yG"(X'), X=x.

1. Later we will consider a form that equates probability distributions directly.
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6 Chapter 1

In this case, G"(x), R, X’, and G"(X") are random variables, and the superscript
D indicates equality between their distributions. Correctly interpreting the distri-
butional Bellman equation requires identifying the dependency between random
variables, in particular between R and X’. It also requires understanding how
discounting affects the probability distribution of G”(x) and how to manipulate
the collection of random variables G™ implied by the definition.

Another change concerns how we quantify the behavior of learning algo-
rithms and how we measure the quality of an agent’s predictions. Because
value functions are real-valued vectors, the distance between a value function
estimate and the desired expected return is measured as the absolute difference
between those two quantities. On the other hand, when analyzing a distribu-
tional reinforcement learning algorithm, we must instead measure the distance
between probability distributions using a probability metric. As we will see,
some probability metrics are better suited to distributional reinforcement learn-
ing than others, but no single metric can be identified as the “natural” metric
for comparing return distributions.

Implementing distributional reinforcement learning algorithms also poses
some concrete computational challenges. In general, the return distribution
is supported on a range of possible returns, and its shape can be quite com-
plex. To represent this distribution with a finite number of parameters, some
approximation is necessary; the practitioner is faced with a variety of choices
and trade-offs. One approach is to discretize the support of the distribution
uniformly and assign a variable probability to each interval, what we call the
categorical representation. Another is to represent the distribution using a finite
number of uniformly weighted particles whose locations are parameterized,
called the quantile representation. In practice and in theory, we find that the
choice of distribution representation impacts the quality of the return function
approximation and also the ease with which it can be computed.

Learning return distributions from sampled experience is also more challeng-
ing than learning to predict expected returns. The issue is particularly acute
when learning proceeds by bootstrapping: that is, when the return function
estimate at one state is learned on the basis of the estimate at successor states.
When the return function estimates are defined by a deep neural network, as is
common in practice, one must also take care in choosing a loss function that is
compatible with a stochastic gradient descent scheme.

For an agent that only knows about expected returns, it is natural (almost
necessary) to define optimal behavior in terms of maximizing this quantity.
The Q-learning algorithm, which performs credit assignment by maximizing
over state-action values, learns a policy with exactly this objective in mind.
Knowledge of the return function, however, allows us to define behaviors
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that depend on the full distributions of returns — what is called risk-sensitive
reinforcement learning. For example, it may be desirable to act so as to avoid
states that carry a high probability of failure or penalize decisions that have
high variance. In many circumstances, distributional reinforcement learning
enables behavior that is more robust to variations and, perhaps, better suited to
real-world applications.

1.4 Intended Audience and Organization

This book is intended for advanced undergraduates, graduate students, and
researchers who have some exposure to reinforcement learning and are inter-
ested in understanding its distributional counterpart. We present core ideas from
classical reinforcement learning as they are needed to contextualize distribu-
tional topics but often omit longer discussions and a presentation of specialized
methods in order to keep the exposition concise. The reader wishing a more
in-depth review of classical reinforcement learning is invited to consult one
of the literature’s many excellent books on the topic, including Bertsekas and
Tsitsiklis (1996), Szepesvari (2010), Bertsekas (2012), Puterman (2014), Sutton
and Barto (2018), and Meyn (2022).

Already, an exhaustive treatment of distributional reinforcement learning
would require a substantially larger book. Instead, here we emphasize key
concepts and challenges of working with return distributions, in a mathematical
language that aims to be both technically correct but also easily applied. Our
choice of topics is driven by practical considerations (such as scalability in
terms of available computational resources), a topic’s relative maturity, and our
own domains of expertise. In particular, this book contains only one chapter
about what is commonly called the control problem and focuses on dynamic
programming and temporal-difference algorithms over Monte Carlo methods.
Where appropriate, in the bibliographical remarks, we provide references on
these omitted topics. In general, we chose to include proofs when they pertain
to major results in the chapter or are instructive in their own right. We defer the
proof of a number of smaller results to exercises.

Each chapter of this book is structured like a hiking trail.> The first sections
(the “foothills™) introduce a concept from classical reinforcement learning and
extend it to the distributional setting. Here, a knowledge of undergraduate-level
probability theory and computer science usually suffices. Later sections (the
“incline”) dive into more technical points: for example, a proof of convergence
or more complex algorithms. These may be skipped without affecting the

2. Based on one of the author’s experience hiking around Banff, Canada.
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reader’s understanding of the fundamentals of distributional reinforcement
learning. Finally, most chapters end on a few additional results or remarks that
are interesting yet easily omitted (the “side trail”). These are indicated by an
asterisk (*). For the latter part of the chapter’s journey, the reader may wish to
come equipped with tools from advanced probability theory; our own references
are Billingsley (2012) and Williams (1991).

The book is divided into three parts. The first part introduces the building
blocks of distributional reinforcement learning. We begin by introducing our
fundamental objects of study, the return distribution and the distributional
Bellman equation (Chapter 2). Chapter 3 then introduces categorical temporal-
difference learning, a simple algorithm for learning return distributions. By
the end of Chapter 3, the reader should understand the basic principles of
distributional reinforcement learning and be able to use them in simple practical
settings.

The second part develops the theory of distributional reinforcement learn-
ing. Chapter 4 introduces a language for measuring distances between return
distributions and operators for transforming with these distributions. Chapter 5
introduces the notion of a probability representation, needed to implement
distributional reinforcement learning; it subsequently considers the problem of
computing and approximating return distributions using such representations,
introducing the framework of distributional dynamic programming. Chapter 6
studies how return distributions can be learned from samples and in a incre-
mental fashion, giving a formal construction of categorical temporal-difference
learning as well as other algorithms such as quantile temporal-difference learn-
ing. Chapter 7 extends these ideas to the setting of optimal decision-making
(also called the control setting). Finally, Chapter 8 introduces a different perspec-
tive on distributional reinforcement learning based on the notion of statistical
functionals. By the end of the second part, the reader should understand the
challenges that arise when designing distributional reinforcement learning
algorithms and the available tools to address these challenges.

The third and final part develops distributional reinforcement learning for
practical scenarios. Chapter 9 reviews the principles of linear value function
approximation and extends these ideas to the distributional setting. Chapter 10
discusses how to combine distributional methods with deep neural networks
to obtain algorithms for deep reinforcement learning. Chapter 11 discusses the
emerging use of distributional reinforcement learning in two further domains of
research (multiagent learning and neuroscience) and concludes.

Code for examples and exercises, as well as standard implementations of the
algorithms presented here, can be found at http://distributional-rl.org.
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1.5 Bibliographical Remarks

1.0. The quote is due to Bellman (1957b).

1.1. Kuhn poker is due to Kuhn (1950), who gave an exhaustive characterization
of the game’s Nash equilibria. The player’s strategy used in the main text forms
part of such a Nash equilibrium.
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2 The Distribution of Returns

Training for a marathon. Growing a vegetable garden. Working toward a piano
recital. Many of life’s activities involve making decisions whose benefits are
realized only later in the future (whether to run on a particular Saturday morning;
whether to add fertilizer to the soil). In reinforcement learning, these benefits
are summarized by the return received following these decisions. The return is a
random quantity that describes the sum total of the consequences of a particular
activity — measured in dollars, points, bits, kilograms, kilometers, or praise.

Distributional reinforcement learning studies the random return. It asks ques-
tions such as: How should it be described, or approximated? How can it be
predicted on the basis of past observations? The overarching aim of this book
is to establish a language with which such questions can be answered. By
virtue of its subject matter, this language is somewhere at the intersection of
probability theory, statistics, operations research, and of course reinforcement
learning itself. In this chapter, we begin by studying how the random return
arises from sequential interactions and immediate rewards. From this, we estab-
lish the fundamental relationship of random returns: the distributional Bellman
equation.

2.1 Random Variables and Their Probability Distributions

A quantity that we wish to model as random can be represented via a random
variable. For example, the outcome of a coin toss can be represented with a
random variable, which may take on either the value “heads” or “tails”. We
can reason about a random variable through its probability distribution, which
specifies the probability of its possible realizations.

Example 2.1. Consider driving along a country road toward a railway crossing.
There are two possible states that the crossing may be in. The crossing may
be open, in which case you can drive straight through, or it may be closed,
in which case you must wait for the train to pass and for the barriers to lift

11
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12 Chapter 2

before driving on. We can model the state of the crossing as a random variable
C with two outcomes, “open” and “closed.” The distribution of C is specified
by a probability mass function, which provides the probability of each possible
outcome:

P(C=*open”)=p, P(C=*closed”’)=1-p,

for some p € [0, 1]. A

Example 2.2. Suppose we arrive at the crossing described above and the barri-
ers are down. We may model the waiting time 7" (in minutes) until the barriers
are open again as a uniform distribution on the interval [0, 10]; informally,
any real value between 0 and 10 is equally likely. In this case, the probability
distribution can be specified through a probability density function, a function
f:R—[0, 00). In the case of the uniform distribution above, this function is

given by
)= 7 ifzr€[0,10]
0  otherwise

The density then provides the probability of 7 lying in any interval [a, b]
according to

b
(T €[a, b]) = f F(ndt. A

In this book, we will encounter instances of random variables — such as
rewards and returns — that are discrete, have densities, or in some cases fall in
neither category. To deal with this heterogeneity, one solution is to describe
probability distributions over R using their cumulative distribution function
(CDF), which always exists. The cumulative distribution function associated
with a random variable Z is the function Fz : R — [0, 1] defined by

Fz0)=P(Z<2).

In distributional reinforcement learning, common operations on random
variables include summation, multiplication by a scalar, and indexing into col-
lections of random variables. Later in the chapter, we will see how to describe
these operations in terms of cumulative distribution functions.

Example 2.3. Suppose that now we consider the random variable 7’ describing
the total waiting time experienced at the railroad crossing. If we arrive at the
crossing and it is open (C = “open”), there is no need to wait and 7’ =0. If,
however, the barrier is closed (C = “closed”), the waiting time is distributed
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The Distribution of Returns 13

uniformly on [0, 10]. The cumulative distribution function of 7" is

0 t<0
p t=0
Fr.(t)= -
) p+“1—é’)’ 0<t<10
1 t>10.

Observe that there is a nonzero probability of 7’ taking the value 0 (which
occurs when the crossing is open), so the distribution cannot have a density. Nor
can it have a probability mass function, as there are a continuum of possible
waiting times from 0 to 10 minutes. A

Another solution is to treat probability distributions atomically, as elements of
the space Z(RR) of probability distributions. In this book we favor this approach
over the use of cumulative distribution functions, as it lets us concisely express
operations on probability distributions. The probability distribution that puts
all of its mass on z € R, for example, is the Dirac delta denoted ¢,; the uniform
distribution on the interval from a to b is U([a, b]). Both distributions belong to
Z(R). The distribution of the random variable 77 in Example 2.3 also belongs
to Z(R). It is a mixture of distributions and can be written in terms of its
constituent parts:

pdo + (1= p)U(0, 10]).
More formally, these objects are probability measures: functions that associate
different subsets of outcomes with their respective probabilities. If Z is a real-
valued random variable and v is its distribution, then for a subset S CR,? we
write
v(S)=P(ZeS).

In particular, the probability assigned to S by a mixture distribution is the
weighted sum of probabilities assigned by its constituent parts: for v, v, € Z(R)
and p €0, 1], we have

(pvi+ A =pw2)(S)=pvi(S)+ (1 = p)a(S).

With this language, the cumulative distribution function of v € &(R) can be
expressed as

Fy(y)=v((=00,y]).
This notation also extends to distributions over outcomes that are not real-valued.

For instance, Z?({*“open”, “closed”}) is the set of probability distributions over
the state of the railroad crossing in Example 2.1. Probability distributions (as

3. Readers expecting to see the qualifier “measurable” here should consult Remark 2.1.
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action

[Environment {’9]

T
reward R; /I ,'f\] 1

R ‘l,/
4

X, X, Xo . . Xr
Ry Ry Ry
Figure 2.1

Top: The Markov decision process model of the agent’s interactions with its environment.
Bottom: The same interactions, unrolled to show the sequence of random variables
(X;, Ay, R0, beginning at time ¢ =0 and up to the state X7.

elements of Z(R)) make it possible to express some operations on distributions
that would be unwieldy to describe in terms of random variables.

2.2 Markov Decision Processes

In reinforcement learning, an environment is any of a wide variety of systems
that emit observations, can be influenced, and persist in one form or another
over time. A data center cooling system, a remote-controlled helicopter, a stock
market, and a video game console can all be thought of as environments. An
agent interacts with its environment by making choices that have consequences
in this environment. These choices may be implemented simply as an 1F state-
ment in a simulator or they may require a human to perform some task in our
physical world.

We assume that interactions take place or are recorded at discrete time
intervals. These give rise to a sequential process in which at any given time
teN={0,1,2,...}, the current situation is described by a state X, from a finite
set X.* The initial state is a random variable X, with probability distribution
&€ Z(X).

4. Things tend to become more complicated when one considers infinite state spaces; see
Remark 2.3.
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The agent influences its future by choosing an action A, from a finite set of
actions A. In response to this choice, the agent is provided with a real-valued
reward R, This reward indicates to the agent the usefulness or worth of its
choice. The action also affects the state of the system; the new state is denoted
Xi+1. An illustration of this sequential interaction is given in Figure 2.1. The
reward and next state are modeled by the transition dynamics P: X X A—
Z (R x X) of the environment, which provides the joint probability distribution
of R, and X, in terms of the state X, and action A,. We say that R, and X, are
drawn from this distribution:

R, Xov1 ~ PG, | X1, Ap) (2.1
In particular, when R, is discrete, Equation 2.1 can be directly interpreted as
PR =7, X1 =x" | X, =x,A;=a)=P(r,x" | x,a).

Modeling the two quantities jointly is useful in problems where the reward
depends on the next state (common in board games, where the reward is asso-
ciated with reaching a certain state) or when the state depends on the reward
(common in domains where the state keeps track of past rewards). In this book,
however, unless otherwise noted, we make the simplifying assumption that
the reward and next state are independent given X; and A,, and separate the
transition dynamics into a reward distribution and transition kernel:

Rt ~ PR(' I Xt’At)
X1 ~Px(- | X, Ap) .

A Markov decision process (MDP) is a tuple (X, A, &, Px, Pg) that contains
all the information needed to describe how the agent’s decisions influence
its environment. These decisions are not themselves part of the model but
instead arise from a policy. A policy is a mapping 7 : X — Z(A) from states to
probability distributions over actions such that

A~n(-|Xy).

Such policies choose the action A, solely on the basis of the immediately
preceding state X; and possibly a random draw. Technically, these are a special
subset of decision-making rules that are both stationary (they do not depend
on the time ¢ at which the decision is to be taken, except through the state X))
and Markov (they do not depend on events prior to time #). Stationary Markov
policies will be enough for us for most of this book, but we will study more
general policies in Chapter 7.

5. An alternative convention is to denote the reward that follows action A; by R;|. Here we prefer
R, to emphasize the association between action and reward.
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Finally, a state xz from which no other states can be reached is called
absorbing or terminal. For all actions a € A, its next-state distribution is

Px(xg | xg,a)=1.

Terminal states correspond to situations in which further interactions are irrele-
vant: once a game of chess is won by one of the players, for example, or once a
robot has successfully accomplished a desired task.

2.3 The Pinball Model

The game of American pinball provides a useful metaphor for how the various
pieces of a Markov decision process come together to describe real systems.
A classic American pinball machine consists of a slanted, glass-enclosed play
area filled with bumpers of various shapes and sizes. The player initiates the
game by using a retractable spring to launch a metal ball into the play area, a
process that can be likened to sampling from the initial state distribution. The
metal ball progresses through the play area by bouncing off the various bumpers
(the transition function), which reward the player with a variable number of
points (the reward function). The game ends when the ball escapes through a
gap at the bottom of the play area, to which it is drawn by gravity (the terminal
state). The player can prevent this fate by controlling the ball’s course with
a pair of flippers on either side of the gap (the action space). Good players
also use the flippers to aim the ball toward the most valuable bumpers or other,
special high-scoring zones and may even physically shake the pinball cabinet
(called nudging) to exert additional control. The game’s state space describes
possible arrangements of the machine’s different moving parts, including the
ball’s location.

Turning things around, we may think of any Markov decision process as an
abstract pinball machine. Initiated by the equivalent of inserting the traditional
quarter into the machine, we call a single play through the Markov decision
process a trajectory, beginning from the random initial state and lasting until a
terminal state is reached. This trajectory is the sequence Xy, Ao, Ry, X1, A1, ...
of random interleaved states, actions, and rewards. We use the notation
(Xy, Ay, Ry)>0 to express this sequence compactly.

The various elements of the trajectory depend on each other according to the
rules set by the Markov decision process. These rules can be summarized by a
collection of generative equations, which tell us how we might write a program
for sampling a trajectory one variable at a time. For a time step € N, let us
denote by Xj.;, Ao, and Ry, the subsequences (Xo, X1, ..., X}), (Ag,A1,...,Ar),

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



The Distribution of Returns 17

and (Ry, Ry, ..., R;), respectively. The generative equations are
Xo~¢&o;
A, | (Xo:t Agi—15 Ro:—1) ~ (- | X,), forall £>0;
R, | Xo:4> Ag:t> Ro—1) ~ Pr(- | X, Ay), forall 1>0;
Xi+1 | Ko, Agrs Rot) ~ Px (- | X;, Ay), forall £1>0.

We use the notation Y | (Zy, Z;, .. .) to indicate the basic dependency structure
between these variables. The equation for A,, for example, is to be interpreted
as
P(A;=a| Xo,Ao,Ro, ** , Xi—1,Ar-1, Ri-1, Xp) = m(a | X,).

For t =0, the notation Ag,—; and Ry, denotes the empty sequence. Because
the policy fixes the “decision” part of the Markov decision process formalism,
the trajectory can be viewed as a Markov chain over the space X X A X R. This
model is sometimes called a Markov reward process.

By convention, terminal states yield no reward. In these situations, it is
sensible to end the sequence at the time 7 € N at which a terminal state is first
encountered. It is also common to notify the agent that a terminal state has
been reached. In other cases (such as Example 2.4 below), the sequence might
(theoretically) go on forever.

We use the notion of a joint distribution to formally ask questions (and
give answers) about the random trajectory. This is the joint distribution over
all random variables involved, denoted PP,(:). For example, the probability
that the agent begins in state x and finds itself in that state again after ¢ time
steps when acting according to a policy m can be mathematically expressed
as P,(Xo = x, X; = x). Similarly, the probability that a positive reward will be
received at some point in time is

P (there exists # >0 such that R, >0).

The explicit policy subscript is a convention to emphasize that the agent’s
choices affect the distribution of outcomes. It also lets us distinguish statements
about random variables derived from the random trajectory from statements
about other, arbitrary random variables.

The joint distribution [P, gives rise to the expectation [E, over real-valued
random variables. This allows us to write statements such as

E”[Z XRO + ]l{)(] =X0]Rl] .

Remark 2.1 provides additional technical details on how this expectation can be
constructed from P,.
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Example 2.4. The martingale is a betting strategy popular in the eighteenth
century and based on the principle of doubling one’s ante until a profit is made.
This strategy is formalized as a Markov decision process where the (infinite)
state space X = Z is the gambler’s loss thus far, with negative losses denoting
gains. The action space A =N is the gambler’s bet.® If the game is fair, then for
each state x and each action a,

Px(x+al|x,a)=Px(x—alx,a)=1/2.

Placing no bet corresponds to a = 0. With Xj = 0, the martingale policy is Ag =1
and for ¢ >0,
A= { X, +1 X,>0
! 0 otherwise.
Formally speaking, the policy maps each loss x > 0 to ., the Dirac distribution
at x + 1, and all negative states (gains) to dy. Simple algebra shows that for 7 > 0,

X - 2'—1 with probability 277,
N with probability 1 -2

That is, the gambler is assured to eventually make a profit (since 2~ — 0), but
arbitrary losses may be incurred before a positive gain is made. Calculations
show that the martingale strategy has nil expected gain (E,[X,]=0 for >
0), while the variance of the loss grows unboundedly with the number of
rounds played (E,[X?] — oo); as a result, it is frowned upon in many gambling
establishments. A

The notation [P, makes clear the dependence of the distribution of the random
trajectory (X;, A;, Ry)s>0 on the agent’s policy n. Often, we find it also useful
to view the initial state distribution &; as a parameter to be reasoned explicitly
about. In this case, it makes sense to more explicitly denote the joint distribution
by P, . The most common situation is when we consider the same Markov
decision process but initialized at a specific starting state x. In this case, the
distribution becomes & = 6., meaning that P, »(Xo = x) = 1. We then use the
fairly standard shorthand

Pn('|Xo=X)=ED5“n('), En['|X0:-x]:E§x,7r[']-

Technically, this use of the conditioning bar is an abuse of notation. We are
directly modifying the probability distributions of these random variables, rather
than conditioning on an event as the notation normally signifies.” However,
this notation is convenient and common throughout the reinforcement learning

6. We are ignoring cash flow issues here.
7. If we attempt to use the actual conditional probability distribution instead, we find that it is
ill-defined when &y(x) = 0. See Exercise 2.2.
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literature, and we therefore adopt it as well. It is also convenient to modify the
distribution of the first action Ay, so that rather than this random variable being
sampled from (- | Xp), it is fixed at some action a € A. We use similar notation
as above to signify the resulting distribution over trajectories and corresponding
expectations:

P.(-|Xo=x,A0=0a), Eql - Xo=x,A0=a].

2.4 The Return

Given a discount factor y € [0, 1), the discounted return® (or simply the return)
is the sum of rewards received by the agent from the initial state onward,
discounted according to their time of occurrence:

G= Z V'R, . 2.2)
=0

The return is a sum of scaled, real-valued random variables and is therefore
itself a random variable. In reinforcement learning, the success of an agent’s
decisions is measured in terms of the return that it achieves: greater returns are
better. Because it is the measure of success, the return is the fundamental object
of reinforcement learning.

The discount factor encodes a preference to receive rewards sooner than
later. In settings that lack a terminal state, the discount factor is also used to
guarantee that the return G exists and is finite. This is easily seen when rewards
are bounded on the interval Ry, Ruax], in Which case we have

Ge [ Ry i RMAX:| ] (23)
-y 1-y

Throughout this book, we will often write V,,,y and V,,.x for the endpoints of the

interval above, denoting the smallest and largest return obtainable when rewards

are bounded on [R,, Rusx]. When rewards are not bounded, the existence of

G is still guaranteed under the mild assumption that rewards have finite first

moment; we therefore adopt this assumption throughout the book.

Assumption 2.5. For each state x € X and action a € A, the reward distribution
Pg(-| x,a) has finite first moment. That is, if R ~ Pg(- | x, @), then

E[IR]] <. A

8. In parts of this book, we also consider the undiscounted return ZZO R;. We sometimes write
v =1 to denote this return, indicating a change from the usual setting. One should be mindful that
we then need to make sure that the sum of rewards converges.
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Proposition 2.6. Under Assumption 2.5, the random return G exists and
is finite with probability 1, in the sense that

Pr(G € (~c0,00))=1. A

In the usual treatment of reinforcement learning, Assumption 2.5 is taken
for granted (there is little to be predicted otherwise). We still find Proposition
2.6 useful as it establishes that the assumption is sufficient to guarantee the
finiteness of G and hence the existence of its probability distribution. The phrase
“with probability 17 allows for the fact that in some realizations of the random
trajectory, G is infinite (for example, if the rewards are normally distributed) —
but the probability of observing such a realization is nil. Remark 2.2 gives
more details on this topic, along with a proof of Proposition 2.6; see also
Exercise 2.17.

We call the probability distribution of G the return distribution. The return
distribution determines quantities such as the expected return

E, [G]=E, [ Z 'tht] >
t=0

which plays a central role in reinforcement learning, the variance of the return
Var(G) =E, [(G - E, [G])z] >

and tail probabilities such as

Po( Y. YR 20),
t=0

which arise in risk-sensitive control problems (discussed in Chapter 7). As the
following examples illustrate, the probability distributions of random returns
vary from simple to intricate, according to the complexity of interactions
between the agent and its environment.

Example 2.7 (Blackjack). The card game of blackjack is won by drawing
cards whose total value is greater than that of a dealer, who plays according to
a known, fixed set of rules. Face cards count for 10, while aces may be counted
as either 1 or 11, to the player’s preference. The game begins with the player
receiving two cards, which they can complement by hitting (i.e., requesting
another card). The game is lost immediately if the player’s total goes over 21,
called going bust. A player satisfied with their cards may instead stick, at which
point the dealer adds cards to their own hand, until a total of 17 or more is
reached.
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If the player’s total is greater than the dealer’s or the dealer goes bust, they
are paid out their ante; otherwise, the ante is lost. In the event of a tie, the player
keeps the ante. We formalize this as receiving a reward of 1, —1, or 0 when play
concludes. A blackjack occurs when the player’s initial cards are an ace and a
10-valued card, which most casinos will pay 3 to 2 (a reward of 3/2) provided
the dealer’s cards sum to less than 21. After seeing their initial two cards, the
player may also choose to double down and receive exactly one additional card.
In this case, wins and losses are doubled (2 or —2 reward).

Since the game terminates in a finite number of steps 7 and the objective is
to maximize one’s profit, let us equate the return G with the payoff from playing
one hand. The return takes on values from the set

{_27_1’0’ 173/2’ 2} .

Let us denote the cards dealt to the player by Cy, Cy, ..., Cr, the sum of these
cards by Y, and the dealer’s card sum by Y4. With this notation, we can handle
the ace’s two possible values by adding 10 to Y, or Y4 when at least one ace
was drawn, and the sum is 11 or less. We define Y, =0 and Y4 =0 when the
player or dealer goes bust, respectively. Consider a player who doubles when
dealt cards whose total is 11. The probability distribution of the return is

PL(G =32 L 2P, (Co=1,C; = 10, Yg £21)

PG =-2)2P(Co+Cr1=11,Co#1,C1 £1,Co+Cy +Ca < Yg)

Po(G=2) 2 Pu(Co+Cr=11,Co#1,C1 £1,Co+Ci +Ca > Yy)

Pr(G=-1)=Pa(Y, <Ya) -Pr(G=-2)
Pr(G =0) =Pr(Yp = Ya)
Pr(G=1)=Pr(Yy>Ya) - Pr(G =3/2) - Pr(G =2);
(a) implements the blackjack rule (noting that either Cy or C; can be an ace)

while (b) and (c) handle doubling (when there is no blackjack). For example, if
we assume that cards are drawn with replacement, then

P(Yq=21)~0.12

and
Pr(G =3/2)=2X (1 = Pr(Yg=21)) X 15 15 ~0.042,
since there are thirteen card types to drawn from, one of which is an ace and
four of which have value 10.
Computing the probabilities for other outcomes requires specifying the

player’s policy in full (when do they hit?). Were we to do this, we could
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then estimate these probabilities from simulation or, more tediously, calculate
them by hand. A

Example 2.8. Consider a simple solitaire game that involves repeatedly throw-
ing a single six-sided die. If a 1 is rolled, the game ends immediately. Otherwise,
the player receives a point and continues to play. Consider the undiscounted

return
ZR,—1+1+ +1,

Ttimes
where T is the time at which the terminating 1 is rolled. This is an integer-valued
return ranging from O to co. It has the geometric distribution

ZR, )=13). keN

corresponding to the probability of seeing k successes before the first failure
(rolling a 1). Choosing a discount factor less than 1 (perhaps modeling the
player’s increasing boredom) changes the support of this distribution but not the
associated probabilities. The partial sums of the geometric series correspond to
k 7[ _ 1- ,yk+l
=0 I-y
and it follows that for k > 0,

Zm )= A

When a closed-form solution is tedious or difficult to obtain, we can some-
times still estimate the return distribution from simulations. This is illustrated
in the next example.

Example 2.9. The Cliffs of Moher, located in County Clare, Ireland, are famous
for both their stunning views and the strong winds blowing from the Atlantic
Ocean. Inspired by the scenic walk from the nearby village of Doolin to the
Cliffs’ tourist center, we consider an abstract cliff environment (Figure 2.2)
based on a classic domain from the reinforcement learning literature (Sutton
and Barto 2018).°

The walk begins in the cell “S” (Doolin village) and ends with a positive
reward (+1) when the “G” cell (tourist center) is reached. Four actions are
available, corresponding to each of the cardinal directions — however, at each
step, there is a probability p =0.25 that the strong winds take the agent in an

9. There are a few differences, which we invite the reader to discover.
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Figure 2.2

Left: The Cliffs environment, along with the path preferred by the quick and safe
policies. Right: The return distribution for these policies, estimated by sampling 100,000
trajectories from the environment. The figure reports the distribution as a probability
density function computed using kernel density estimation (with bandwidth 0.02).

unintended (random) direction. For simplicity, the edges of the grid act as walls.
We model falling off the cliff using a negative reward of —1, at which point
the episode also terminates. Reaching the tourist center yields a reward of +1
and also ends the episode. The reward is zero elsewhere. A discount factor of
v =0.99 incentivizes the agent to not dally too much along the way.

Figure 2.2 depicts the return distribution for two policies: a quick policy that
walks along the cliff’s edge and a safe policy that walks two cells away from
the edge.'® The corresponding returns are bimodal, reflecting the two possible
classes of outcomes. The return distribution of the faster policy, in particular,
is sharply peaked around —1 and 1: the goal may be reached quickly, but the

agent is more likely to fall. A

The next two examples show how even simple dynamics that one might
reasonably encounter in real scenarios can result in return distributions that are
markedly different from the reward distributions.

Example 2.10. Consider a single-state, single-action Markov decision process,
so that X = {x} and A = {a}. The initial distribution is & = ¢, and the transition
kernel is Px(x | x,a) = 1. The reward has a Bernoulli distribution, with

Pr(0] x,a)=Pr(l | x,a)=1/2.
Suppose we take the discount factor to be y = 1/2. The return is
G=Ro+ 3R + Ry +--- . (2.4)
10. More precisely, the safe policy always attempts to move up when it is possible to do so, unless

it is in one of the rightmost cells. The quick policy simply moves right until one of these cells is
reached; afterward, it goes down toward the “G” cell.
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Left: Illustration of Example 2.10, showing cumulative distribution functions (CDFs)

t
for the truncated return Go.7 = Z,T:o (%) R, as T increases. The number of steps in this
function doubles with each increment of 7', reaching the uniform distribution in the limit
as T — oo. Right: The same illustration, now for Example 2.11.

We will show that G has a uniform probability distribution over the interval
[0,2]. Observe that the right-hand side of Equation 2.4 is equivalent to the

binary number
Ro.RIR>... (2.5)

Since R, € {0, 1} for all ¢, this implies that the support of G is the set of numbers
that have a (possibly infinite) binary expansion as in Equation 2.5. The smallest
such number is clearly 0, while the largest number is 2 (the infinite sequence of
1s). Now

Pr(Ge[0,1)=Pr(Ro=0) Pr(Ge[l,2])=Px(Ro=1),

so that it is equally likely that G falls either in the interval [0, 1] or [1,2].'! If
we now subdivide the lower interval, we find that

P,(Ge€[0.5,1)=P(G<[0,1DP(G>0.5|G€[0,1])
=Pr(Ro=0)Px(R =1|Ro=0)
=Pr(Ro=0)P(R, =1),

and analogously for the intervals [0, 0.5], [1, 1.5], and [1.5, 2]. We can repeat this
subdivision recursively to find that any dyadic interval [a, b] whose endpoints
belong to the set

y:{Z(%)jaj:neN,aje{O,l}forOSan}
=0

11. The probability that G =1 is zero.
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has probability l%a: that is,
b—

Po(G €[a, b]) = ~—2 fora,be Y, a<b. (2.6)

Because the uniform distribution over the interval [0, 2] satisfies Equation
2.6, we conclude that G is distributed uniformly on [0, 2]. A formal argument
requires us to demonstrate that Equation 2.6 uniquely determines the cumulative
distribution function of G (Exercise 2.6); this argument is illustrated (informally)
in Figure 2.3. A

Example 2.11 (*). If we substitute the reward distribution of the previous
example by
Pr(O| x,a)=Pr(*/3| x,a)=1/2

and take y =1/3, the return distribution becomes the Cantor distribution (see
Exercise 2.7). The Cantor distribution has no atoms (values with probability
greater than zero) or a probability density. Its cumulative distribution function is
the Cantor function (see Figure 2.3), famous for violating many of our intuitions
about mathematical analysis. A

2.5 The Bellman Equation

The cliff-walking scenario (Example 2.9) shows how different policies can lead
to qualitatively different return distributions: one where a positive reward for
reaching the goal is likely and one where high rewards are likely, but where
there is also a substantial chance of a low reward (due to a fall). Which should be
preferred? In reinforcement learning, the canonical way to answer this question
is to reduce return distributions to scalar values, which can be directly compared.
More precisely, we measure the quality of a policy by the expected value of its
random return,'? or simply expected return:

By g YRl 2.7

Being able to determine the expected return of a given policy is thus central
to most reinforcement learning algorithms. A straightforward approach is to
enumerate all possible realizations of the random trajectory (X;, R;, A;)r>0 up to
length 7' € N. By weighting them according to their probability, we obtain the

approximation
T-1
Eq| Z YR/ 2.8)
=0

12. Our assumption that the rewards have finite first moment (Assumption 2.5) guarantees that the
expectation in Expression 2.7 is finite.

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



26 Chapter 2

However, even for reasonably small 7, this is problematic, because the num-
ber of partial trajectories of length T € N may grow exponentially with 7.'3
Even for problems as small as cliff-walking, enumeration quickly becomes
impractical. The solution lies in the Bellman equation, which provides a concise
characterization of the expected return under a given policy.
To begin, consider the expected return for a policy x from an initial state x.
This is called the value of x, written
Vi =B D VR,

> YR Xo- x] . 2.9)

The value function V™ describes the value at all states. As the name implies, it
is formally a mapping from a state to its expected return under policy . The
value function lets us answer counterfactual questions (“how well would the
agent do from this state?””) and also allows us to determine the expected return
in Equation 2.7, since (by the generative equations)

B [V¥(X0)| =Ed| D ¥'Ri].
t=0

By linearity of expectations, the expected return can be decomposed into an
immediate reward Ry (which depends on the initial state X;) and the sum of
future rewards:

£ Y yR] =5 [kt SR |.
=0 =1

N——
future rewards

The Bellman equation expresses this relationship in terms of the value of
different states; we give its proof in the next section.

Proposition 2.12 (The Bellman equation). Let V™ be the value function
of policy 7. Then for any state x € X, it holds that

V™ (x) =By [Ro + ¥V (X1) | Xo = x]. (2.10)

A

The Bellman equation transforms an infinite sum (Equation 2.7) into a recur-
sive relationship between the value of a state x, its expected reward, and the
value of its successor states. This makes it possible to devise efficient algorithms
for determining the value function V”, as we shall see later.

13. If rewards are drawn from a continuous distribution, there is in fact an infinite number of
possible sequences of length 7.
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(a) An example Markov decision process with three states x,y,z and a terminal state
denoted by a double circle. Action a gives a reward of O or 1 depending on the state,
while action b gives a reward of O in state y and 2 in state z. In state x, action b
gives a random reward of either 0 or 2 with equal probability. Arrows indicate the
(deterministic) transition kernel from each state. (b) An illustration of the Markov
property: the subsequences rooted in state X; = z have the same probability distribution;
and the time-homogeneity property: the subsequence rooted at X, = x has the same
probability distribution as the full sequence beginning in X = x.

An alternative to the value function is the state-action value function Q. The
state-action value function describes the expected return when the action Ay is
fixed to a particular choice a:

Q”(x,a)=En[Ztht | Xo=x,Ap=a
=0

Throughout this book, we will see a few situations for which this form is
preferred, either because it simplifies the exposition or makes certain algorithms
possible. Unless otherwise noted, the results we will present hold for both value
functions and state-action value functions.

2.6 Properties of the Random Trajectory

The Bellman equation is made possible by two fundamental properties of the
Markov decision process, time-homogeneity and the Markov property. More
precisely, these are properties of the random trajectory (X;, R;, A¢)r>0, Whose
probability distribution is described by the generative equations of Section 2.3.

To understand the distribution of the random trajectory (X;, A;, R;)s»0, it is
helpful to depict its possible outcomes as an infinite tree (Figure 2.4). The root
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of the tree is the initial state X, and each level consists of a state-action-reward
triple, drawn according to the generative equations. Each branch of the tree
then corresponds to a realization of the trajectory. Most of the quantities that
we are interested in can be extracted by “slicing” this tree in particular ways.
For example, the random return corresponds to the sum of the rewards along
each branch, discounted according to their level.

In order to relate the probability distributions of different parts of the ran-
dom trajectory, let us introduce the notation D(Z) to denote the probability
distribution of a random variable Z. When Z is real-valued we have, for S CR,

DZ)S)=P(ZeS).

One advantage of the D(-) notation is that it often avoids unnecessarily introduc-
ing (and formally characterizing) such a subset S and is more easily extended
to other kinds of random variables. Importantly, we write D, to refer to the
distribution of random variables derived from the joint distribution P,.'# For
example, D, (R + R;) and D,(X;) are the probability distribution of the sum
Ro + R and of the third state in the random trajectory, respectively.

The Markov property states that the trajectory from a given state x is inde-
pendent of the states, actions, and rewards that were encountered prior to x.
Graphically, this means that for a given level of the tree k, the identity of the
state X; suffices to determine the probability distribution of the subtree rooted
at that state.

Lemma 2.13 (Markov property). The trajectory (X;, A;, R;):>o has the Markov
property. That is, for any k € N, we have

@n((x,, AR, | Ko A RS = ()0 X = x) - @n((x,, AR, | X = x)

whenever the conditional distribution of the left-hand side is defined. A

As a concrete example, Figure 2.4 shows that there are two realizations of
the trajectory for which X; =z. By the Markov property, the expected return
from this point on is independent of whether the immediately preceding reward
(Rp) was 0 or 2.

One consequence of the Markov property is that the expectation of the
discounted return from time k is independent of the trajectory prior to time k,
given Xj:

e D" ¥R\ (X A RYY = iy 1) X = x| =B D ¥R 1 X = x]
t=k t=k

14. Because the random trajectory is infinite, the technical definition of D, requires some care and
is given in Remark 2.4.
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Time-homogeneity states that the distribution of the trajectory from a state x
does not depend on the time k at which this state is visited. Graphically, this
means that for a given state x, the probability distribution of the subtree rooted
in that state is the same irrespective of the level k at which it occurs.

Lemma 2.14 (Time-homogeneity). The trajectory (X;, A;, R;)>0 1S time-
homogeneous, in the sense that for all ke N,

Do (X0 A RO 1 X = ) = D (X A R ) @.11)
whenever the conditional distribution on the left-hand side is defined. A

While the left-hand side of Equation 2.11 is a proper conditional distribution,
the right-hand side is derived from P,( - | Xy, = x) and by convention is not a
conditional distribution. With this is mind, this is why we write D;_, rather
than the shorthand D, (- | Xy = x).

Lemmas 2.13 and 2.14 follow as consequences of the definition of the trajec-
tory distribution. A formal proof requires some measure-theoretic treatment;
we provide a discussion of some of the considerations in Remark 2.4.

Proof of Proposition 2.12 (the Bellman equation). The result follows straight-
forwardly from Lemmas 2.13 and 2.14. We have

V() = Ex | Z YR | Xo=x]

YR [R0|Xo— ]+7]E [Z?’t 'Ri 1 Xo= ]
=1

YR, [Ro | Xo = X] +7E7r[]E7r[i Y'R/| Xo= X,Ao,Xl] | Xo = X]
=1

B [Ro | Xo=x +7E[ Zv’ le|X1]|Xo—]

2K [Ro |Xo—x]+7E [VR(XI) | Xo= ]

=E; [Ro +yV"(X1) | Xo=x],

where (a) is due to the linearity of expectations, (b) follows by the law of
total expectation, (c) follows by the Markov property, and (d) is due to time-
homogeneity and the definition of V”. U

The Bellman equation states that the expected value of a state can be
expressed in terms of the immediate action A, reward Ry, and the succes-
sor state X, omitting the rest of the trajectory. It is therefore convenient to
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define a generative model that only considers these three random variables along
with the initial state X;. Let £ € &2(X) be a distribution over states. The sam-
ple transition model assigns a probability distribution to the tuple (X, A, R, X”)
taking values in X X A X R x X according to

X~&;

AlX~n(-1X);

RI(X,A)~Pr(-| X,A);

X' |(X,A,R)~ Px(- | X,A). (2.12)

We also write [P, for the joint distribution of these random variables. We will
often find it useful to consider a single source state x, such that as before
&=0,. We write (X = x, A, R, X") for the resulting random tuple, with probability
distribution and expectation

Po(-|X=x) and E,[-|X=2x].

The sample transition model allows us to omit time indices in the Bellman
equation, which simplifies to

VX)) =E; [R+yV"X) | X=x].

In the sample transition model, we call ¢ the state distribution. It is generally
different from the initial state distribution &y, which describes a property of the
environment. In Chapters 3 and 6, we will use the state distribution to model
part of a learning algorithm’s behavior.

2.7 The Random-Variable Bellman Equation

The Bellman equation characterizes the expected value of the random return
from any state x compactly, allowing us to reduce the generative equations
(an infinite sequence) to the sample transition model. In fact, we can leverage
time-homogeneity and the Markov property to characterize all aspects of the
random return in this manner. Consider again the definition of this return as a
discounted sum of random rewards:

G= i Y'R;.
=0

As with value functions, we would like to relate the return from the initial state
to the random returns that occur downstream in the trajectory. To this end, let
us define the return function

G'@)=) YR Xo=nx. (2.13)
=0
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which describes the return obtained when acting according to 7 starting from a
given state x. Note that in this definition, the notation X, = x again modifies the
initial state distribution &y. Equation 2.13 is thus understood as “the discounted
sum of random rewards described by the generative equations with & =9,.”
Formally, G™ is a collection of random variables indexed by an initial state x,
each generated by a random trajectory (X;, A;, R;);>o under the distribution P.(- |
Xo = x). Because Equation 2.13 is concerned with random variables, we will
sometimes find it convenient to be more precise and call it the return-variable
function.”

The infinite tree of Figure 2.4 illustrates the abstract process by which
one might generate realizations from the random variable G"(x). We begin
at the root, whose value is fixed to Xy = x. Each level is drawn by sampling,
in succession, the action A;, the reward R;, and finally the successor state
X:+1, according to the generative equations. The return G™(x) accumulates the
discounted rewards (y'R;);»o along the way.

The nature of random variables poses a challenge to converting this generative
process into a recursive formulation like the Bellman equation. It is tempting to
try and formulate a distributional version of the Bellman equation by defining a
collection of random variables G™ according to the relationship

G"(x)=R+yG"(X'), X=x (2.14)

for each x € X, in direct analogy with the Bellman equation for expected returns.
However, these random variables G do not have the same distribution as the
random returns G”. The following example illustrates this point.

Example 2.15. Consider the single-state Markov decision process of Example
2.10, for which the reward R has a Bernoulli distribution with parameter !/2.
Equation 2.14 becomes

G (x)=R+vyG"(x), X=x,

which can be rearranged to give
~ - 1
G"(x)= 'R=—R.
(W= YR=1_,

Since R is either O or 1, we deduce that

0 with probability 1/2

G0 = { % with probability 1/2.

15. One might wonder about the joint distribution of the random returns (G (x) : x € X). In this
book, we will (perhaps surprisingly) not need to specify this joint distribution; however, it is valid
to conceptualize these random variables as independent for concreteness.

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



32 Chapter 2

This is different from the uniform distribution identified in Example 2.10, in the
case y=1/2. A

The issue more generally with Equation 2.14 is that it effectively reuses the
reward R and successor state X’ across multiple visits to the initial state X = x,
which in general is not what we intend and violates the structure of the MDP in
question.'® Put another way, Equation 2.14 fails because it does not correctly
handle the joint distribution of the sequence of rewards (R;);>o and states (X;)>0
encountered along a trajectory. This phenomenon is one difference between
distributional and classical reinforcement learning; in the latter case, the issue
is avoided thanks to the linearity of expectations.

The solution is to appeal to the notion of equality in distribution. We say that
two random variables Z;, Z, are equal in distribution, denoted

7,27,,
if their probability distributions are equal. This is effectively shorthand for
D(Z1)=D(Z,).

Equality in distribution can be thought of as breaking up the dependency of
the two random variables on their sample spaces to compare them solely on
the basis of their probability distributions. This avoids the problem posed by
directly equating random variables.

7

Proposition 2.16 (The random-variable Bellman equation). Let G™
be the return-variable function of policy n. For a sample transition
(X=x,A, R, X’) independent of G”, it holds that for any state x € X,

G"(x)2R+yG™(X'), X=x. (2.15)

A

From a generative perspective, the random-variable Bellman equation states
that we can draw a sample return by sampling an immediate reward R and
successor state X’ and then recursively generating a sample return from X’.

Proof of Proposition 2.16. Fix xe€ X and let & =0d,. Consider the (partial)
random return

Gk:oo = Z thkR,, k € N .
t=k

16. Computer scientists may find it useful to view Equation 2.14 as simulating draws from R and
X’ with a pseudo-random number generator that is reinitialized to the same state after each use.
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In particular, G"(x) 2 Go.o under the distribution P,( - | Xo = x). Following an
analogous chain of reasoning as in the proof of Proposition 2.12, we decompose
the return Gy.., into the immediate reward and the rewards obtained later in the
trajectory:

Go:o =Ro+YG 10 -
We can decompose this further based on the state occupied at time 1:

Gow =Ro+y ). 1{Xi =¥)G. .
x'eX

Now, by the Markov property, on the event that X; = x’, the return obtained from
that point on is independent of the reward Ry. Further, by the time-homogeneity
property, on the same event, the return G1.. is equal in distribution to the return
obtained when the episode begins at state x’. Thus, we have

’ D ’ ’

Ro+y ) 1{Xi =x)Grw ZRo+y )| (X1 =X)G"(¥) =Ry +yG"(X1),
x'eX x'eX
and hence
G"(x) 2Ry +yG" (X)), Xp=x.

The result follows by equality of distribution between (X, Ag, Ro, X1) with the

sample transition model (X = x, A, R, X”) when X = x. O

Note that Proposition 2.16 implies the standard Bellman equation, in the
sense that the latter is obtained by taking expectations on both sides of the
distributional equation:

G"(x)2R+yG" (X)), X=x
= D(G"(x)) = D(R+yG"(X') | X = x)
= EA[G"(0)] =E; [R+yG"(X') | X = x]
= V') =E,; [R+yV"(X") | X =x]

where we made use of the linearity of expectations as well as the independence
of X’ from the random variables (G"(x) : x€ X).

2.8 From Random Variables to Probability Distributions

Random variables provide an intuitive language with which to express how
rewards are combined to form the random return. However, a proper random-
variable Bellman equation requires the notion of equality in distribution to
avoid incorrectly reusing realizations of the random reward R and next-state X’.
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As a consequence, Equation 2.15 is somewhat incomplete: it characterizes the
distribution of the random return from x, G™(x), but not the random variable
itself.

A natural alternative is to do away with the return-variable function G™ and
directly relate the distribution of the random return at different states. The result
is what we may properly call the distributional Bellman equation. Working
with probability distributions requires mathematical notation that is somewhat
unintuitive compared to the simple addition and multiplication of random
variables but is free of technical snags. With precision in mind, this is why we
call Equation 2.15 the random-variable Bellman equation.

For a real-valued random variable Z with probability distribution v € Z(R),
recall the notation

v(§)=P(ZeS), ScR.

This allows us to consider the probability assigned to S by v more directly,
without referring to Z. For each state x € X, let us denote the distribution of the
random variable G"(x) by 77" (x). Using this notation, we have

7)) =PG"(neS), ScR.

We call the collection of these per-state distributions the return-distribution
function. Each 17" (x) is a member of the space Z(R) of probability distributions
over the reals. Accordingly, the space of return-distribution functions is denoted
PR)N.

To understand how the random-variable Bellman equation translates to the
language of probability distributions, consider that the right-hand side of Equa-
tion 2.15 involves three operations on random variables: indexing into G”,
scaling, and addition. We use analogous operations over the space of probability
distributions to construct the Bellman equation for return-distribution functions;
these distributional operations are depicted in Figure 2.5.

Mixing. Consider the return-variable and return-distribution functions G*
and 7", respectively, as well as a source state x € X. In the random-variable
equation, the term G™(X”) describes the random return received at the successor
state X', when X = x and A is drawn from (- | X) — hence the idea of indexing
the collection G* with the random variable X”.

Generatively, this describes the process of first sampling a state x” from the
distribution of X’ and then sampling a realized return from G”(x"). If we denote
the result by G"(X’), we see that for a subset S CR, we have

P.(G"(X")eS | X=x)= Z P,(X' =x" | X=0)P(G"(X)eS | X' =x",X=X)
xeX
= Z Po(X' =X | X =0)Py(G"(x)€S)
xeX
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0 Return Return Return Return

Figure 2.5

Illustration of the effects of the transformations of the random return in distributional
terms, for a given source state. The discount factor is applied to the individual realizations
of the return distribution, resulting in a scaling (a) of the support of this distribution.
The arrows illustrate that this scaling results in a “narrower” probability distribution.
The reward r translates (b) the return distribution. We write these two operations as a
pushforward distribution constructed from the bootstrap function b,.,,. Finally, the return
distributions of successor states are combined to form a mixture distribution (c) whose
mixture weights are the transition probabilities to these successor states. The combined
transformations are given in (d), which depicts the return distribution at the source state
(dark outline).

=( Z Pr(X' =X | X = ) (x))(S). (2.16)
x'eX
This shows that the probability distribution of G"(X") is a weighted combination,
or mixture of probability distributions from 77". More compactly, we have
DA(G™(X) | X=x)= ) Pr(X =X | X = 0)7" ()
x'eX
=K, [7"X)| X=x].

Consequently, the distributional analogue of indexing into the collection G* of
random returns is the mixing of their probability distributions.

Although we prefer working directly with probability distributions, the
indexing step also has a simple expression in terms of cumulative distribu-
tion functions. In Equation 2.16, taking the set S to be the half-open interval
(=00, 7], we obtain

PH(G"(X) <z X=x) =Pr(G"(X) € (-0, 2] | X =x)
= Z Pu(X =x | X=0)P(G"(X)<7).
x'eX
Thus, the mixture of next-state return distributions can be described by the
mixture of their cumulative distribution functions:

Ferxn(2) = Z Pr(X' =X | X = X)Fgr(x(2) .
x'eX

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



36 Chapter 2

Scaling and translation. Suppose we are given the distribution of the next-
state return G™(X”). What is then the distribution of R +yG”™(X")? To answer this
question, we must express how multiplying by the discount factor and adding a
fixed reward r transforms the distribution of G"(X").

This is an instance of a more general question: given a random variable
Z ~v and a transformation f: R — R, how should we express the distribution
of f(Z) in terms of f and v? Our approach is to use the notion of a pushforward
distribution. The pushforward distribution fv is defined as the distribution of
f(Z):

Jev=D(f(2)).
One can think of it as applying the function f to the individual realizations of this
distribution — “pushing” the mass of the distribution around. The pushforward
notation allows us to reason about the effects of these transformations on
distributions themselves, without having to involve random variables.

Now, for two scalars r € R and y € [0, 1), let us define the bootstrap function

b,y iz r+yz.

The pushforward operation applied with the bootstrap function scales each
realization by y and then adds r to it. That is,

(byy)sv=D(r +vZ). 2.17)

Expressed in terms of cumulative distribution functions, this is
z—-r
Fr+7Z(Z) = FZ(T) .

We use the pushforward operation and the bootstrap function to describe
the transformation of the next-state return distribution by the reward and the
discount factor. If x’ is a state with return distribution 7" (x"), then

(bry)sn" (x') = D(r + yG™(x")).

We finally combine the pushforward and mixing operations to produce a
probability distribution

(Ory)y Bx [17(X) | X = x] =B [0, )" X) | X =], (2.18)

by linearity of the pushforward (see Exercises 2.11-2.13).

Equation 2.18 gives the distribution of the random return for a specific
realization of the random reward R. By taking the expectation over R and X’,
we obtain the distributional Bellman equation.
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Proposition 2.17 (The distributional Bellman equation). Let 77" be the
return-distribution function of policy 7. For any state x € X, we have

17" (x) = Ex[(bry s (X)) | X = x]. (2.19)
A

Figure 2.6 illustrates the recursive relationship between return distributions
described by the distributional Bellman equation.

Example 2.18. In Example 2.10, it was determined that the random return at
state x is uniformly distributed on the interval [0, 2]. Recall that there are two
possible rewards (0 and 1) with equal probability, x transitions back to itself,
and y =1/2. As X’ = x, when r =0, we have

B [0 )" (X') | X = x| = (b " (1)
=D(yG"(x))
=U([0,2y])
=U(0,1]).

Similarly, when r =1, we have
(b1y)a7" (x) = D(1 +yG™ (x))
=U(1,2]).

Consequently,

1 1
D(R+yG"(X) | X=x)= E(bo,y)#n"(x) + E(bl,y)#nn(x)
1 1
= E(H([O’ 1) + E(H([]’ 2])
=U([0,2])
=n"(x).

This illustrates how the pushforward operation can be used to express, in
distributional terms, the transformations at the heart of the random-variable
Bellman equation. A

Proposition 2.17 can also be stated in terms of cumulative distribution func-
tions. Halfway between Equation 2.19 and the random-variable equation, what
one might call the cumulative distribution function Bellman equation is

F6r(0(2) = Ep [Freyorxn(2) | X = x]
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= ]E,r [F(yr(xx)(%) | X= X] .

The first form highlights the relationship between the random-variable equation
and the distributional equation, whereas the second form more directly expresses
the relationship between the different cumulative distribution functions; the
odd indexing reflects the process of transferring probability mass “backward,”
from G™(X’) to G"(x). Although the cumulative distribution function Bellman
equation is at first glance simpler than Equation 2.19, in later chapters, we
will see that working with probability distributions is usually more natural and
direct.

Proof of Proposition 2.17. Let S CR and fix xeX. By the law of total
expectation, we may write

P,(R+yG"(X')eS | X =x)
= Z n(a| x) Z Px(xX' | x,a)Pr(R+yG"(X)eS | X=x,A=a,X" =x)

aeA x'eX
@ Z n(a| x) Z Px(x' | x,a) x
acA x'eX

Eg [Po(R+yG"(x)€S | X=x,A=a,R) | X=x,A=d|

=Y mal®) ) Px(x' | @) Er [((bry)en"())(S) | X =x,A=a]

acA x'eX
=Er | (bry )" (X))(S) | X =x]

=Er [(bry)sy"(X') | X = x|(S) .

The notation Ey in (a) denotes the expectation with respect to R ~ Pg(: | x, a);
the independence of R and X’ given A allows us to remove the conditional
X’ =x’ from the inner probability term. Now, by Proposition 2.16, we know that

G"(x)2R+yG"(X'), X=x.

By definition, 7" (x) is the distribution of G"(x) and hence the distribution of
R +yG™(X’) when X = x. But the derivation above shows that that distribution
is

Ey [(bry)sn"(X') | X =x],

which completes the proof. O

Equation 2.19 directly relates the return distributions at different states and
does away with the return-variable function G*. This makes it particularly useful
when mathematical rigor is required, such as to prove the more formal results

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



The Distribution of Returns 39

A

(aly)

T
Reward

hd

~
)4

Reward + Return
7(b|y)

Reward
o ’ ‘ A ’
A
Reward + Return
Return

™o |z

Return

I A

Reward /

Reward

Figure 2.6

The distributional Bellman equation states that the return distribution at one state (far
left) is formed by scaling the return distributions at successor states, shifting them by the
realized rewards, and mixing over possible realizations.

in later chapters. The random variables X, R, and X’ remain, however, inside
the expectation on the right-hand side. Their role is to concisely express the
three operations of mixing, scaling, and translation. It is also possible to omit
these random variables and write Equation 2.19 purely in terms of probability
distributions, by making the expectation explicit:

7= walx) ) Px(x' | x,a0) f Pr(dr | x,a)(bry)sn"(X'),  (2.20)
aeA xeX R
as was partially done in the proof above. We will revisit this form of the
distributional Bellman equation in Chapter 5 when we consider algorithms for
approximating the return distribution. In general, however, Equation 2.19 is
more compact and applies equally well to discrete and continuous distributions.
Observe that the random action A is implicit in the random-variable and
distributional Bellman equations but explicit in Equation 2.20. This is because
A is needed to determine the probability distributions of R and X’, which are
only independent conditional on the action. This is a useful reminder that we
need to treat the addition of R to yG”(X’) with care — these are not in general
independent random variables, and their addition does not generally correspond
to a simple convolution of distributions. We will consider this issue in more
detail in Chapter 4.
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2.9 Alternative Notions of the Return Distribution*

In reinforcement learning, the discount factor y is typically presented as a scalar
multiplier that shrinks the magnitude of future rewards. This is the interpretation
we have used to present the return in this chapter. However, the discount factor
can be given a different interpretation as a probability of continuing. Under this
alternate interpretation, the rewards received by the agent are undiscounted, and
instead there is a probability 1 —v that the sequence terminates at each time
step.

Under this model, the agent’s interactions with its environment end after a
random fermination time T, which is geometrically distributed with parameter
v, independently of all other random variables in the sequence. Specifically,
we have P,(T =1) =v'(1 —y) for all > 0. In this case, the agent’s return is now
given by

T
Z R,.
=0

We call this the random-horizon return.
Straightforward calculation allows us to show that the expected value of the
return is unchanged (see Exercise 2.14):

T =
Ee| D Ri|=Ex| D YRi|.
=0 =0

Because of this equivalence, from an expected-return perspective, it does not
matter whether v is interpreted as a scaling factor or probability. By contrast,
this change in interpretation of y has a significant impact on the structure of
the return distribution. For example, the random variable ZIT:(, R; is unbounded
even when the rewards are bounded, unlike the discounted return.

Just as there exists a distributional Bellman equation for the discounted return,
there is also a recursive characterization of the return distribution for this variant
of the return. By introducing an auxiliary random variable / = 17 (), we can
write down a distributional Bellman equation for this alternative interpretation
of the return. Expressing this relationship in terms of random variables, we have

G0 ER+IGT (X)), X=x.
In terms of distributions themselves, we have
") = (1 =y)Dz(R | X = x) + yEr [(br)an"(X') | X = x],

where D,(R | X =x) denotes the distribution of the reward R at x under .
Notice that y in the equation above, which previously scaled the support of the
distribution, now mixes two probability distributions. These results are proven
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in the course of Exercise 2.15 along with similar results for a more general class
of return definitions. The fact that there exists a distributional Bellman equation
for these variants of the return means that much of the theory of distributional
reinforcement learning still applies. We encourage the reader to consider how
the algorithms and analysis presented in later chapters may be modified to
accommodate alternative notions of the return.

We see that there are multiple ways in which we can define distributional
Bellman equations while preserving the relationship between expectations.
Another approach, commonly known as n-step bootstrapping in reinforcement
learning, relates the return distribution at state x with the return distribution n
steps into the future. Exercise 2.16 describes another alternative based on first
return times.

2.10 Technical Remarks

Remark 2.1. Our account of random variables in this chapter has not required
a measure-theoretic formalism, and in general this will be the case for the
remainder of the book. For readers with a background in measure theory, the
existence of the joint distribution of the random variables (X;, A;, R;);>o in the
Markov decision process model described in this chapter can be deduced from
constructing a consistent sequence of distributions for the random variables
(X, A, Rt)fi o for each horizon H € N using the conditional distributions given in
the definition and then appealing to the Ionescu Tulcea theorem (Tulcea 1949).
See Lattimore and Szepesvari (2020) for further discussion in the context of
Markov decision processes.

We also remark that a more formal definition of probability measures restricts
the subsets of outcomes under consideration to be measurable with an under-
lying o-algebra. Here, and elsewhere in the book, we will generally avoid
repeated mention of the qualifier “measurable” in cases such as these. The issue
can be safely ignored by readers without a background in measure theory. For
readers with such a background, measurability is always implicitly with respect
to the power set o-algebra on finite sets, the Borel o-algebra on the reals, and
the corresponding product o-algebra on products of such spaces. A

Remark 2.2. The existence of the random return },°, ¥'R; is often taken for
granted in reinforcement learning. In part, this is because assuming that rewards
are deterministic or have distributions with bounded support makes its existence
straightforward; see Exercise 2.17.

The situation is more complicated when the support of the reward distribu-
tions is unbounded, as there might be realizations of the random trajectory for
which the sequence (Go.r)r>0 does not converge. If, for example, the rewards
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are normally distributed, then it is possible that Ry = 1,R; ==y, Ry =y 2, R3 =
—7‘3 ,...,1n which case Gg.r oscillates between 0 and 1 indefinitely. When the
truncated returns do not converge, it is not meaningful to talk about the return
obtained in this realization of the trajectory.

Under the assumption that all reward distributions have finite mean, we can
demonstrate convergence of the truncated return with probability 1:

T
]P’( lim Z V'R, exists) =1, 2.21)

and hence guarantee that we can meaningfully study the distributional properties
of the random return. Intuitively, problematic sequences of rewards such as the
sequence given above require reward samples that are increasingly “unlikely”.
Equation 2.21 is established by appealing to the martingale convergence
theorem, and the details of this derivation are explored in Exercise 2.19. A

Remark 2.3. The assumption of finite state and action spaces makes several
technical aspects of the presentation in this book more straightforward. As a
simple example, consider a Markov decision process with countably infinite
state space given by the nonnegative integers N, for which state x deterministi-
cally transitions to state x + 1. Suppose in addition that the trajectory begins in
state 0. If the reward at state x is (—y)~¥, then the truncated return up to time T

is given by
T-1 T-1 T-1
DYR=Y Y ET=Y =D
t=0 =0 =0

In the spirit of Remark 2.2, when T is odd, this sum is 1, while for T even, it
is 0. Hence, the limit } >, 'R, does not exist, despite the fact that all reward
distributions have finite mean.

Dealing with continuous state spaces requires more technical sophistication
still. Constructing the random variables describing the trajectory requires taking
into account the topology of the state space in question, and careful consider-
ation of technical conditions on policies (such as measurability) is necessary
too. For details on how these issues may be addressed, see Puterman (2014)
and Meyn and Tweedie (2012). A

Remark 2.4 (Proof of time-homogeneity and the Markov property). The gener-
ative equations defining the distribution of the random trajectory (X;, A;, R;)s>0
immediately give statements such as

Pr(Xir1 = X" | Xok> Aok Roses Xi) = Pr(Xir1 =2 | X)
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which shows that the next state in the trajectory enjoys the Markov property.
Lemmas 2.13 and 2.14 state something stronger: that the entire future trajectory
has this property. To prove these lemmas from the generative equations, the strat-
egy is to note that the distribution of (X;, A;, R);2, conditional on (X;, A;, Rf)];:_()l
and X; is determined by its finite-dimensional marginal distributions: that is,
conditional probabilities of the form

Puo(X,, = xi, Ay =a;, R, €S, fori=1,...,n| (X, A, R)), Xp)

for all n e N* and sequences k< t; <---<t, of time steps (see, e.g., Billingsley
2012, Section 36). Thus, if these conditional probabilities are equal to the
corresponding quantities

P.(X;, =xi,A,=a;,R,e€S;fori=1,...,n|Xy),

then the distributions are equal. Finally, the equality of these finite-dimensional
marginals can be shown by induction from the generative equations. A

2.11 Bibliographical Remarks

An introduction to random variables and probability distributions may be found
in any undergraduate textbook on the subject. For a more technical presentation,
see Williams (1991) and Billingsley (2012).

2.2. Markov decision processes are generally attributed to Bellman (1957b). A
deeper treatment than we give here can be found in most introductory textbooks,
including those by Bertsekas and Tsitsiklis (1996), Szepesvari (2010), and
Puterman (2014). Our notation is most aligned with that of Sutton and Barto
(2018). Interestingly, while it is by now standard to use reward as an indicator
of success, Bellman’s own treatment does not make it an integral part of the
formalism.

2.3. The formulation of a trajectory as a sequence of random variables is central
to control as inference (Toussaint 2009; Levine 2018), which uses tools from
probabilistic reasoning to derive optimal policies. Howard (1960) used the
analogy of a frog hopping around a lily pond to convey the dynamics of a
Markov decision process; we find our own analogy more vivid. The special
consideration owed to infinite sequences is studied at length by Hutter (2005).
2.4. The work of Veness et al. (2015) makes the return (as a random variable)
the central object of interest and is the starting point of our own investigations
into distributional reinforcement learning. Issues regarding the existence of
the random return and a proper probabilistic formulation can be found in that
paper. An early formulation of the return-variable function can be found in
Jaquette (1973), who used it to study alternative optimality criteria. Chapman
and Kaelbling (1991) consider the related problem of predicting the discounted
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cumulative probability of observing a particular level of reward in order to
mitigate partial observability in a simple video game. The blackjack and cliff-
walking examples are adapted from Sutton and Barto (2018) and, in the latter
case, inspired by one of the authors’ trip to Ireland. In both cases, we put
a special emphasis on the probability distribution of the random return. The
uniform distribution example is taken from Bellemare et al. (2017a); such
discounted sums of Bernoulli random variables also have a long history in
probability theory (Jessen and Wintner 1935; see Solomyak 1995; Diaconis and
Freedman 1999; Peres et al. 2000 and references therein).

2.5-2.6. The Bellman equation is standard to most textbooks on the topic. A
particularly thorough treatment can be found in the work of Puterman (2014)
and Bertsekas (2012). The former also provides a good discussion on the
implications of the Markov property and time-homogeneity.

2.7-2.8. Bellman equations relating quantities other than expected returns were
originally introduced in the context of risk-sensitive control, at varying levels
of generality. The formulation of the distributional Bellman equation in terms
of cumulative distribution functions was first given by Sobel (1982), under the
assumption of deterministic rewards and policies. Chung and Sobel (1987) later
gave a version for random, bounded rewards. See also the work of White (1988)
for a review of some of these approaches and Morimura et al. (2010a) for a
more recent presentation of the CDF Bellman equation.

Other versions of the distributional Bellman equation have been phrased in
terms of moments (Sobel 1982), characteristic functions (Mandl 1971; Farah-
mand 2019), and the Laplace transform (Howard and Matheson 1972; Jaquette
1973, 1976; Denardo and Rothblum 1979), again at varying levels of general-
ity, and in some cases using the undiscounted return. Morimura et al. (2010b)
also present a version of the equation in terms of probability densities. The
formulation of the distributional Bellman equation in terms of pushforward dis-
tributions is due to Rowland et al. (2018); the pushforward notation is broadly
used in measure-theoretic probability, and our use of it is influenced by optimal
transport theory (Villani 2008).

Distributional formulations have also been used to design Bayesian methods
for reasoning about uncertainty regarding the value function (Ghavamzadeh et
al. 2015). Dearden et al. (1998) propose an algorithm that maintains a posterior
on the return distribution under the assumption that rewards are normally
distributed. Engel et al. (2003, 2007) use a random-variable equation to derive
an algorithm based on Gaussian processes.

Our own work in the field is rooted in the theory of stochastic fixed point
equations (Rosler 1991, 1992; Rachev and Riischendorf 1995), also known as
recursive distributional equations (Aldous and Bandyopadhyay 2005), from
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which we draw the notion of equality in distribution. Recursive distributional
equations have been used, among other applications, for complexity analysis of
randomized algorithms (Rosler and Riischendorf 2001), as well as the study of
branching processes and objects in random geometry (Liu 1998). See Alsmeyer
(2012) for a book-length survey of the field. In effect, the random-variable
Bellman equation for a given state x is a recursive distributional equation in the
sense of Aldous and Bandyopadhyay (2005); however, in distributional rein-
forcement learning, we typically emphasize the collection of random variables
(the return-variable function) over individual equations.

2.9. The idea of treating the discount factor as a probability recurs in the
literature, often as a technical device within a proof. Our earliest source is
Derman (1970, Chap. 3). The idea is used to handle discounted, infinite horizon
problems in the reinforcement learning as inference setting (Toussaint and
Storkey 2006) and is remarked on by Sutton et al. (2011). The probabilistic
interpretation of the discount factor has also found application in model-based
reinforcement learning (Sutton 1995; Janner et al. 2020), and is closely related
to the notion of termination probabilities in options (Sutton et al. 1999). The
extension to the distributional setting was worked out with Tom Schaul but
not previously published. See also White (2017) for a broader discussion on
unifying various uses of discount factors.

2.12 Exercises
Exercise 2.1. We defined a state x as being terminal if
Px(x|x,a)=1 forallae A
and Pg(0 | x,a)=1.
(i) Explain why multiple terminal states are redundant from a return function
perspective.
(i1) Suppose you are given an MDP with k terminal states. Describe a procedure

that creates a new MDP that behaves identically but has a single terminal
state. A

Exercise 2.2. Consider the generative equations of Section 2.3. Using Bayes’s
rule, explain why

Pr(X; =x"| Xo=x,Ap=a)
needs to be introduced as a notational convention, rather than derived from the
definition of the joint distribution P,. A
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Exercise 2.3. Suppose that y < 1 and R; € [Ry, Ruax] for all e N. Show that

- t RMIN RMAX
ZyR,E[lT,l_ ] A
=0 Y Y
Exercise 2.4. Find a probability distribution v that has unbounded support and
such that .
]P’,,(|Zy’Zt|<oo)=l, Z,i'i~'d'vf0rteN. A
=0

Exercise 2.5. Using an open-source implementation of the game of blackjack
or your own, use simulations to estimate the probability distribution of the
random return under

(1) The uniformly random policy.
(i1) The policy that doubles when starting with 10 or 11, hits on 16 and lower,
and otherwise sticks.
(iii) The policy that hits on 16 and lower and never doubles. Is it a better
policy? A

In all cases, aces should count as 11 whenever possible.

Exercise 2.6. Show that any random variable Z satisfying the condition in
Equation 2.6 must have CDF given by

P(Z<z)=35,0<z<2,
and hence that Z has distribution L/([0, 2]). A

Exercise 2.7 (*). The Cantor distribution has a cumulative distribution function
F, defined for z € [0, 1] by expressing z in base 3:

=237 mel0,1.2),
n=1

such that
F(z)= ) 1{z,>0,5# 1 forall 1 <i<n)2™".
n=1
Additionally, F(z)=0 for z<0 and F(z)=1 for z> 1. Prove that the return
distribution for the MDP in Example 2.11 is the Cantor distribution. A

Exercise 2.8. The n-step Bellman equation relates the value function at a state
x with the discounted sum of n € N* future rewards and the value of the nth
successor state. Prove that, for each n € N™,

n-1

Vi(x)=E, [Z YR +y"V"(X,) | Xo=x|. A
=0
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Exercise 2.9. In Section 2.5, we argued that the number of partial trajectories
of length T can grow exponentially with 7. Give examples of Markov decision
processes with Ny states and N4 actions where the number of possible length
T realizations (x;, a,, rt)tT=0 of the random trajectory is

(i) Bounded by a constant.
(ii) Linearin T. A

Exercise 2.10. In Section 2.7, we argued that the equation
G*(x)=R+yG™"(X)), X=x

leads to the wrong probability distribution over returns. Are there scenarios in
which this is a sensible model? A

Exercise 2.11. The purpose of this exercise is to familiarize yourself with the
transformations of the pushforward operation applied to the bootstrap function
b. Let ve Z(R) be a probability distribution and let Z be a random variable
with distribution v. Let »=1/2, y=1/3, and let R be a Bernoulli(!/4) random
variable independent of Z. For each of the following probability distributions:
(i) v=01;
(i) v=1/26_1 + 1/261;
(i) v=N(2,1),
express the probability distributions produced by the following operations:
@) (by)sv=D(r+Z2);
(i) (boy)sv=D(yZ);
(iii) (b.y)sv=D(r+vZ); and
(iv) El(bry)sv]=DR+vZ). A
Exercise 2.12. Repeat the preceding exercise, now with R ~ N(0, 1). Conclude
on the distribution of the random return

G:ZYIRI b
=0
where R, ~ N(1, 1) for all £ >0. A

Exercise 2.13. Let ne Z(R)¥ be a return-distribution function, and let X’
be a X-valued random variable. Show that for any r, y € R, the pushforward
operation combined with the bootstrap function forms an affine map, in the
sense that

(br,y)# E[nX)]=E [(br,y)#n(x’)] . A
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Exercise 2.14. Consider the standard discounted return );.°;¥'R;. Recall from
Section 2.9 the random-horizon return, Zszo R;, where T has a geometric
probability distribution with parameter ‘y:

PAT=k)=y"(1-y).

oo T
|5 ve| -5 |2 R
t=0 =0

Exercise 2.15. Consider again the random-horizon return described in
Section 2.9.

Show that

=E, A

(i) Show that if the termination time 7 has a geometric distribution with
parameter 7y, then 7 has the memoryless property: that is, P(T >k +1|T >
k)=P(T >1), for all k,/eN.

(i) Hence, show that the return-variable function corresponding to this
alternative definition of return satisfies the Bellman equation

G" () ER+11750G"(X), X=x.
for each x € X.

Consider now a further alternative notion of return, given by considering a
sequence of identically and independent distributed (i.i.d.) nonnegative random
variables (I;);»0, independent from all other random variables in the MDP.
Suppose E,[I;] =7. Define the return to be

2(13!@)&.

(iii) Show that both the standard definition of the return and the random-horizon
return can be viewed as special cases of this more general notion of return
by particular choices of the distribution of the (/;),»o variables.

(iv) Verify that

[ 5 ([Terl-2] 3 ve)

(v) Show that the random-variable Bellman equation associated with this
notion of return is given by

G"(x)=R+1,G"X"), X=x
for each x € X. A
Exercise 2.16. For a state x € X, write

T.=min{t>1:X,=x}

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



The Distribution of Returns 49

with T, = oo if x is never reached from time ¢ =1 onward. When X, = x, this
is the random time of first return to x. Prove that the following alternative
random-variable Bellman equation holds:
T-1
G2 YR+ G"(x), Xo=x. A
=0
Exercise 2.17. The aim of the following two exercises is to explore under what
conditions the random return G = )72 ¥'R; exists. As in Remark 2.2, denote

the truncated return by
T

Gor = Z Y'R;.
=0
Show that if all reward distributions are supported on the interval [Ryy, Ryxx],
then for any values of the random variables (R,);»o, the sequence (Go.r)7>0
converges, and hence G is well defined. A

Exercise 2.18 (*). The random-variable Bellman equation is effectively a sys-
tem of recursive distributional equations (Aldous and Bandyopadhyay 2005).
This example asks you to characterize the normal distribution as the solution to
another such equation. Let Z be a normally distributed random variable with
mean zero and unit variance (that is, Z ~ N(0, 1)). Recall that the probability
density pz and characteristic function yz of Z are

2 2

PZ(Z)ZV%TGXP(—%), Xz(s):exp(—%).

Suppose that Z’ is an independent copy of Z. Show that
2207z 407y
by considering

(1) the probability density of each side of the equation above;
(i1) the characteristic function of each side of the equation above. A

Exercise 2.19 (*). Under the overarching assumption of this chapter and
the remainder of the book that there are finitely many states and all reward
distributions have finite first moment, we can show that the limit

T
: !
lim §0 V'R, (2.22)
1=

exists with probability 1. First, show that the sequence of truncated returns
(Go.r)1>0 forms a semi-martingale with respect to the filtration (7;),0, defined
by

F1 =0 (Xo, Ao, Ro-1) 3
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the relevant decomposition is

Gor =Gor-1 +Y Ex[Rr | X7, Ar1+ ¥ (Rr — Ex[Ry | X7, AT]) .

predictable increment martingale noise

Writing

T

Cr=" ¥ EddR | X,, A

=0
for the sum of predictable increments, show that this sequence converges for
all realizations of the random trajectory. Next, show that the sequence (C7)7s0
defined by C7 = Go.r — Cr is a martingale, and by using the assumption of a
finite state space X, show that it satisfies

sup E[|Cr{] < co.
T>0

Hence, use the martingale convergence theorem to argue that (Cr)7so converges
with probability 1 (w.p. 1). From there, deduce that the limit of Equation 2.22
exists w.p. 1. A

Exercise 2.20 (*). The second Borel-Cantelli lemma (Billingsley 2012,
Section 4) states that if (E;)» is a sequence of independent events and
>0 P(E;) = o0, then

P(infinitely many E, occur)=1.

Let £ > 0. Exhibit a Markov decision process and policy for which the events
{ly'R;| > &} are independent, and satisfy

P, (|y'R;| > & for infinitely many 7)=1.

Deduce that

T
IP’,,( Z ¥Y'R; converges as T — oo) =0
=0
in this case. Hint. Construct a sufficiently heavy-tailed reward distribution from
a suitable cumulative distribution function. A
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3 Learning the Return Distribution

Reinforcement learning provides a computational model of what and how an
animal, or more generally an agent, learns to predict on the basis of received
experience. Often, the prediction of interest is about the expected return under
the initial state distribution or, counterfactually, from a query state x € X. In the
latter case, making good predictions is equivalent to having a good estimate
of the value function V*. From these predictions, reinforcement learning also
seeks to explain how the agent might best control its environment: for example,
to maximize its expected return.

By learning from experience, we generally mean from data rather than from
the Markov decision process description of the environment (its transition ker-
nel, reward distribution, and so on). In many settings, these data are taken
from sample interactions with the environment. In their simplest forms, these
interactions are realizations of the random trajectory (X;, A;, R;)s>0. The record
of a particular game of chess and the fluctuations of an investment account
throughout the month are two examples of sample trajectories. Learning from
experience is a powerful paradigm, because it frees us from needing a complete
description of the environment, an often impractical if not infeasible require-
ment. It also enables incremental algorithms whose run time does not depend on
the size of the environment and that can easily be implemented and parallelized.

The aim of this chapter is to introduce a concrete algorithm for learning
return distributions from experience, called categorical temporal-difference
learning. In doing so, we will provide an overview of the design choices that
must be made when creating distributional reinforcement learning algorithms.
In classical reinforcement learning, there are well-established (and in some
cases, definitive) methods for learning to predict the expected return; in the
distributional setting, choosing the right algorithm requires balancing multiple,
sometimes conflicting considerations. In great part, this is because of the unique
and exciting challenges that arise when one wishes to estimate sometimes
intricate probability distributions, rather than scalar expectations.

51
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3.1 The Monte Carlo Method

Birds such as the pileated woodpecker follow a feeding routine that regularly
takes them back to the same foraging grounds. The success of this routine can be
measured in terms of the total amount of food obtained during a fixed period of
time, say a single day. As part of a field study, it may be desirable to predict the
success of a particular bird’s routine on the basis of a limited set of observations:
for example, to assess its survival chances at the beginning of winter based
on feeding observations from the summer months. In reinforcement learning
terms, we view this as the problem of learning to predict the expected return
(total food per day) of a given policy r (the feeding routine). Here, variations in
weather, human activity, and other foraging animals are but a few of the factors
that affect the amount of food obtained on any particular day.

In our example, the problem of learning to predict is abstractly a problem
of statistical estimation. To this end, let us model the woodpecker’s feeding
routine as a Markov decision process.!” We associate each day with a sample
trajectory or episode, corresponding to measurements made at regular intervals
about the bird’s location x, behavior a, and per-period food intake r. Suppose
that we have observed a set of K sample trajectories,

K
{(xk,t’ Akt rk,t),T:kO l}kzl ) (3.1

where we use k to index the trajectory and ¢ to index time, and where 7} denotes

the number of measurements taken each day. In this example, it is most sensible
to assume a fixed number of measurements 7y = 7', but in the general setting, T
may be random and possibly dependent on the trajectory, often corresponding to
the time when a terminal state is first reached. For now, let us also assume that
there is a unique starting state xo, such that x; o = xo for all k. We are interested
in the problem of estimating the expected return

~

—1
Er| D VR =V"(x0),

~
Il
(=]

corresponding to the expected per-day food intake of our bird.'8
Monte Carlo methods estimate the expected return by averaging the outcomes
of observed trajectories. Let us denote by g, the sample return for the kth

17. Although this may be a reasonable approximation of reality, it is useful to remember that
concepts such as the Markov property are in this case modeling assumptions, rather than actual
facts.

18. In this particular example, a discount factor of y = 1 is reasonable given that 7 is fixed and we
should have no particular preference for mornings over evenings.
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trajectory:
T-1
&= V" (3.2)
=0

The sample-mean Monte Carlo estimate is the average of these K sample
returns:

A | v
ACOES-DIS (3.3)
k=1

This a sensible procedure that also has the benefit of being simple to implement
and broadly applicable. In our example above, the Monte Carlo method corre-
sponds to estimating the expected per-day food intake by simply averaging the
total intake measured over different days.

Example 3.1. Monte Carlo tree search is a family of approaches that have
proven effective for planning in stochastic environments and have been used
to design state-of-the-art computer programs that play the game of Go. Monte
Carlo tree search combines a search procedure with so-called Monte Carlo
rollouts (simulations). In a typical implementation, a computer Go algorithm
will maintain a partial search tree whose nodes are Go positions, rooted in the
current board configuration. Nodes at the fringe of this tree are evaluated by
performing a large number of rollouts of a fixed rollout policy (often uniformly
random) from the nodes’ position to the game’s end.

By defining the return of one rollout to be 1 if the game is won and O if the
game is lost, the expected undiscounted return from a leaf node corresponds to
the probability of winning the game (under the rollout policy) from that position.
By estimating the expected return from complete rollouts, the Monte Carlo
method avoids the challenges associated with devising a heuristic to determine
the value of a given position. A

We can use the Monte Carlo method to estimate the value function V" rather
than only the expected return from the initial state. Suppose now that the sample
trajectories (Equation 3.1) have different starting states (that is, x; ¢ varies across
trajectories). The Monte Carlo method constructs the value function estimate

K
N 1
V” =X~ 1 Xk 0=X s
(x) N ; {(xeo=x}8k
where
K
N(x)= Z ]llxk.o =x}
k=1

is the number of trajectories whose starting state is x. For simplicity of
exposition, we assume here that N(x) >0 for all xe X.
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Learning the value function is useful because it provides finer-grained detail
about the environment and chosen policy compared to only learning about the
expected return from the initial state. Often, estimating the full value function
can be done at little additional cost, because sample trajectories contain infor-
mation about the expected return from multiple states. For example, given a
collection of K sample trajectories drawn independently from the generative
equations, the first-visit Monte Carlo estimate is

K Ti-1 Ti-1

VI (x) = NFvl(x) ; ; Lok =%, X500 - - oy Xpy1 # X}( ; YHVk,s)

Ckt

K T,-1
NFV(X) = Z Z Ckyt +
k=1 =0

The first-visit Monte Carlo estimate treats each time step as the beginning of a
new trajectory; this is justified by the Markov property and time-homogeneity
of the random trajectory (X;, A, R;)r>0 (Section 2.6). The restriction to the first
occurrence of x in a particular trajectory guarantees that \A/;ﬁ, behaves like the
sample-mean estimate.

3.2 Incremental Learning

Both in practice and in theory, it is useful to consider a learning model under
which sample trajectories are processed sequentially, rather than all at once.
Algorithms that operate in this fashion are called incremental algorithms, as
they maintain a running value function estimate V € R¥ that they improve with
each sample.lg Under this model, we now consider an infinite sequence of
sample trajectories
((xk,r, Akt rk,t),T:"(; 1) 20 (3.4)

presented one at a time to the learning algorithm. In addition, we consider the
more general setting in which the initial states (x;o)r>0 may be different; we
call these states the source states, as with the sample transition model (Section
2.6). As in the previous section, a minimum requirement for learning V” is that
every state x € X should be the source state of some trajectories.

The incremental Monte Carlo algorithm begins by initializing its value
function estimate:

V(x) <« Vy(x), forall xelX.

19. Incremental methods are also sometimes called stochastic or sample based. We prefer the term
“incremental” as these methods can be applied even in the absence of randomness, and because
other estimation methods — including the sample-mean method of the preceding section — are also
based on samples.
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Algorithm 3.1: Online incremental first-visit Monte Carlo

Algorithm parameters: step size @ € (0, 1],
policy 7: X —» Z(A),
initial estimate V, € RX

V(x) « Vp(x) for all xe X
Loop for each episode:
Observe initial state xg
T<0
Loop fort=0,1,...
Draw a; from 7( - | x;)
Take action a;, observe ry, X;41

T—T+1
until x;,; is terminal
g<0
fort=T-1,...,0do
g rt+yg
if x; is not in {x, ..., x;_1} then
| V) (1 -a)V(x)+ag
end for

end

Given the kth trajectory, the algorithm computes the sample return g, (Equation
3.2), called the Monte Carlo target in this context. It then adjusts its value
function estimate for the initial state x;o toward this target, according to the
update rule
V(xi0) e (1 — ) V(xk0) + g -
The parameter a; € [0, 1) is a time-varying step size that controls the impact
of a single sample trajectory on the value estimate V. Because the incremental
Monte Carlo update rule only depends on the starting state and the sample
return, we can more generally consider learning V” on the basis of the sequence
of state-return pairs
(Xt &k20 - (3.5)

Under this simplified model, the sample return g is assumed drawn from the
return distribution 1" (x;) (rather than constructed from the sample trajectory; of
course, these two descriptions are equivalent). The initial state x o is substituted
for x; to yield

V(xp) (1 —ar)V(xp) + argr - (3.6)
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By choosing a step size that is inversely proportional to the number of times
Ny (xy) that the value of state x; has been previously encountered, we recover
the sample-mean estimate of the previous section (see Exercise 3.1). In practice,
it is also common to use a constant step size « to avoid the need to track N;. We
will study the effect of step sizes in greater detail in Chapter 6.

As given, the Monte Carlo update rule is agnostic to the mechanism by which
the sample trajectories are generated or when learning occurs in relation to the
agent observing these trajectories. A frequent and important setting in reinforce-
ment learning is when each trajectory is consumed by the learning algorithm
immediately after being experienced, which we call the online setting.?’ Com-
plementing the abstract presentation given in this section, Algorithm 3.1 gives
pseudo-code for an incremental implementation of the first-visit Monte Carlo
algorithm in the online, episodic?! setting.

In Equation 3.6, the notation A « B indicates that the value B (which may
be a scalar, a vector, or a distribution) should be stored in the variable A. In the
case of Equation 3.6, V is a collection of scalars — one per state — and the update
rule describes the process of modifying the value of one of these variables “in
place.” This provides a succinct way of highlighting the incremental nature of
the process. On the other hand, it is often useful to consider the value of the
variable after a given number of iterations. For k£ > 0, we express this with the
notation

Vier1 () = (1 — ) Vie(xg) + argre
Vis1(x) = Vi(x) for x # xi , (3.7

where the second line reflects the fact that only the variable associated to state
Xy is modified at time k.

3.3 Temporal-Difference Learning

Incremental algorithms are useful because they do not need to maintain the
entire set of sample trajectories in memory. In addition, they are often simpler
to implement and enable distributed and approximate computation. Temporal-
difference learning (TD learning, or simply TD) is particularly well suited to
the incremental setting, because it can learn from sample transitions, rather than
entire trajectories. It does so by leveraging the relationship between the value

20. The online setting is sometimes defined in terms of individual transitions, which are to be
consumed immediately after being experienced. Our use of the term is broader and related to the
streaming setting considered in other fields of research (see, e.g., Cormode and Muthukrishnan
2005).

21. A environment is said to be episodic when all trajectories eventually reach a terminal state.

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



Learning the Return Distribution 57

Algorithm 3.2: Online temporal-difference learning

Algorithm parameters: step size @ € (0, 1],
policy 7: X —» Z(A)
initial estimate V, € RX

V(x) « Vp(x) for all xe X

Loop for each episode:
Observe initial state xg

Loop for¢=0,1,...
Draw a; from 7( - | x;)
Take action a;, observe ry, X;41
if x;. is terminal then
| V()= A -a)V(x)+ar
else
‘ Vix) (A -a)V(x) + Ol(rt + ’)’V(XHI))
end if
until x;,; is terminal

end

function at successive states — effectively, it takes advantage of the Bellman
equation.

To begin, let us abstract away the sequential nature of the trajectory and
consider the sample transition model (X, A, R, X’) defined by Equation 2.12.
Here, the distribution ¢ of the source state X may correspond, for example, to
the relative frequency at which states are visited over the random trajectory. We
consider a sequence of sample transitions drawn independently according to
this model, denoted

(Xks Ak, Ts X )k20 - (3.8)

As with the incremental Monte Carlo algorithm, the update rule of temporal-
difference learning is parameterized by a time-varying step size a;. For the kth
sample transition, this update rule is given by

V(x) e« (1= a) V) + aw(rc+yV(x)) . (3.9

Algorithm 3.2 instantiates this update rule in the online, episodic setting. We
call the term ry +yV(x;) in Equation 3.9 the temporal-difference target. If we
again write the Bellman equation

Vi(x)=E; [R+yV' (X)) | X =x],
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we see that the temporal-difference target can be thought of as a realization
of the random variable whose expectation forms the right-hand side of the
Bellman equation, with the exception that the TD target uses the estimated
value function V in place of the true value function V”. This highlights the fact
that temporal-difference learning adjusts its value function estimate to be more
like the right-hand side of the Bellman equation; we will study this relationship
more formally in Chapter 6.

By rearranging terms, we can also express the temporal-difference update
rule in terms of the temporal-difference error ry +yV(x;) — V(x):

V(xp) — V(x) + aw(re + yV(x) = V(x0))s

this form highlights the direction of change of the value function estimate
(positive if the target is greater than our estimate, negative if it is not) and is
needed to express certain reinforcement learning algorithms, as we will see in
Chapter 9.

The incremental Monte Carlo algorithm updates its value function estimate
toward a fixed (but noisy) target. By contrast, Equation 3.9 describes a recur-
sive process, without such a fixed target. Temporal-difference learning instead
depends on the value function at the next state V(x;) being approximately
correct. As such, it is said to bootstrap from its own value function estimate.
Because of this recursive dependency, the dynamics of temporal-difference
learning are usually different from those of Monte Carlo methods, and are more
challenging to analyze (Chapter 6).

On the other hand, temporal-difference learning offers some important advan-
tages over Monte Carlo methods. One is the way in which value estimates
are naturally shared between states, so that once a value has been estimated
accurately at one state, this can often be used to improve the value estimates at
other states. In many situations, the estimates produced by temporal-difference
learning are consequently more accurate than their Monte Carlo counterparts.
A full treatment of the statistical properties of temporal-difference learning is
beyond the scope of this book, but we provide references on the topic in the
bibliographical remarks.

3.4 From Values to Probabilities

In distributional reinforcement learning, we are interested in understanding
the random return as it arises from interactions with the environment. In the
context of this chapter, we are specifically interested in how we can learn the
return-distribution function 77".

As a light introduction, consider the scenario in which rewards are binary
(R, €{0,1}) and where we are interested in learning the distribution of the
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undiscounted finite-horizon return function
H-1
G™(x) = Z R, Xo=x. (3.10)
=0

Here, H € N* denotes the horizon of the learner — how far it predicts into
the future. By enumeration, we see that G"(x) takes on one of H + 1 possible
values, integers ranging from 0 to H. These form the support of the probability
distribution 777 (x). To learn i7", we will construct an incremental algorithm that
maintains a return-distribution function estimate 7, the distributional analogue
of V from the previous sections. This estimate assigns a probability p;(x) to
each possible return i € {0, ..., H}:

H
n(x)= )" pi0s:, (3.11)
i=0

where p;(x) >0 and Zfio pi(x)=1. We call Equation 3.11 a categorical repre-
sentation, since each possible return can now be thought of as one of H + 1
categories. Under this perspective, we can think of the problem of learning the
return distribution for a given state x as a classification problem — assigning
probabilities to each of the possible categories. We may then view the problem
of learning the return function i7" as a collection of classification problems (one
per state).

As before, let us consider a sequence of state-return pairs (xx, gx)r>0, Where
each g, is drawn from the distribution 77" (x;). As in Section 3.2, the sample
return g; provides a target for an update rule except that now we want to adjust
the probability of observing g; rather than an estimate of the expected return.
For a step size o € (0, 1], the categorical update rule is

pgk(xk) — (- a’k)pgk (xx) + ay
pita) — (1 —a)pixr), i#gk. (3.12)

The adjustment of the probabilities for returns other than g; ensures that
the return-distribution estimate at x; continues to sum to 1 after the update.
Expressed as an operation over probability distributions, this update rule corre-
sponds to changing n(x;) to be a mixture between itself and a distribution that
puts all of its mass on g;:

1n(x) = (1 = a)n(x) + ardy, - (3.13)

We call this the undiscounted finite-horizon categorical Monte Carlo algorithm.
It is instantiated in the online, episodic setting in Algorithm 3.3. Similar to the
other incremental algorithms presented thus far, it is possible to demonstrate
that under the right conditions, this algorithm learns a good approximation to
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the distribution of the binary-reward, undiscounted, finite-horizon return. In the
next section, we will see how this idea can be carried over to the more general
setting.

Algorithm 3.3: Undiscounted finite-horizon categorical Monte

Carlo

Algorithm parameters: step size @ € (0, 1],
horizon H,
policy 7: X —» P (A),
initial probabilities (( p?(x))ﬁ 0 x€X)

pi(x) « p?(x) forall0<i<H,xeX
Loop for each episode:
Observe initial state x,
T<0
Loop fort=0,1,...
Draw a; from 7( - | x;)
Take action a,, observe ry, X;41

T—T+1
until x,,; is terminal
g<0
fort=T7-1,...,0do
ge—g+r

if 1< T — H then
| &< 8~ rH
if x; is not in {xg, ..., x;,_;} then
Pg(xr) — (1 —a)pg(x) + @
pi(x) « (1 = a)pi(x,), fori#g
end for

end

3.5 The Projection Step

The finite, undiscounted algorithm of the previous section is a sensible approach
when the random return takes only a few distinct values. In the undiscounted
setting, we already saw that the number of possible returns is Ng = H + 1 when
there are two possible rewards. However, this small number is the exception,
rather than the rule. If there are Ng possible rewards, then Ng can be as large as
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(N’ RJ’:_I), already a potentially quite large number for Ng > 2 (see Exercise 3.5).
Worse, when a discount factor v is introduced, the number of possible returns
depends exponentially on H. To see why, recall the single-state, single-action
Markov decision process of Example 2.10 with reward distribution

Pr(R =0)=Pr(R,=1)=1/2.

With a discount factor y = 1/2, we argued that the set of possible returns for this
MDP corresponds to the binary expansion of all numbers in the [0, 2] interval,
from which we concluded that the random return is uniformly distributed on
that interval. By the same argument, we can show that the H-horizon return

H-1
G= Z Y'R:
1=0
has support on all numbers in the [0, 2] interval that are described by H binary
digits; there are 2" such numbers. Of course, if we take H to be infinite, there
may be uncountably many possible returns.

To deal with the issue of a large (or even infinite) set of possible returns,
we insert a projection step prior to the mixture update in Equation 3.13.2?
The purpose of the projection step is to transform an arbitrary target return g
into a modified target taking one of m values, for m reasonably small. From
a classification perspective, we can think of the projection step as assigning a
label (from a small set of categories) to each possible return.

We will consider return distributions that assign probability mass to m > 2
evenly spaced values or locations. In increasing order, we denote these locations
by 6, <6, <---<6,. We write ¢, for the gap between consecutive locations, so
thatfori=1,...,m—1, we have

Sm="0i11—0;.
A common design takes ) = Vy and 6,, = V., in which case
VMAX - VMIN
m—-1
However, other choices are possible and sometimes desirable. Note that the

undiscounted algorithm of the previous section corresponds to m = H + 1 and
6;=i—1.

Sm =

22. When there are relatively few sample trajectories, a sensible alternative is to construct a
nonparametric estimate of the return distribution that simply puts equal probability mass on all
observed returns. The return distributions described in Section 1.2 and Example 2.9, in particular,
were estimated in this manner. See Remark 3.1 for further details.
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We express the corresponding return distribution as a weighted sum of Dirac
deltas at these locations:

n(x) = pix)d,
i=1

For mathematical convenience, let us write 8y = —co and 6,,,; = co. Consider
a sample return g, and denote by i*(g) the index of the largest element of the
support (extended with —oo) that is no greater than g:

i =argmax{0;:0;,<g}.

For this sample return, we write
IT_(g) =06: I, (8) =041

to denote the corresponding element of the support and its immediate successor;
when 6y, ..., 6, are consecutive integers and g € [0}, 6,,], these are the floor and
ceiling of g, respectively.
The projection step begins by computing
(o=
+(&)—11-(g)

with the convention that {(g) =1 if II_(g) = —oc0 and {(g) =0 if [1,(g) = co. The
{(g) term corresponds to the distance of g to the two closest elements of the
support, scaled to lie in the interval [0, 1] — effectively, the fraction of the
distance between I1_(g) and I1,(g) at which g lies. The stochastic projection of
gis

I, (¢) = { I1_(g) with probability 1 —/(g)

- I1,(g) with probability £(g).

We use this projection to construct the update rule

(3.14)

n(x) « (1 —a)n(x) + adn,g ,

where as before, x is a source state and g a sample return.?* Similar to Equation
3.12, this update rule is implemented by adjusting the probabilities according to

pie(x) = (I —@)pi=(x) + @
pi(x) (1 =a)pi(x), i#i*
where i* is the index of location I, g.
23. From here onward, we omit the iteration index k from the notation as it is not needed in the

definition of the update rule. The algorithm proper should still be understood as applying this update
rule to a sequence of state-return pairs (X, gk)k>0, possibly with a time-varying step size ak.
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We can improve on the stochastic projection by constructing a modified target
that contains information about both I1_(g) and IT, (g). In classification terms,
this corresponds to using soft labels: the target is a probability distribution over
labels, rather than a single label. This deterministic projection of g results in
the update rule

n(x) — (1 = an(x) + (1 = £(8)0n_g) + (&)1 - (3.15)

We denote the deterministic projection by Il.. Statistically speaking, the deter-
ministic projection produces return-distribution estimates that are on average
the same as those produced by the stochastic projection but are comparatively
more concentrated around their mean. Going forward, we will see that it is
conceptually simpler to apply this projection to probability distributions, rather
than to sample returns. Rather than I1.(g), we therefore write

Hcég = (l - é’(g))éﬂ,(g) + {(g)ém(g).

We call this method the categorical Monte Carlo algorithm. This algorithm can
be used to learn to predict infinite-horizon, discounted returns and is applicable
even when there are a large number of possible rewards.

Example 3.2. Montezuma’s Revenge is a 1984 platform game designed by then-
sixteen-year-old Robert Jaeger. As part of the Arcade Learning Environment
(Bellemare et al. 2013a), the Atari 2600 version of the game poses a challenging
reinforcement learning problem due to the rare occurrence of positive rewards.

The very first task in Montezuma’s Revenge consists in collecting a key, an
act that rewards the agent with 100 points. Let us consider the integer support
6;=i—1,fori=1,2,...,101. For a discount factor y =0.99, the discounted
H-horizon return from the initial game state is

H-1
G= Z Y'R;
=0
=1 <#0.997 x 100,
where T denotes the time at which the key is obtained. For a fixed T € R, write
g=0.99"x100 ¢=g-|gl

For 7 < H, the deterministic projection of the return 0.99" puts probability mass
1 - on|g]and { on [g]. For example, if =60, then 100 X 0.99" ~ 54.72 and
the deterministic projection is

Hcég =0.28 X854 +0.72 X 055 . A

By introducing a projection step, we typically lose some information about
the target return. This is by necessity: we are asking the learning algorithm to
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Figure 3.1

[lustration of the projection for the five-location grid used in Example 3.3. The middle
panel depicts the proportion of probability mass assigned to the location 65 =1 in terms
of the sample return g. The left and right panels illustrate this probability assignment at
the boundary locations 6, =0 and 6,, = 2.

approximate complex distributions using a small, finite set of possible returns.
Under the right conditions, Equation 3.15 gives rise to a convergent algorithm.
The point of convergence of this algorithm is the return function 77" (x) for which,
for all x€ X, we have

7"(x) = E[llc06r (0] = E [(1 = £(G"(x)))d11_G(x)) + {(G"(X)01, 7] - (3.16)
In fact, we may write
E[McbGrn] =Ty (x),

where I1.77" (x) denotes distribution supported on {8, ..., 8,} produced by pro-
jecting each possible outcome under the distribution 7" (x); we will discuss this
definition in further detail in Chapter 5.

Example 3.3. Recall the single-state Markov decision process of Example 2.10,
whose return is uniformly distributed on the interval [0, 2]. Suppose that we take
our support to be the uniform grid {0, 0.5, 1, 1.5, 2}. Let us write po, pos, ..., P2
for the probabilities assigned to these locations by the projected distribution
77" (x) =IL.77" (x), where x is the unique state of the MDP. The probability density
of the return on the interval [0, 2] is 0.5. We thus have

A (@
Do = O.Sf [T =0y(1 = £(g) + L, ) =0){(8)]dg
8€l0.2]

=0-5f (1-4(g)dg
2€[0,0.5]

=0.5f (1-2g)dg
2€[0,0.5]

=0.125.

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



Learning the Return Distribution 65

In (a), we reexpressed Equation 3.16 in terms of the probability assigned to
Po. A similar computation shows that pgs = p; = p;.5 =0.25, while p, =0.125.
Figure 3.1 illustrates the process of assigning probability mass to different
locations. Intuitively, the solution makes sense: there is less probability mass
near the boundaries of the interval [0, 2]. A

3.6 Categorical Temporal-Difference Learning

With the use of a projection step, the categorical Monte Carlo method allows us
to approximate the return-distribution function of a given policy from sample
trajectories and using a fixed amount of memory. Like the Monte Carlo method
for value functions, however, it ignores the relationship between successive
states in the trajectory. To leverage this relationship, we turn to categorical
temporal-difference learning (CTD).

Consider now a sample transition (x, a, r, x’). Like the categorical Monte
Carlo algorithm, CTD maintains a return function estimate 7(x) supported on
the evenly spaced locations {6, ..., 6,,}. Like temporal-difference learning, it
learns by bootstrapping from its current return function estimate. In this case,
however, the update target is a probability distribution supported on {6, ..., 6,,}.
The algorithm first constructs an intermediate target by scaling the return
distribution 7(x") at the next state by the discount factor y, then shifting it by
the sample reward r. That is, if we write

m
()= pilx')d,
i=1
then the intermediate target is
m
700 =D Pl )0r130,
i=1
which can also be expressed in terms of a pushforward distribution:

() = (byy Jan(x') . (3.17)

Observe that the shifting and scaling operations are applied to each particle
in isolation. After shifting and scaling, however, these particles in general no
longer lie in the support of the original distribution. This motivates the use of the
projection step described in the previous section. Let us denote the intermediate
particles by

Bi=b,,(6) =1 +76;.
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The CTD target is formed by individually projecting each of these particles
back onto the support and combining their probabilities. That is,

Me(bry)in(x¥) = > P MTebr1,
j=1

More explicitly, this is

M=

e(bry)an(x) = ) ([ =£@))op_,) + L0, @,

1

~.
Il

50 D pi)G (1), (3.18)

J=1

]
—_

where
G i) =((1- §(éj))]l{n_(é,) =g}t 5(91')1{11(?),) —6))-
In Equation 3.18, the second line highlights that the CTD target is a probability
distribution supported on {61, ...,8,}. The probabilities assigned to specific
locations are given by the inner sum; as shown here, this assignment is obtained
by weighting the next-state probabilities p ;(x") by the coeflicients ¢; ;(r).
The CTD update adjusts the return function estimate 7(x) toward this target:

n(x) < (1 = a)n(x) + (e (byy g (x")) . (3.19)

Expressed in terms of the probabilities of the distributions 77(x) and n(x’), this
is(fori=1,...,m)

iy — (1= a)piv) +a Y & (rp; ). (3.20)
j=1

With this form, we see that the CTD update rule adjusts each probability p;(x)
of the return distribution at state x toward a mixture of the probabilities of the
return distribution at the next state (see Algorithm 3.4).

The definition of the intermediate target in pushforward terms (Equation
3.17) illustrates that categorical temporal-difference learning relates to the
distributional Bellman equation

1" (%) = Ex[(bry)s" (X') | X = x],

analogous to the relationship between TD learning and the classical Bellman
equation. We will continue to explore this relationship in later chapters. How-
ever, the two algorithms usually learn different solutions, due to the introduction
of approximation error from the bootstrapping process.

Example 3.4. We can study the behavior of the categorical temporal-difference
learning algorithm by visualizing how its predictions vary over the course
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Algorithm 3.4: Online categorical temporal-difference learning

Algorithm parameters: step size @ € (0, 1],
policy : X — Z(A),
evenly spaced locations 6, ..., 60, € R,
initial probabilities ((p)(x)), : x € X)

(p,-(x))lzo — (p?(x))fio forall xe X
Loop for each episode:

Observe initial state xg

Loop fort=0,1,...

Draw a; from 7(- | x;)

Take action a;, observe ry, X;41
pi<—Ofori=1,...,m

for j=1,...,mdo

if x; is terminal then
| &< I

else
‘ g<—r+ ’)/9]'
if g <6, then
| P1< P1+pi(x1)
else if g>6,, then
‘ Pm < Pm + pj(xt+1)
else
i« largestis.t. 0,<g
¢ Ofnéigi*
pir < pir + (L =O)pj(xi41)
Dit+1 < Pirr1 P i(x11)

end for
fori=1,...,mdo
| pilx) < (1= a)pi(x;) + ap;
end for
until x;,; is terminal

end

of learning. We apply CTD to approximate the return function of the safe
policy in the Cliffs domain (Example 2.9). Learning takes place online (as per
Algorithm 3.4), using a constant step size of @ =0.05, and return distributions
are approximated with m =31 locations evenly spaced between —1 and 1.
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Figure 3.2

The return distribution at the initial state in the Cliffs domain, as predicted by categorical
temporal-difference learning over the course of learning. Top panels. The predictions
after e € {0, 1000, 2000, 10000} episodes (« = 0.05; see Algorithm 3.4). Here, the return
distributions are initialized by assigning equal probability to all locations. Bottom pan-
els. Corresponding predictions when the return distributions initially put all probability
mass on the zero return.
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(a) The return distribution at the initial state in the Cliffs domain, visualized using
kernel density estimation (see Figure 2.2). (b) The return-distribution estimate learned
by the categorical Monte Carlo algorithm with m =31. (¢) The estimate learned by the
categorical temporal-difference learning algorithm.

Figure 3.2 illustrates that the initial return function plays a substantial role in
the speed at which CTD learns a good approximation. Informally, this occurs
because the uniform distribution is closer to the final approximation than the
distribution that puts all of its probability mass on zero (what “close” means in
this context will be the topic of Chapter 4). In addition, we see that categorical
temporal-difference learning learns a different approximation to the true return
function, compared to the categorical Monte Carlo algorithm (Figure 3.3). This
is due to a phenomenon we call diffusion, which arises from the combination of
the bootstrapping step and projection; we will study diffusion in Chapter 5. A
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3.7 Learning to Control

A large part of this book considers the problem of learning to predict the dis-
tribution of an agent’s returns. In Chapter 7, we will discuss how one might
instead learn to maximize or control these returns and the role that distribu-
tional reinforcement learning plays in this endeavor. By learning to control, we
classically mean obtaining (from experience) a policy n* that maximizes the
expected return:

E. [i y’R,] >E, [i y’R,] , forallm.
=0 t=0

Such a policy is called an optimal policy. From Section 2.5, recall that the
state-action value function Q" is given by

O"(x,0) =By | iyf&

t=0

X0=x,A0=a].

Any optimal policy n* has the property that its state-action value function also
satisfies the Bellman optimality equation:

O (x,a)=E, [R+yma;[( 0" (X',d)|X=x,A=d].
a’e

Similar in spirit to temporal-difference learning, Q-learning is an incremental
algorithm that finds an optimal policy. Q-learning maintains a state-action value
function estimate, Q, which it updates according to

O(x,a) — (1 —a)Q(x,a) + a(r+ ymay)[; o',a")). 3.21)

The use of the maximum in the Q-learning update rule results in different
behavior than TD learning, as the selected action depends on the current value
estimate. We can think of this difference as constructing one target for each
action a’ and updating the value estimate toward the largest of such targets.
It can be shown that under the right conditions, Q-learning converges to the
optimal state-action value function Q*, corresponding to the expected return
under any optimal policy. We extract an optimal policy from Q* by acting
greedily with respect to Q*: that is, choosing a policy n* that selects maximally
valued actions according to Q*.

The simplest way to extend Q-learning to the distributional setting is to
express the maximal action in Equation 3.21 as a greedy policy. Denote by
n a return-function estimate over state-action pairs, such that n(x, a) is the
return distribution associated with the state-action pair (x, a) € X X A. Define
the greedy action

ay(x)=argmax E [Z],
acA  Zonxa)
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breaking ties arbitrarily. The categorical Q-learning update rule is

n(x,@) — (1 - am(x,a) + a(Tle(br (¥, a,(x)))

It can be shown that, under the same conditions as Q-learning, the mean of the
return-function estimates also converges to Q*. The behavior of the distributions
themselves, however, may be surprisingly complicated. We can also put the
learned distributions to good use and make decisions on the basis of their
full characterization, rather than from their mean alone. This forms the topic
of risk-sensitive reinforcement learning. We return to both of these points in
Chapter 7.

3.8 Further Considerations

Categorical temporal-difference learning learns to predict return distributions
from sample experience. As we will see in subsequent chapters, the choices that
we made in designing CTD are not unique, and the algorithm is best thought of
as a jumping-off point into a broad space of methods. For example, an important
question in distributional reinforcement learning asks how we should represent
probability distributions, given a finite memory budget. One issue with the
categorical representation is that it relies on a fixed grid of locations to cover the
range [0}, 6,,], which lacks flexibility and is in many situations inefficient. We
will take a closer look at this issue in Chapter 5. In many practical situations,
we also need to deal with a few additional considerations, including the use of
function approximation to deal with very large state spaces (Chapters 9 and 10).

3.9 Technical Remarks

Remark 3.1 (Nonparametric distributional Monte Carlo algorithm). In
Section 3.4, we saw that the (unprojected) finite-horizon categorical Monte
Carlo algorithm can in theory learn finite-horizon return-distribution functions
when there are only a small number of possible returns. It is possible to extend
these ideas to obtain a straightforward, general-purpose algorithm that can be
sometimes be used to learn an accurate approximation to the return distribution.

Like the sample-mean Monte Carlo method, the nonparametric distributional
Monte Carlo algorithm takes as input K finite-length trajectories with a com-
mon source state xq. After computing the sample returns (gk),f:1 from these
trajectories, it constructs the estimate

K
N
7"(x0)= ; 8¢, (3.22)

of the return distribution 77" (xy). Here, nonparametric refers to the fact that
the approximating distribution in Equation 3.22 is not described by a finite

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



Learning the Return Distribution 71

collection of parameters; in fact, the memory required to represent this object
may grow linearly with K. Although this is not an issue when K is relatively
small, this can be undesirable when working with large amounts of data and
moreover precludes the use of function approximation (see Chapters 9 and 10).

However, unlike the categorical Monte Carlo and temporal-difference learn-
ing algorithms presented in this chapter, the accuracy of this estimate is only
limited by the number of trajectories K; we describe various ways to quantify
this accuracy in Remark 4.3. As such, it provides a useful baseline for measuring
the quality of other distributional algorithms. In particular, we used this algo-
rithm to generate the ground-truth return-distribution estimates in Example 2.9
and in Figure 3.3. A

3.10 Bibliographical Remarks

The development of a distributional algorithm in this chapter follows our own
development of the distributional perspective, beginning with our work on using
compression algorithms in reinforcement learning (Veness et al. 2015).

3.1. The first-visit Monte Carlo estimate is studied by Singh and Sutton (1996),
where it is used to characterize the properties of replacing eligibility traces (see
also Sutton and Barto 2018). Statistical properties of model-based estimates
(which solve for the Markov decision process’s parameters as an intermediate
step) are analyzed by Mannor et al. (2007). Griinewélder and Obermayer (2011)
argue that model-based methods must incur statistical bias, an argument that
also extends to temporal-difference algorithms. Their work also introduces a
refined sample-mean Monte Carlo method that yields a minimum-variance
unbiased estimator (MVUE) of the value function. See Browne et al. (2012) for
a survey of Monte Carlo tree search methods and Liu (2001), Robert and Casella
(2004), and Owen (2013) for further background on Monte Carlo methods more
generally.

3.2. Incremental algorithms are a staple of reinforcement learning and have
roots in stochastic approximation (Robbins and Monro 1951; Widrow and Hoff
1960; Kushner and Yin 2003) and psychology (Rescorla and Wagner 1972). In
the control setting, these are also called optimistic policy iteration methods and
exhibit fairly complex behavior (Sutton 1999; Tsitsiklis 2002).

3.3. Temporal-difference learning was introduced by Sutton (1984, 1988). The
sample transition model presented here differs from the standard algorithmic
presentation but allows us to separate concerns of behavior (data collection)
from learning. A similar model is used in Bertsekas and Tsitsiklis (1996) to
prove convergence of a broad class of TD methods and by Azar et al. (2012) to
provide sample efficiency bounds for model-based control.
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3.4. What is effectively the undiscounted finite-horizon categorical Monte Carlo
algorithm was proposed by Veness et al. (2015). There, the authors demonstrate
that by means of Bayes’s rule, one can learn the return distribution by first
learning the joint distribution over returns and states (in our notation, P, (X, G))
by means of a compression algorithm and subsequently using Bayes’s rule
to extract P,(G | X). The method proved surprisingly effective at learning to
play Atari 2600 games. Toussaint and Storkey (2006) consider the problem of
control as probabilistic inference, where the reward and trajectory length are
viewed as random variables to be optimized over, again obviating the need to
deal with a potentially large support for the return.

3.5-3.6. Categorical temporal-difference learning for both prediction and
control was introduced by Bellemare et al. (2017a), in part to address the
shortcomings of the undiscounted algorithm. Its original form contains both the
projection step and the categorical representation as given here. The mixture
update that we study in this chapter is due to Rowland et al. (2018).

3.7. The Q-learning algorithm is due to Watkins (1989); see also Watkins and
Dayan (1992). The explicit construction of a greedy policy is commonly found
in more complex reinforcement learning algorithms, including modified policy
iteration (Puterman and Shin 1978), A-policy iteration (Bertsekas and Ioffe
1996), and nonstationary policy iteration (Scherrer and Lesner 2012; Scherrer
2014).

3.9. The algorithm introduced in Remark 3.1 is essentially an application of the
standard Monte Carlo method to the return distribution and is a special case of
the framework set out by Chandak et al. (2021), who also analyze the statistical
properties of the approach.

3.11 Exercises

Exercise 3.1. Suppose that we begin with the initial value function estimate
V(x)=0 for all xe X.

(i) Consider first the setting in which we are given sample returns for a single
state x. Show that in this case, the incremental Monte Carlo algorithm
(Equation 3.6), instantiated with a; = k% is equivalent to computing the

sample-mean Monte Carlo estimate for x. That is, after processing the

sample returns g1, ..., gk, we have

L&
Vi(x)= X Z 8i-
i=1

(i1)) Now consider the case where source states are drawn from a distribution
&, with &(x) > 0 for all x, and let Ny (x;) be the number of times x; has been
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updated up to but excluding time k. Show that the appropriate step size to

match the sample-mean Monte Carlo estimate is a; = m A

Exercise 3.2. Recall from Exercise 2.8 the n-step Bellman equation:
n—1
VA =Ex | D YR+ ¥V (Xy) | Xo = 2],
1=0
Explain what a sensible n-step temporal-difference learning update rule might
look like. A

Exercise 3.3. The Cart—Pole domain is a small, two-dimensional reinforcement
learning problem (Barto et al. 1983). In this problem, the learning agent must
balance a swinging pole that is a attached to a moving cart. Using an open-
source implementation of Cart—Pole, implement the undiscounted finite-horizon
categorical Monte Carlo algorithm and evaluate its behavior. Construct a finite
state space by discretising the four-dimensional state space using a uniform grid
of size 10 x 10 x 10 x 10. Plot the learned return distribution for a fixed initial
state and other states of your choice when

(1) the policy chooses actions uniformly at random;
(i1) the policy moves the cart in the direction that the pole is leaning toward. A

You may want to pick the horizon H to be the maximum length of an episode.

Exercise 3.4. Implement the categorical Monte Carlo (CMC), nonparametric
categorical Monte Carlo (Remark 3.1), and categorical temporal-difference
learning (CTD) algorithms. For a discount factor y = 0.99, compare the return
distributions learned by these three algorithms on the Cart—Pole domain of the
previous exercise. For CMC and CTD, vary the number of particles m and the
range of the support [6,, 8,,]. How do the approximations vary as a function of
these parameters? A

Exercise 3.5. Suppose that the rewards R; take on one of Ng values. Consider
the undiscounted finite-horizon return

H-1
G= Z R,.
=0

Denote by Ng the number of possible realizations of G.
(1) Show that N can be as large as (NR;?_]) .

(ii) Derive a better bound when R, €{0, 1, ..., Ng — 1}.

(iii) Explain, in words, why the bound is better in this case. Are there other sets

of rewards for which Ng is smaller than the worst-case from (i)? A
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Exercise 3.6. Recall from Section 3.5 that the categorical Monte Carlo
algorithm aims to find the approximation

() =" (x), xeX,

where we use the subscript m to more explicitly indicate that the quality of this
approximation depends on the number of locations.
Consider again the problem setting of Example 3.3. For m > 2, suppose that

we take 6; =0 and 6,, =2, such that

i-1

m—1
Show that in this case, 77;,(x) converges to the uniform distribution on the
interval [0, 2], in the sense that

9,'22

i=1,...m.

b—a

Tim 77, (x)(la, b]) -

for all a < b; recall that v([a, b]) denotes the probability assigned to the interval
[a, b] by a probability distribution v. A

Exercise 3.7. The purpose of this exercise is to demonstrate that the categorical
Monte Carlo algorithm is what we call mean-preserving. Consider a sequence
of state-return pairs (xi, gk),’le and an evenly spaced grid {6,,...,6,}, m>2.
Suppose that rewards are bounded in [Ryuy, Ryax]-

(1) Suppose that Vi > 6; and Vy,x < 6,,. For a given g € [V, Viax], show that
the distribution v =TI1.6, satisfies
Zl@V[Z] =g.

(i) Based on this, argue that if n(x) is a distribution with mean V, then after

applying the update
1n(x) < (1 —a)n(x) + allcdg ,

the mean of n(x) is (1 — @)V + ag.

(iii) By comparing with the incremental Monte Carlo update rule, explain why
categorical Monte Carlo can be said to be mean-preserving.

(iv) Now suppose that [Vim, Vaax] g [61,6,,]. How are the preceding results
affected? A

Exercise 3.8. Following the notation of Section 3.5, consider the nearest
neighbor projection method

Moo= H-(8&) ifd(g)<05
WS IL(g) otherwise.
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Show that this projection is not mean-preserving in the sense of the preceding
exercise. Implement and evaluate on the Cart—Pole domain. What do you
observe? A
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4 Operators and Metrics

Anyone who has learned to play a musical instrument knows that practice makes
perfect. Along the way, however, one’s ability at playing a difficult passage
usually varies according to a number of factors. On occasion, something that
could be played easily the day before now seems insurmountable. The adage
expresses an abstract notion — that practice improves performance, on average or
over a long period of time — rather than a concrete statement about instantaneous
ability.

In the same way, reinforcement learning algorithms deployed in real sit-
uations behave differently from moment to moment. Variations arise due to
different initial conditions, specific choices of parameters, hardware nonde-
terminism, or simply because of randomness in the agent’s interactions with
its environment. These factors make it hard to make precise predictions, for
example, about the magnitude of the value function estimate learned by TD
learning at a particular state x and step k, other than by extensive simulations.
Nevertheless, the large-scale behavior of TD learning is relatively predictable,
sufficiently so that convergence can be established under certain conditions, and
convergence rates can be derived.

This chapter introduces the language of operators as an effective abstrac-
tion with which to study such long-term behavior, characterize the asymptotic
properties of reinforcement learning algorithms, and eventually explain what
makes an effective algorithm. In addition to being useful in the study of existing
algorithms, operators also serve as a kind of blueprint when designing new algo-
rithms, from which incremental methods such as categorical temporal-difference
learning can then be derived. In parallel, we will also explore probability metrics
— essentially distance functions between probability distributions. These metrics
play an immediate role in our analysis of the distributional Bellman operator,
and will recur in later chapters as we design algorithms for approximating return
distributions.

77
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4.1 The Bellman Operator

The value function V”* characterizes the expected return obtained by following
a policy 7, beginning in a given state x:

Vi) =B ) ¥R Xo=x].
=0
The Bellman equation establishes a relationship between the expected return
from one state and from its successors:

VX)) =E; [R+yV"X) | X=x].

Let us now consider a state-indexed collection of real variables, written V € R¥,
which we call a value function estimate. By substituting V” for V in the original
Bellman equation, we obtain the system of equations

V(x)=E,[R+yV(X')| X=x], forall xeX. A.1)

From Chapter 2, we know that V” is one solution to the above.

Are there other solutions to Equation 4.1? In this chapter, we answer this
question (negatively) by interpreting the right-hand side of the equation as
applying a transformation on the estimate V. For a given realization (x, a, r, x")
of the random transition, this transformation indexes V by x’, multiplies it by
the discount factor, and adds it to the immediate reward (this yields r +yV(x')).
The actual transformation returns the value that is obtained by following these
steps, in expectation. Functions that map elements of a space onto itself, such
as this one (from estimates to estimates), are called operators.

Definition 4.1. The Bellman operator is the mapping 7™ : RY — R¥ defined
by

(T™V)(x)=E,;[R+yV(X")| X =x]. 4.2)
Here, the notation 7"V should be understood as “T”, applied to V.” A

The Bellman operator gives a particularly concise way of expressing the
transformations implied in Equation 4.1:

V=T"V.

As we will see in later chapters, it also serves as the springboard for the design
and analysis of algorithms for learning V7.

When working with the Bellman operator, it is often useful to treat V as a
finite-dimensional vector in RY and to express the Bellman operator in terms of
vector operations. That is, we write

T"V=r"+yP"V, 4.3)
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where #(x) = E;[R | X = x] and P” is the transition operator®* defined as

PV)) =) nal ) Y Px(¥ | xa)V(x).
aeA x'eX
Equation 4.3 follows from these definitions and the linearity of expectations.
A vector V € R is a solution to Equation 4.1 if it remains unchanged by the
transformation corresponding to the Bellman operator 77; that is, if it is a fixed
point of T”. This means that the value function V” is a fixed point of 77:

Vi=T"V".
To demonstrate that V™ is the only fixed point of the Bellman operator, we will
appeal to the notion of contraction mappings.

4.2 Contraction Mappings

When we apply the operator 7™ to a value function estimate V € R¥, we obtain
a new estimate 77V € RX. A characteristic property of the Bellman operator is
that this new estimate is guaranteed to be closer to V" than V (unless V = V", of
course). In fact, as we will see in this section, applying the operator to any two
estimates must bring them closer together.

To formalize what we mean by “closer,” we need a way of measuring dis-
tances between value function estimates. Because these estimates can be viewed
as finite-dimensional vectors, there are many well-established ways of doing so:
the reader may have come across the Euclidean (L?) distance, the Manhattan
(L") distance, and curios such as the British Rail distance. We use the term
metric to describe distances that satisfy the following standard definition.

Definition 4.2. Given a set M, a metric d: M XM — R is a function that
satisfies, forall U,V,We M,

(a) d(U,V)=0,

(b) d(U,V)=0ifand onlyif U=V,

(©) d(U,V)<d(U,W)+d(W, V),

(d) d(U,V)=d(V,U).

We call the pair (M, d) a metric space. A
In our setting, M is the space of value function estimates, R¥. Because we

assume that there are finitely many states, this space can be equivalently thought
of as the space of real-valued vectors with Ny entries, where Ny is the number

24. It is also possible to express P™ as a stochastic matrix, in which case P"V describes a matrix—
vector multiplication. We will return to this point in Chapter 5.
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of states. On this space, we measure distances in terms of the L™ metric, defined
by
IV =Vl =max V() - V')l V, V' €R™. (4.4)
XE

A key result is that the Bellman operator T” is a contraction mapping with
respect to this metric. Informally, this means that its application to different
value function estimates brings them closer by at least a constant multiplicative
factor, called its contraction modulus.

Definition 4.3. Let (M, d) be a metric space. A function O: M — M is a con-
traction mapping with respect to d and with contraction modulus g € [0, 1), if
forall U, U e M,

dOU,0U" )Y <pdU, U"). A

Proposition 4.4. The operator 77 : RX — R¥X is a contraction mapping
with respect to the L™ metric on R¥ with contraction modulus given by
the discount factor y. That is, for any two value functions V, V’ € RX,

1TV =T"V'|lo YV = V']l - A

Proof. The proof is most easily stated in vector notation. Here, we make use of
two properties of the operator P”. First, P" is linear, in the sense that for any
|’A%8

P'V+ PV =P (V+ V).

Second, because (P™V)(x) is a convex combination of elements from V, it must
be that
I1P"V]lso <IIVlloo -

From here, we have
IT7V =T"V'llw =" + yP"V) = (" + yP"V)llo
=lyP"V =yP"V'|l
=YIIP"(V = V')l
<AV =Vl s
as desired. O
The fact that 77 is a contraction mapping guarantees the uniqueness of V" as a
solution to the equation V =T77V. As made formal by the following proposition,

because the operator 77 brings any two value functions closer together, it cannot
keep more than one value function fixed.
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Proposition 4.5. Let (M,d) be a metric space and O: M — M be a
contraction mapping. Then O has at most one fixed point in M. A

Proof. Let €0, 1) be the contraction modulus of O, and suppose U, U’ € M
are distinct fixed points of O, so that d(U, U’) > 0 (following Definition 4.2).
Then we have

d(U,U")=d(OU,0U")<pd(U,U"),

which is a contradiction. O

Because we know that V™ is a fixed point of the Bellman operator 77, fol-
lowing Proposition 4.5, we deduce that there are no other such fixed points
— and hence no other solutions to the Bellman equation. As the phrasing of
Proposition 4.5 suggests, in some metric spaces, it is possible for O to be a
contraction mapping yet to not possess a fixed point. This can matter when
dealing with return functions, as we will see in the second half of this chapter
and in Chapter 5.

Example 4.6. Consider the no-loop operator
(TIZIZLV)('X) = EJT [R + ')/V(X’)]]_{X/ :ﬁx} | X = _x] s

where the name denotes the fact that we omit the next-state value whenever a
transition from x to itself occurs. By inspection, we can determine that the fixed
point of this operator is

T-1
VL) =B D ¥R 1 Xo =],
t=0

where T denotes the (random) first time at which X7 = X7_;. In words, this
fixed point describes the discounted sum of rewards obtained until the first time
that an action leaves the state unchanged.?

Exercise 4.1 asks you to show that 77 is a contraction mapping with modulus

B=ymaxP (X' #x|X=x).
xeX
Following Proposition 4.5, we deduce that this is the unique fixed point to

T;f]_ . A

25. The reader is invited to consider the kind of environments in which policies that maximize the
no-loop return are substantially different from those that maximize the usual expected return.
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When an operator O is contractive, we can also straightforwardly construct a
mathematical approximation to its fixed point.?® This approximation is given
by the sequence (Uy)is0, defined by an initial value Uy € M, and the recursive
relationship

U1 =0U; .
By contractivity, successive iterates of this sequence must come progressively
closer to the operator’s fixed point. This is formalized by the following.

Proposition 4.7. Let (M, d) be a metric space, and let O: M — M be a
contraction mapping with contraction modulus S € [0, 1) and fixed point
U* € M. Then for any initial point Uy € M, the sequence (Uy)r>o defined
by Uiy =OUy is such that

d(Uy, U") < B'd(Uo, U"). 4.5)

and in particular d(Uy, U*) — 0 as k — co. A

Proof. We will prove Equation 4.5 by induction, from which we obtain conver-
gence of (U)o in d. For k =0, Equation 4.5 trivially holds. Now suppose for
some k >0, we have

d(Uy, U") < Brd(Uy, UY).

Then note that
. (a . (b) (o)
d(Ups1, UL d(OU, OU*) < Bd(Uy, U*) < B d(Up, U,

where (a) follows from the definition of the sequence (Uy)i>0 and the fact that
U* is fixed by O, (b) follows from the contractivity of O, and (c) follows from
the inductive hypothesis. By induction, we conclude that Equation 4.5 holds for
all ke N. O

In the case of the Bellman operator 77, Proposition 4.7 means that repeated
application of 77 to any initial value function estimate V€ R produces
a sequence of estimates (Vj)i>o that are progressively closer to V*. This
observation serves as the starting point for a number of computational
approaches that approximate V", including dynamic programming (Chapter 5)
and temporal-difference learning (Chapter 6).

26. We use the term mathematical approximation to distinguish it from an approximation that can
be computed. That is, there may or may not exist an algorithm that can determine the elements of
the sequence (Ui )r>0 given the initial estimate Uy.
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4.3 The Distributional Bellman Operator

Designing distributional reinforcement learning algorithms such as categorical
temporal-difference learning involves a few choices — such as how to represent
probability distributions in a computer’s memory — that do not have an equiva-
lent in classical reinforcement learning. Throughout this book, we will make
use of the distributional Bellman operator to understand and characterize many
of these choices. To begin, recall the random-variable Bellman equation:

G" () 2R+yG" (X)), X=x. (4.6)

As in the expected-value setting, we construct a random-variable operator by
viewing the right-hand side of Equation 4.6 as a transformation of G”. In this
case, we break down the transformation of G” into three operations, each of
which produces a new random variable (Figure 4.1):

(a) G™(X"): the indexing of the collection of random variables G* by X’;
(b) yG™(X’): the multiplication of the random variable G"(X”") with the scalar
v
(¢) R+vyG™(X’): the addition of two random variables (R and yG™(X")).
More generally, we may apply these operations to any state-indexed collection
of random variables G = (G(x) : x € X), taken to be independent of the random
transitions used to define the transformation. With some mathematical caveats
discussed below, let us introduce the random-variable Bellman operator

(T"G)x) 2R +yG(X)), X=x. 4.7)

Equation 4.7 states that the application of the Bellman operator to G (evaluated
at x; the left-hand side) produces a random variable that is equal in distribution
to the random variable constructed on the right-hand side. Because this holds
for all x, we think of 77 as mapping G to a new collection of random variables
T7G.

The random-variable operator is appealing because it is concise and easily
understood. In many circumstances, this makes it the tool of choice for reasoning
about distributional reinforcement learning problems. One issue, however, is that
its definition above is mathematically incomplete. This is because it specifies
the probability distribution of (77G)(x), but not its identity as a mapping from
some sample space to the real numbers. As discussed in Section 2.7, without
care we may produce random variables that exhibit undesirable behavior: for
example, because rewards at different points in time are improperly correlated.
More immediately, the theory of contraction mappings needs a clear definition
of the space on which an operator is defined — in the case of the random-variable
operator, this requires us to specify a space of random variables to operate
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1(X) SG(X") R+~G(X)

Figure 4.1
The random-variable Bellman operator is composed of three operations: (a) indexing
into a collection of random variables, (b) multiplication by the discount factor, and (c)
addition of two random variables. Here, we assume that R and X’ take on a single value
for clarity.

in. Properly defining such a space is possible but requires some technical
subtlety and measure-theoretic considerations; we refer the interested reader to
Section 4.9.

A more direct solution is to consider the distributional Bellman operator
as a mapping on the space of return-distribution functions. Starting with the
distributional Bellman equation

n(x)= En[(bR,y)#’l”(X/) | X =x],

we again view the right-hand side as the result of applying a series of
transformations, in this case to probability distributions.

Definition 4.8. The distributional Bellman operator T : Z(R)X — 2[R)~ is
the mapping defined by

(T7m)(x) = Exl(bry)yn(X) | X = x]. (4.8)
A

Here, the operations on probability distributions are expressed (rather com-
pactly) by the expectation in Equation 4.8 and the use of the pushforward
distribution derived from the bootstrap function b; these are the operations of
mixing, scaling, and translation previously described in Section 2.8.

We can gain additional insight into how the operator transforms a return
function i by considering the situation in which the random reward R and the
return distributions 7(x) admit respective probability densities pr(r | x, @) and
Px(2). In this case, the probability density of (77n)(x), denoted p’,, is

Pi@=y" xtal x) f P05 7 PR [xape(S ). @9)

acA x'eX
Expressed in terms of probability densities, the indexing of a collection of
random variables becomes a mixture of densities, while their addition becomes a
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convolution; this is in fact what is depicted in Figure 4.1. In terms of cumulative
distribution functions, we have

Frmp(2) =Ex [F n(x')(ﬂ) | X = x] )

However, we prefer the operator that deals directly with probability distributions
(Equation 4.8) as it can be used to concisely express more complex operations on
distributions. One such operation is the projection of a probability distribution
onto a finitely parameterized set, which we will use in Chapter 5 to construct
algorithms for approximating 7".

Using Definition 4.8, we can formally express the fact that the return-
distribution function 7" is the only solution to the equation

n=7"n.

The proof is relatively technical and will be given in Section 4.8.

Proposition 4.9. The return-distribution function 7" satisfies
Tlﬂ = Tﬂnﬂ

and is the unique fixed point of the distributional Bellman operator 77". A

When working with the distributional Bellman operator, one should be mind-
ful that the random reward R and next state X’ are generally not independent,
because they both depend on the chosen action A (we briefly mentioned this
concern in Section 2.8). In Equation 4.9, this is explicitly handled by the outer
sum over actions. Analogously, we can make explicit the dependency on A by
introducing a second expectation in Equation 4.8:

(T7m)(x) = Ex[Ex[(bry)sn(X") | X = x, A]| X = x].

By conditioning the inner expectation on the action A, we make the random
variables R and yG(X”) conditionally independent in the inner expectation. We
will make use of this technique in proving Theorem 4.25, the main theoretical
result of this chapter.

In some circumstances, it is useful to translate between operations on proba-
bility distributions and those on random variables. We do this by means of a
representative set of random variables called an instantiation.

Definition 4.10. Given a probability distribution v € Z(R), we say that a ran-
dom variable Z is an instantiation of v if its distribution is v, written Z ~ v.
Similarly, we say that a collection of random variables G = (G(x) : x € X) is an
instantiation of a return-distribution function 7 € 2(R)" if for every x € X, we
have G(x) ~ n(x). A
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Given a return-distribution function n € Z(R)¥, the new return-distribution
function 7 "7 can be obtained by constructing an instantiation G of 7, perform-
ing the transformation on the collection of random variables G as described
at the beginning of this section, and then extracting the distributions of the
resulting random variables. This is made formal as follows.

Proposition 4.11. Let 7€ Z(R)¥, and let G = (G(x) : x € X) be an instan-
tiation of 7. For each x€ X, let (X=x,A,R,X’) be a sample transition
independent of G. Then R +yG(X”) has the distribution (7 "1)(x):

Dr(R+yGX) | X=x)=(T"n)(x). A

Proof. The result follows immediately from the definition of the distributional
Bellman operator. For clarity, we step through the argument again, mirroring
the transformations set out at the beginning of the section. First, the indexing
transformation gives

De(GX) | X=x)= ) Pe(X' =X | X=2)(x')
xeX
=Eqn(X") | X =x].
Next, scaling by vy yields
Dr(yG(X') | X = x) = Exl(bo, sn(X') | X =,
and finally adding the immediate reward R gives the result

Dr(R+yG(X") | X =x) =Ex[(bry)sn(X') | X =x]. 0

Proposition 4.11 is an instance of a recurring principle in distributional rein-
forcement learning that “different routes lead to the same answer.” Throughout
this book, we will illustrate this point as it arises with a commutative diagram;
the particular case under consideration is depicted in Figure 4.2.

4.4 Wasserstein Distances for Return Functions

Many desirable properties of reinforcement learning algorithms (for example,
the fact that they produce a good approximation of the value function) are
due to the contractive nature of the Bellman operator 7”. In this section, we
will establish that the distributional Bellman operator 77, too, is a contraction
mapping — analogous to the value-based operator, the application of 7 brings
return functions closer together.

One difference between expected-value and distributional reinforcement
learning is that the space of return-distribution functions #2(R)" is substantially
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Figure 4.2

A commutative diagram illustrating two perspectives on the application of the distri-
butional Bellman operator. The top horizontal line represents the direct application to
the return-distribution function 7, yielding 7". The alternative path first instantiates the
return-distribution function 7 as a collection of random variables G = (G(x) : (x) € X),
transforms G to obtain another collection of random variables G’, and then extracts the
distributions of these random variables to obtain 7.

different from the space of value functions. To measure distances between value
functions, we can simply treat them as finite-dimensional vectors, taking the
absolute difference of value estimates at individual states. By contrast, it is
somewhat less intuitive to see what “close” means when comparing probability
distributions. Throughout this chapter, we will consider a number of probability
metrics that measure distances between distributions, each presenting differ-
ent mathematical and computational properties. We begin with the family of
Wasserstein distances.

Definition 4.12. Let ve Z(R) be a probability distribution with cumulative
distribution function F,. Let Z be an instantiation of v (in particular, Fz = F).
The generalized inverse F, ! is given by

F;l(t)=inflz: F,(2) > 7}.
zeR
We additionally write F,' = F;'. A

Definition 4.13. Let p €[1, o). The p-Wasserstein distance is a function w), :
ZR) x Z(R) — [0, co] given by
1 1/p
A -1 —1 P
wy(v, V) = (f |F' (1) - F,' ()| dr
0
The co-Wasserstein distance we, : Z(R) X Z(R) — [0, o0] is
Weo(v, V') = sup |F;1(T)—FV71(T)|. A
e(0,1)
Graphically, the Wasserstein distances between two probability distributions

measure the area between their cumulative distribution functions, with val-
ues along the abscissa taken to the pth power; see Figure 4.3. When p = co,
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this becomes the largest horizontal difference between the inverse cumulative
distribution functions. The p-Wasserstein distances satisfy the definition of a
metric, except that they may not be finite for arbitrary pairs of distributions
in Z(R); see Exercise 4.6. Properly speaking, they are said to be extended
metrics, since they may take values on the real line extended to include infinity.
Most probability metrics that we will consider are extended metrics rather than
metrics in the sense of Definition 4.2. We measure distances between return-
distribution functions in terms of the largest Wasserstein distance between
probability distributions at individual states.

Definition 4.14. Let p€[1, ]. The supremum p-Wasserstein distance w),
between two return-distribution functions 7, 77’ € Z(R)~ is defined by’

wp(m,n') = su)r; wp(1(x), 17’ (x)) . A

The supremum p-Wasserstein distances fulfill all requirements of an extended
metric on the space of return-distribution functions Z(R)¥; see Exercise 4.7.
Based on these distances, we give our first contractivity result regarding the
distributional Bellman operator; its proof is given at the end of the section.

Proposition 4.15. The distributional Bellman operator is a contraction
mapping on Z(R)" in the supremum p-Wasserstein distance, for all p
[1, oo]. More precisely,

wp (T, T70) <ywp(n.77)
for all n, 7’ € Z(R)~. A

Proposition 4.15 is significant in that it establishes a close parallel between
the expected-value and distributional operators. Following the line of reasoning
given in Section 4.2, it provides the mathematical justification for the develop-
ment and analysis of computational approaches for finding the return function
17". More immediately, it also enables us to characterize the convergence of the
sequence

M1 =T 1 (4.10)

to the return function 7".

27. Because we assume that there are finitely many states, we can equivalently write max in the
definition of supremum distance. However, we prefer the more generally applicable sup.
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Figure 4.3

Left: Illustration of the p-Wasserstein distance between a normal distribution v = N(1, 1)
and a mixture of two normal distributions v' = N (-1,0.5) + $N(3,0.5). Right: Illus-
tration of the £, metric for the same distributions (see Section 4.5). In both cases, the
shading indicates the axis along which the differences are taken to the pth exponent.

e )

Proposition 4.16. Suppose that for each (x, a) € X X A, the reward distri-
bution Pg(: | x, a) is supported on the interval [Ry, Ry.x]. Then for any
initial return function 7y whose distributions are bounded on the interval

Ry IM
[1Ty’ 1_7], the sequence )
Mir1 =T "Mk
converges to 77" in the supremum p-Wasserstein distance (for all p € [1, oo]).
A

The restriction to bounded rewards in Proposition 4.16 is necessary to make
use of the tools developed in Section 4.2, at least without further qualification.
This is because Proposition 4.7 requires all distances to be finite, which is not
guaranteed under our definition of a probability metric. If, for example, the
initial condition 7 is such that

Wﬁ(n()? nﬂ) =00,
then Proposition 4.15 is not of much use. A less restrictive but more technically
elaborate set of assumptions will be presented later in the chapter. For now, we
provide the proof of the two preceding results. First, we obtain a reasonably

simple proof of Proposition 4.15 by considering an alternative formulation of
the p-Wasserstein distances in terms of couplings.

Definition 4.17. Let v,V € Z(R) be two probability distributions. A coupling
between v and ' is a joint distribution v € Z(R?) such that if (Z,Z’) is an
instantiation of v, then also Z has distribution v and Z’ has distribution v’. We
write T'(v,v") € Z(R?) for the set of all couplings of v and v'. A
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Proposition 4.18 (see Villani (2008) for a proof). Let pe[l, ).
Expressed in terms of an optimal coupling, the p-Wasserstein distance
between two distributions v,V € Z(R) is

w,(,V)= min E [|Z-Z|"]"7.
vel (vv') (Z,2")~v

The co-Wasserstein distance between v and v’ can be written as

Weo(,V)= min inf{zeR: P (Z-Z|>2)=0}. A
vel'(vy") (Z,2")~v

Informally, the optimal coupling finds an arrangement of the two probability
distributions that maximizes “agreement”: it produces outcomes that are as close
as possible. In Proposition 4.18, the optimal coupling takes on a very simple
form given by inverse cumulative distribution functions. For v,v' € Z(R), an
optimal coupling is the probability distribution of the random variable

(F,' (1), F, (7)),  ©~U([0,1]). (4.11)
This can be understood by noting how the 1-Wasserstein distance between v and
v’ is obtained by measuring the horizontal distance between the two cumulative
distribution functions, at each level 7 € [0, 1] (Figure 4.3).
Proof of Proposition 4.15. Let p €[1, ) be fixed. For each x € X, consider the
optimal coupling between 7(x) and 7’(x) and instantiate it as the pair of ran-
dom variables (G(x), G’(x)). Next, denote by (x, A, R, X’) the random transition

beginning in x € X, constructed to be independent from G(y) and G’(y), for all
y € X. With these variables, write

Gx)=R+yG(X"), G (x)=R+yG'(X').

By Proposition 4.11, G(x) has distribution (7 "m(x) and G’ (x) has distribution
(77n")(x). The pair (G(x), G’(x)) therefore forms a valid coupling of these
distributions. Now

W (T @, (T )00) € By [[(R+¥G (X)) = (R+ 4G (X))

P | X = x]
2y Ellcx) -6/ x| 1 x =4

<y Z P(X' =x | X=0E[|G()-G'(x)
x'eX
‘]

'l

(d) / ’ /
<vP supE[lG(x)—G ")
x'eX

@ ppr
= yPwhn.n) .
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Taking a supremum over x € X on the left-hand side and the pth root of both
sides yields the result. Here, (a) follows since the Wasserstein distance is
defined as a minimum over couplings, (b) follows from algebraic manipulation
of the expectation, (c) follows from independence of the sample transition
(X =x,A, R, X’) and the random variables (G(x), G’(x) : x € X), (d) because the
maximum of nonnegative quantities is at least as great as their weighted average,
and (e) follows since (G(x), G’(x")) was defined as an optimal coupling of n(x")
and 77/(x’). The proof for p = oo is similar (see Exercise 4.8). O

Proof of Proposition 4.16. Let us denote by Zg(R) the space of distributions
bounded on [V, Vaax], Where as usual
RMIN RMAX

Vi = s MAX — .
I-y 1-y

We will show that under the assumption of rewards bounded on [Ry, Ryax],

(a) the return function 77" is in Zg(R), and
(b) the distributional Bellman operator maps &g(R) to itself.

Consequently, we can invoke Proposition 4.7 with O=7" and M = Z5(R)
to conclude that for any initial n € P(R)X, the sequence of iterates (17x)k>0
converges to 17* with respect to d =w,, for any p €[1, co].

To prove (a), note that for any state x € X,

G"(x)=> ¥R, Xo=x,
t=0

and since R; € [Ry, Ruax] for all ¢, then also G™(x) € [Vyun, Vaax]- For (b), let
n€ PR)X and denote by G an instantiation of this return-distribution function.
For any x € X,

Pr(R+yG(X") < Vyux | X = %) =Pr(yG(X') < Vuax —R| X =1x)
> Pr(yG(X') < Viax — Ruax | X =)
=Po(G(X') < Vyus | X =)
=1.
By the same reasoning,
P:(R+yGX)2Vyn | X=x)=1.

Since R +yG(X"), X = x is an instantiation of (7 "n)(x) for each x, we conclude
that if 7€ Z225(R)~, then also 775 € Z(R)X. O
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4.5 ¢, Probability Metrics and the Cramér Distance

The previous section established that the distributional Bellman operator is well
behaved with respect to the family of Wasserstein distances. However, these
are but a few among many standard probability metrics. We will see in Chapter
5 that theoretical analysis sometimes requires us to study the behavior of the
distributional operator with respect to other metrics. In addition, many practical
algorithms directly optimize a metric (typically expressed as a loss function) as
part of their operation (see Chapter 10). The Cramér distance, a member of the
broader family of £, metrics, is of particular interest to us.

Definition 4.19. Let p €[1, c0). The distance ¢, : Z(R) X Z(R) — [0, c0] is a
probability metric defined by

1/p
t,(v,v')= (f |Fy(2) - Fw(z)l”dz) : (4.12)
R

For p =2, this is the Cramér distance.”® The €., or Kolmogorov—Smirnov
distance is given by

le(v,V) =sup|F\(2) = Fy(2)].
zeR

The respective supremum ¢, distances are given by (17,77 € Z(R)¥)
p(1,1) = sup £,((x0), n(x)).
xeX

These are extended metrics on Z(R)¥X. A

Where the p-Wasserstein distances measure differences in outcomes, the
¢, distances measure differences in the probabilities associated with these
outcomes. This is because the exponent p is applied to cumulative probabilities
(this is illustrated in Figure 4.3). The distributional Bellman operator is also a
contraction mapping under the £, distances for p €[1, c0), albeit with a larger
contraction modulus.?’

28. Historically, the Cramér distance has been defined as the square of £,. In our context, it seems
unambiguous to use the word for ¢ itself.

29. For p = 1, the distributional Bellman operator has contraction modulus 7; this is sensible given
that £; =wy.
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Proposition 4.20. For p €[1, c0), the distributional Bellman operator 7"
is a contraction mapping on Z(R)¥ with respect to £ »» With contraction
modulus y”. That is,

(T, T ) <y, (0, 1)
for all 7,7’ € Z(R)X. A

The proof of Proposition 4.20 will follow as a corollary of a more general
result given in Section 4.6. One way to relate it to our earlier result is to consider
the behavior of the sequence defined by

Mies1 =T "Nk (4.13)

As measured in the p-Wasserstein distance, the sequence (m;)r>0 approaches
7" at a rate of y; but if we instead measure distances using the £, metric, this
rate is slower — only y"?. Measured in terms of £, (the Kolmogorov—Smirnov
distance), the sequence of iterates may in fact not seem to approach 7" at all.
To see this, it suffices to consider a single-state process with zero reward (that
is, Px(X’ =x| X =x)=1 and R=0) and a discount factor y =0.9. In this case,
17" (x) = 6. For the initial condition 79(x) = d;, we obtain

m(x) = (T no)(x) = 0y.
Now, the (supremum) ¢, distance between 1" and 7 is 1, because for any
z€(0,1),
Frow@ =0 Fpu)=1.
However, the £, distance between 77" and 1 is also 1, by the same argument
(but now restricted to z € (0, y)). Hence, there is no 8 € [0, 1) for which

Loo(1,17) < Bloo (170, 7).

Exercise 4.16 asks you to prove a similar result for a probability metric called
the total variation distance (see also Figure 4.4).

The more general point is that different probability metrics are sensitive to
different characteristics of probability distributions, and to varying degrees.
At one extreme, the co-Wasserstein distance is effectively insensitive to the
probability associated with different outcomes, while at the other extreme,
the Kolmogorov—Smirnov distance is insensitive to the scale of the difference
between outcomes. In Section 4.6, we will show that a metric’s sensitivity to
differences in outcomes determines the contraction modulus of the distributional
Bellman operator under that metric; informally speaking, this explains the “nice”
behavior of the distributional Bellman operator under the Wasserstein distances.
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The distributional Bellman operator is not a contraction mapping in either the supremum
form of (a, b) total variation distance (dtvy, shaded in the top panels; see Exercise
4.16 for a definition) or (¢, d) Kolmogorov—Smirnov distance ¢, (vertical distance in
the bottom panels). The left panels show the density (a) and cumulative distribution
function (c¢) of two distributions 7(x) (dashed line) and 7’ (x) (solid line). The right panels
show the same after applying the distributional Bellman operator (b, d), specifically
considering the transformation induced by the discount factor y. The lack of contractivity
can be explained by the fact that neither dry nor £, is a homogeneous probability metric
(Section 4.6).

Before moving on, let us summarize the results established thus far. By
combining the theory of contraction mappings with suitable probability metrics,
we were able to characterize the behavior of the iterates

Mieet =T "1 (4.14)

In the following chapters, we will use this as the basis for the design of
implementable algorithms that approximate the return distribution 77" and will
appeal to contraction mapping theory to provide theoretical guarantees for these
algorithms. In particular, in Chapter 6, we will analyze the categorical temporal-
difference learning under the lens of the Cramér distance. While the results
presented until now suffice for most practical purposes, the following sections
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deal with some of the more technical considerations that arise from study-
ing Equation 4.14 under general conditions, particularly the issue of infinite
distances between distributions.

4.6 Sufficient Conditions for Contractivity

In the remainder of this chapter, we characterize in greater generality the
behavior of the sequence of return function estimates described by Equation
4.14, viewed under the lens of different probability metrics. We begin with a
formal definition of what it means for a function d to be a probability metric.

Definition 4.21. A probability metric is an extended metric on the space of
probability distributions, written

d: ZR)x ZR)— [0, ].
Its supremum extension is the function d: PR x Z(R)X — R defined as

dm, )= sup d((x), 7' (x)) .

We refer to d as a return-function metric; it is an extended metric on Z(R)X. A

Our analysis is based on three properties that a probability metric should
possess in order to guarantee contractivity. These three properties relate closely
to the three fundamental operations that make up the distributional Bellman
operator: scaling, convolution, and mixture of distributions (equivalently: scal-
ing, addition, and indexing of random variables). In this analysis, we will find
that some properties are more easily stated in terms of random variables, oth-
ers in terms of probability distributions. Accordingly, given two probability
distributions v, v’ with instantiations Z, Z’, let us overload notation and write

dZ,Z=d,V").

Definition 4.22. Let ¢ > 0. The probability metric d is c-homogeneous if for any
scalar y € [0, 1) and any two distributions v, v’ € Z(R) with associated random
variables Z,Z’, we have

dyZyZ')=y'd(Z,Z").
In terms of probability distributions, this is equivalently given by the condition

d((boy)4v, (boy)wv') =y d(v,v').

If no such c exists, we say that d is not homogeneous. A

Definition 4.23. The probability metric d is regular if for any two distributions
v,V € Z(R) with associated random variables Z, Z’, and an independent random
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variable W, we have
dW+2Z,W+Z)<d(Z,7"). (4.15)
In terms of distributions, this is
d(Ew[(bw,)sv], Ewl[(bws']) <d(v,V'). A
Definition 4.24. Given p €[1, o), the probability metric d is p-convex if for
any « € (0, 1) and distributions vy, v, V|, v, € Z(R), we have
d?(avi + (1 - ayy, av) + (1 —a))) <ad?(vi,v) + (1 —@)d?(v2,v5). A

Although this p-convexity property is given for a mixture of two distributions,
it implies an analogous property for mixtures of finitely many distributions.

Theorem 4.25. Consider a probability metric d. Suppose that d is regular,
c-homogeneous for some ¢ >0, and that there exists p € [1, co) such that d
is p-convex. Then for all return-distribution functions 7,7’ € Z(R)X, we
have

AT, T"n') <yd@m.n'). A

Proof. Fix a state x € X and action a € A. For this state, consider the sample
transition (X =x,A =a, R, X’) (Equation 2.12), and recall that R and X’ are
independent given X and A, since

R~Pgr(- |1 X,A) X'~Px(-|X,A).

Let G and G’ be instantiations of i and 17/, respectively.>! We introduce a state-
action variant of the distributional Bellman operator, 7 : Z(R)X — Z2(R)**A,
given by

(T)(x, @) =E[(bg,)sn(X) | X =x,A=al.
Note that this operator is defined independently of the policy x, since the action
a is specified as an argument. We then calculate directly, indicating where each
hypothesis of the result is used:

dP(T(x,a), Tn)(x,a)=d’(R+yG(X'),R+yG (X))

LPOGE)AG(K)
2y dn (G, G (X))

30. This matches the usual definition of convexity (for d”) if one treats the pair (v{, v2) as a single
argument from Z(R) x Z(R).

31. Note: the proof does not assume the independence of G(x) and G(y), x #y. See Exercise 4.12.
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©
< y"“z Pu(X' =x | X=x,A=a)d"(G(x),G (X))

xeX
<y’ sup d*(G(x"), G’ (x"))
xeX

= pcap(n, T]l) .

Here, (a) follows from regularity of d, (b) follows from the c-homogeneous
property of d, and (c) follows from p-convexity, where the mixture is over the
values taken by the random variable X’. We also note that

(T M) = ) 7@ | DT m)(x, @),

aeA
and hence by p-convexity of d, we have

dP((T7"m)(x), (T )(x)) < Z n(a | )d” (T n)(x, a), (T"')(x, @)
acA

c P /
<y"d (n,7).

Taking the supremum over x € X on the left-hand side and taking pth roots then
yields the result. 0

Theorem 4.25 illustrates how the contractivity of the distributional Bellman
operator in the probability metric d (specifically, in its supremum extension)
follows from natural properties of d. We see that the contraction modulus is
closely tied to the homogeneity of d, which informally characterizes the extent
to which scaling random variables by a factor y brings them “closer together.”
The theorem provides an alternative to our earlier result regarding Wasserstein
distances and enables us to establish the contractivity under the £, distances but
also under other probability metrics. Exercise 4.19 explores contractivity under
the so-called maximum mean discrepancy (MMD) family of distances.

Proof of Proposition 4.20 (contractivity in €, distances). We will apply Theo-
rem 4.25 to the probability metric £,, for p € [1, o0). It is therefore sufficient to
demonstrate that £, is !/p-homogeneous, regular, and p-convex.

1/p-homogeneity. Let v,V € Z(R) with associated random variables Z, Z’.
We make use of the fact that for y € [0, 1),

z
Fyz(2)=F4(=).
Y
Writing £} for the pth power of £, we have

Oyz.y2') = f IFy22) ~ Fr )z
R
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- fR IFo5) - Fr (o) dz

2 [ a0 Fral'a:

=yl (Z,Z'), (4.16)

where (a) follows from a change of variables z/y +— z in the integral. Therefore,
we deduce that £,(yZ,yZ') =y'P€,(Z,Z").

Regularity. Let v, € #(R), with Z, Z’ independent instantiations of v and
v/, respectively, and let W be a random variable independent of Z, Z’. Then,

OW+ZW+Z)= f \Fw.2(2) — Fw.z (2)IPdz
R

- fR Ew[Fs(z - W)l = Ew[Fp(z— W)IPdz

¢ f EwllF sz - W) = Fz(z - W)Pldz
R

Oy fR \Faz= W)= Fp(z— W)Pldz

=022,

where (a) follows from Jensen’s inequality, and (b) follows by swapping the
integral and expectation (more formally justified by Tonelli’s theorem).
p-convexity. Let « € (0, 1), and v1, v}, v2,Vv} € P (R). Note that

Foyr(-om @ =aF, (@) + (1 -a)F,,(2),

and similarly for the primed distributions ¥|, v;. By convexity of the function
z [z|? on the real numbers and Jensen’s inequality,

IF vy +(1-ayv,(2) = Fovt +(1-ay, @I
<alF,,(2) = Fy @I + (1 = )|F,,(2) = Fy, @I,
for all ze R. Hence,
fﬁ,’(avl +(1 -y, avi + (1 —a))) < afﬁ(vl, V) +(1- a)fﬁ(vz, v5),

and £, is p-convex. O

4.7 A Matter of Domain

Suppose that we have demonstrated, by means of Theorem 4.25, that the distri-
butional Bellman operator is a contraction mapping in the supremum extension
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of some probability metric d. Is this sufficient to guarantee that the sequence
M1 =T "1k

converges to the return function 77", by means of Proposition 4.7? In general,

no, because d may assign infinite distances to certain pairs of distributions.

To invoke Proposition 4.7, we identify a subset of probability distributions

Z,(R) that are all within finite d-distance of each other and then ensure that

the distributional Bellman operator is well behaved on this subset. Specifically,
we identify a set of conditions under which

(a) the distributional Bellman operator 77" maps Z2,;(R)* to itself, and
(b) the return function 77" (the fixed point of 77) lies in Z4(R)X.

For most common probability metrics and natural problem settings, these
requirements are easily verified. In Proposition 4.16, for example, we demon-
strated that under the assumption that the reward distributions are bounded,
then Proposition 4.7 can be applied with the Wasserstein distances. The aim of
this section is to extend the analysis to a broader set of probability metrics but
also to a greater number of problem settings, including those where the reward
distributions are not bounded.

Definition 4.26. Let d be a probability metric. Its finite domain 22,(R) € Z(R)
is the set of probability distributions with finite first moment and finite d-
distance to the distribution that puts all of its mass on zero:

ZR)={ve ZR):d(v,6p) <o, ZI@V[|Z|] <oo}. “4.17)
A

By the triangle inequality, for any two distributions v,v’' € Z,(R), we are
guaranteed d(v, v') < co. Although the choice of ¢ as the reference point is some-
what arbitrary, it is sensible given that many reinforcement learning problems
include the possibility of receiving no reward at all (e.g., G"(x) =0). The finite
first-moment assumption is made in light of Assumption 2.5, which guarantees
that return distributions have well-defined expectations.
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Proposition 4.27. Let d be a probability metric satisfying the conditions
of Theorem 4.25, with finite domain Z2;(R). Let 7" be the distribu-
tional Bellman operator corresponding to a given Markov decision process
(X, A, &, Px, Pr). Suppose that

(@) 7" € Z;(R), and
(b) Z,R) is closed under 77: for any n€ Z,(R)¥, we have that 77 €

PR,
Then for any initial condition g € Z2,(R), the sequence of iterates defined
by
Mes1 =T "Nk
converges to 77" with respect to d. A

Proposition 4.27 is a specialization of Proposition 4.7 to the distributional
setting and generalizes our earlier result regarding bounded reward distributions.
Effectively, it allows us to prove the convergence of the sequence (1 )0 for a
family of Markov decision processes satisfying the two conditions above. The
condition " € Z,4(R), while seemingly benign, does not automatically hold,;
Exercise 4.20 illustrates the issue using a modified p-Wasserstein distance.

Example 4.28 (£, metrics). For a given p €[1, o), the finite domain of the
probability metric £, is
PR =lve P[R): E [1Z]] <o},

the set of distributions with finite first moment. This follows because

0 -
05(v,60) = f F\(2)Pdz + f (1-F,(2))ldz
—oo 0

O 00
< f F,(2)dz + f (1I-F,(2)dz
—o0 0

Y B [max(0, —Z)] + E[max(0, Z)]
=E[|Z]],

where (a) follows from expressing F,(z) and 1 — F,(z) as integrals and using
Tonelli’s theorem:

f " - Fode= f " E[1(Z> dz
0 0 Z~v

-E| [ uz-a)
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= ZI@ [max(0,Z)],

and similarly for the integral from —oo to 0.

The conditions of Proposition 4.27 are guaranteed by Assumption 2.5
(rewards have finite first moments). From Chapter 2, we know that under
this assumption, the random return has finite expected value and hence

n'(x) € Z¢,(R), forall xeX.
Similarly, we can show from elementary operations that if R and G(x) satisfy
E[IRl|X=x]<oo, E[IG(x)]]<co, forallxeX,
then also
Eq[IR+yG(X)||X=x]<oco, forallxeX.

Following Proposition 4.27, provided that ng € ngy(R)X , then the sequence
(mr)k=0 converges to 17" with respect to Z’,,. A

When d is the p-Wasserstein distance (p € [1, oo]), the finite domain takes on
a particularly useful form that we denote by &Z,(IR):
Z,R)={ve Z(R): ZIE [1ZIP1< e}, pe[0,00),

ZoR)={re ZR):AC>0s.t. v([-C,C])=1}.

For p < oo, this is the set of distributions with bounded pth moments; for p = co,
the set of distributions with bounded support. In particular, observe that the
finite domains of ¢; and w; coincide: &, (R) = Z(R).

As with the £, distances, we can satisfy the conditions of Proposition 4.27
for d =w), by introducing an assumption on the reward distributions. In this
case, we simply require that these be in &2,(R). As this assumption will recur
throughout the book, we state it here in full; Exercise 4.11 goes through the
steps of the corresponding result.

Assumption 4.29(p). For each state-action pair (x,a) € X X A, the reward
distribution Pg(- | x, a) is in Z,(R). A

Proposition 4.30. Let p €[1, oo]. Under Assumption 4.29(p), the return
function 7" has finite pth moments (p = co: is bounded). In addition, for
any initial return function ng € &,(R), the sequence defined by

Mies1 =T "1k

converges to 17* with respect to the supremum p-Wasserstein metric. A
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4.8 Weak Convergence of Return Functions*

Proposition 4.27 implies that if each distribution 77" (x) lies in the finite domain
Z4(R) of a given probability metric d that is regular, c-homogeneous, and
p-convex, then 77" is the unique solution to the equation

n=7"n (4.18)

in the space Z2;(R)X. It does not, however, rule out the existence of solutions
outside this space. This concern can be addressed by showing that for any
no€ P (R)X, the sequence of probability distributions (17;(x))x>0 defined by

M1 =T "Mk
converges weakly to the return distribution 7" (x), for each state x € X. In addition
to giving an alternative perspective on the quantitative convergence results of

these iterates, the uniqueness of 77" as a solution to Equation 4.18 (stated as
Proposition 4.9) follows immediately from Proposition 4.34 below.

Definition 4.31. Let (v;)i>0 be a sequence of distributions in Z(R), and let v e
Z(R) be another probability distribution. We say that (v )0 converges weakly
to v if for every z € R at which F, is continuous, we have F,, (z) — F,(2). A

We will show that for each x € X, the sequence (77:(x))i>0 converges weakly
to 17 (x). A simple approach is to consider the relationships between well-chosen
instantiations of 7, (for each k € N) and 7", by means of the following classical
result (see e.g., Billingsley 2012). Recall that a sequence of random variables
(Zir=o converges to Z with probability 1 if

P(lim Z,=2)=1.

Lemma 4.32. Let (v)i=0 be a sequence in Z(R) and v € Z(R) be another
probability distribution. Let (Z;)r>o and Z be instantiations of these distributions
all defined on the same probability space. If Z; — Z with probability 1, then
vi — v weakly. A

Lemma 4.32 is not a uniformly applicable approach to demonstrating
weak convergence; there always exists such instantiations by Skorokhod’s
representation theorem (Section 25), but finding such instantiations is not
always straightforward. However, in our case, there are a very natural set of
instantiations that work, constructed by the following result.

Lemma 4.33. Letne P [R)X, and let G be an instantiation of n. For xe X, if
(X;, Ay, Ry)r>0 1s a random trajectory with initial state Xy = x and generated by
following &, independent of G, then Zf;(} Y'R, + y*G(X}) is an instantiation of
(T m)(x). A
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Proof. This follows by inductively applying Proposition 4.11. O

e D

Proposition 4.34. Let 179 € 2(R)%, and for k >0 define
M1 =T "Mk -

Then we have 7;(x) — 77" (x) weakly for each x € X, and consequently 7" is
the unique fixed point of 77 in Z(R)~. A

Proof. Fix xe€ X, let Gy be an instantiation of 79, and on the same probability
space, let (X;, A;, R;);>0 be a trajectory generated by 7 with initial state X, = x,
independent of G (the existence of such a probability space is guaranteed by
the Ionescu—-Tulcea theorem, as described in Remark 2.1). Then

k-1

G0 =D YR +¥Go(Xi)

t=0
is an instantiation of 7x(x) by Lemma 4.33. Furthermore, )%, ¥'R; is an
instantiation of 7" (x). We have

[Gr = 3" ¥R = Gox = Y ¥R < |Gotxo| + | 3 ¥R | =0,
=0 1=k 1=k
with probability 1. The convergence of the first term follows since |Go(X})| <
max.ex |Go(x)| is bounded with probability 1 (w.p. 1) and y* — 0, and the
convergence of the second term follows from convergence of Zf;ol v'R, to
Yoo Y'R: w.p. 1. Therefore, we have Gi(x) = Y >, ¥'R; w.p. 1, and so x(x) —
7" (x) weakly. Finally, this implies that there can be no other fixed point of
77 in 2R)X; if no were such a fixed point, then we would have n; =7y for
all £ >0 and would simultaneously have 7;(x) — 17" (x) weakly for all x€ X, a

contradiction unless ng =177". U

As the name indicates, the notion of weak convergence is not as strong as
many other notions of convergence of probability distributions. In general, it
does not even guarantee convergence of the mean of the sequence of distribu-
tions; see Exercise 4.21. In addition, we lose any notion of convergence rate
provided by the contractive nature of the distributional operator under specific
metrics. The need for stronger guarantees, such as those offered by Proposition
4.27, motivates the contraction mapping theory developed in this chapter.
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4.9 Random-Variable Bellman Operators*

In this chapter, we defined the distributional Bellman operator 7" as a mapping
on the space of return-distribution functions #2(R)X. We also saw that the action
of the operator on a return function 7€ Z(R)X can be understood both through
direct manipulation of the probability distributions or through manipulation of
a collection of random variables instantiating these distributions.

Viewing the operator through its effect on the distribution of a collection of
representative random variables is a useful tool for understanding distributional
reinforcement learning and may prompt the reader to ask whether it is possible
to avoid referring to probability distributions at all, working instead directly
with random variables. We describe one approach to this below using the tools
of probability theory and then discuss some of its shortcomings.

Let Gy = (Gy(x) : x € X) be an initial collection of real-valued random vari-
ables, indexed by state, supported on a probability space (Qy, %, Py). For each
ke N*, let (€, %, Py) be another probability space, supporting a collection of
random variables ((Ax(x), Rx(x, a), X (x,a)) : x € X, a € A), with Ay (x) ~ (- | x),
and independently Ri(x,a) ~ Pg(- | x,a), Xi(x,a) ~ Px(-|x,a). We then con-
sider the product probability space on Q =[]y k. All random variables
defined above can naturally be viewed as functions on this joint probability
space which depend on w = (wy, w1, Wy, ...) € Q only through the coordinate
wy that matches the index k on the random variable. Note that under this
construction, all random variables with distinct indices are independent.

Now define %y as the set of real-valued random variables on (Q, .%#,P)
(where .Z is the product o-algebra) that depend on only finitely many coordi-
nates of w € Q. We can define a Bellman operator 77 : 2y — 2y as follows.
GivenG=(G(x):xeX)e &VR?( , let K € N be the smallest integer such that the
random variables (G(x) : x € X) depend on w = (wy, W1, ws, ...) € Q only through
wy, ..., Wk-1; such an integer exists due to the definition of 2} and the finiteness
of X. We then define 77G € Zy by

(T7G)(x) = Rk (x, Ak (x)) + yG (X (x, Ak ().

With this definition, we can obtain a sequence of collections of random vari-
ables (Gy)is0, defined iteratively by Gy.i = 7*Gy, for k > 0.32 We have therefore
formalized an operator entirely within the realm of random variables, without
reference to the distributions of the iterates (G )i0. By construction, the distri-
bution of the random variables (Gy)i>o matches the sequence of distributions
that would be obtained by working directly on the space of probability dis-
tributions with the usual distributional Bellman operator. More concretely, if

32. This is real equality between random variables, rather than in distribution.
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10 € Z(R)X is such that 19(x) is the distribution of Go(x) for each x € X, then
we have that 7, defined by 1, = (77 )10, is such that 7,(x) is the distribution of
Gy (x), for each x € X. Thus, the random-variable Bellman operator constructed
above is consistent with the distributional Bellman operator that is the main
focus of this chapter.

One difficulty with this random variable operator is that it does not have a
fixed point; while the distribution of the random variables Gy (-) converges to that
of G”(-), the random variables themselves, as functions on the probability space,
do not converge.>* Thus, while it is one way to view distributional reinforcement
learning purely in terms of random variables, it is much less natural to analyze
algorithms from this perspective, rather than through probability distributions
as described in this chapter.

4.10 Technical Remarks

Remark 4.1. Our exposition in this chapter has focused on the standard
distributional Bellman equation

G"(0) 2R +yG"(X'), X=x.

A similar development is possible with the alternative notions of random return
mentioned in Section 2.9, including the random-horizon return. In general, the
distributional operators that arise from these alternative notions of the random
return are still contraction mappings, although the metrics and contraction
moduli involved in these statements differ. For example, while the standard
distributional Bellman operator is not a contraction in total variation distance,
the distributional Bellman operator associated with the random-horizon return
is; Exercise 4.17 explores this point in greater detail. A

Remark 4.2. The ideas developed in this chapter, and indeed the other chapters
of the book, can also be applied to learning other properties related to the return.
Achab (2020) explores several methods for learning the distribution of the
random variables R +yV”(X"), under the different possible initial conditions X =
x; these objects interpolate between the expected return and the full distribution
of the return. Exercise 4.22 explores the development of contractive operators
for the distributions of these objects. A

Remark 4.3. As well as allowing us to quantify the contractivity of the distribu-
tional Bellman operator, the probability metrics described in this chapter can be
used to measure the accuracy of algorithms that aim to approximate the return

33. This is a fairly subtle point — the reader is invited to consider what happens to G (x) and G™(x)
as mappings from Q to R.
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distribution. In particular, they can be used to give quantitative guarantees on the
accuracy of the nonparametric distributional Monte Carlo algorithm described
in Remark 3.1. These guarantees can then be used to determine how many
sample trajectories are required to approximate the true return distribution at a
required level of accuracy: for example, when evaluating the performance of
the algorithms in Chapters 5 and 6. We assume that K returns (Gk)szl beginning
at state xo have been generated independently via the policy 7 and consider the
accuracy of the nonparametric distributional Monte Carlo estimator

. s
1 (xo)=EZ(56k-
=l

Different realizations of the sampled returns will lead to different estimates; the
following result provides a guarantee in the Kolmogorov—Smirnov distance ¢,
that holds with high probability over the possible realizations of the returns. For
any € >0, we have

Lo (7 (x0), 7™(x0)) < &, with probability at least 1 — 2 exp(—2K&?).

Thus, for a desired level of accuracy € and a desired confidence 1 -9, K can
be selected so that 2 exp(—2K&?) < §, which then yields the guarantee that with
probability at least 1 —d, we have £ (77" (x0), 17" (x9)) < &. This is in fact a key
result in empirical process theory known as the Dvoretzky—Kiefer—Wolfowitz
inequality (Dvoretzky et al. 1956; Massart 1990). Its uses specifically in rein-
forcement learning include the works of Keramati et al. (2020) and Chandak
et al. (2021). Similar concentration bounds are possible under other probability
metrics (such as the Wasserstein distances; see, e.g., Weed and Bach 2019;
Bobkov and Ledoux 2019), though typically some form of a priori information
about the return distribution, such as bounds on minimum/maximum returns, is
required to establish such bounds. A

4.11 Bibliographical Remarks

4.1-4.2. The use of operator theory to understand reinforcement learning algo-
rithms is standard to most textbooks in the field (Bertsekas and Tsitsiklis 1996;
Szepesvari 2010; Puterman 2014; Sutton and Barto 2018), and is commonly
used in theoretical reinforcement learning (Munos 2003; Bertsekas 2011; Scher-
rer 2014). Puterman (2014) provides a thorough introduction to vector notation
for Markov decision processes. Improved convergence results can be obtained
by studying the eigenspectrum of the transition kernel, as shown by, for exam-
ple, Morton (1971) and Bertsekas (1994, 2012). The elementary contraction
mapping theory described in Section 4.2 goes back to Banach (1922). Our
reference on metric spaces is the definitive textbook by Rudin (1976).
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Not all reinforcement learning algorithms are readily analyzed using the
theory of contraction mappings. This is the case for policy-gradient algorithms
(Sutton et al. 2000; but see Ghosh et al. 2020; Bhandari and Russo 2021), but
also value-based algorithms such as advantage learning (Baird 1999; Bellemare
et al. 2016).

4.3. The random-variable Bellman operator presented here is from our earlier
work (Bellemare et al. 2017a), which provided an analysis in the p-Wasserstein
distances. There, the technical issues discussed in Section 4.9 were obviated
by declaring R, X" and the collection (G(x) : x € X) to be independent. Those
issues were raised in a later paper (Rowland et al. 2018), which also introduced
the distributional Bellman equation in terms of probability measures and the
pushforward notation. The probability density equation (Equation 4.9) can be
found in Morimura et al. (2010b). Earlier instances of distributional operators
are given by Chung and Sobel (1987) and Morimura et al. (2010a), who provide
an operator on cumulative distribution functions and Jaquette (1976), who
provides an operator on Laplace transforms.

4.4. The Wasserstein distance can be traced back to Leonid Kantorovich (1942)
and has been rediscovered (and renamed) multiple times in its history. The name
we use here is common but a misnomer as Leonid Vaserstein (after whom the
distance is named) did not himself do any substantial work on the topic. Among
other names, we note the Mallows metric (Bickel and Freedman 1981) and the
Earth—Mover distance (Rubner et al. 1998). Much earlier, Monge (1781) was
the first to study the problem of optimal transportation from a transport theory
perspective. See Vershik (2013) and Panaretos and Zemel (2020) for further
historical comments and Villani (2008) for a survey of theoretical properties.
A version of the contraction analysis in p-Wasserstein distances was given by
Bellemare et al. (2017a); we owe the proof of Proposition 4.15 in terms of
optimal couplings to Philip Amortila.

The use of contraction mapping theory to analyze stochastic fixed-point equa-
tions was introduced by Rosler (1991), who analyzes the Quicksort algorithm
by characterizing the distributional fixed points of contraction mappings in 2-
Wasserstein distance. Applications and generalization of this technique include
the analysis of further recursive algorithms, models in stochastic geometry, and
branching processes (Rosler 1992; Rachev and Riischendorf 1995; Neininger
1999; Rosler and Riischendorf 2001; Rosler 2001; Neininger 2001; Neininger
and Riischendorf 2004; Riischendorf 2006; Riischendorf and Neininger 2006;
Alsmeyer 2012). Although the random-variable Bellman equation (Equation
2.15) can be viewed as a system of recursive distributional equations, the empha-
sis on a collection of effectively independent random variables (G”) differs from
the usual treatment of such equations.
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4.5. The family of ¢, distances described in this chapter is covered at length
in the work of Rachev et al. (2013), which studies an impressive variety of
probability metrics. A version of the contraction analysis in Cramér distance
was originally given by Rowland et al. (2018). In two and more dimensions, the
Cramér distance is generalized by the energy distance (Székely 2002; Székely
and Rizzo 2013; Rizzo and Székely 2016), itself a member of the maximum
mean discrepancy (MMD) family (Gretton et al. 2012); contraction analysis
in terms of MMD metrics was undertaken by Nguyen et al. (2021) (see Exer-
cise 4.19 for further details). Another special case of the £, metrics considered in
this chapter is the Kolmogorov—Smirnov distance ({.,), which features in results
in empirical process theory, such as the Glivenko—Cantelli theorem. Many of
these metrics are integral probability metrics (Miiller 1997), which allows for a
dual formulation with appealing algorithmic consequences. Chung and Sobel
(1987) provide a nonexpansion result in total variation distance (without naming
it as such; the proof uses an integral probability metric formulation).

4.6. The properties of regularity, convexity, and c-homogeneity were introduced
by Zolotarev (1976) in a slightly more general setting. Our earlier work pre-
sented these in a modern context (Bellemare et al. 2017b), albeit with only a
mention of their potential use in reinforcement learning. Although that work
proposed the term “sum-invariant” as mnemonically simpler, this is only techni-
cally correct when Equation 4.15 holds with equality; we have thus chosen to
keep the original name. Theorem 4.25 is new to this book.

The characterization of the Wasserstein distance as an optimal transport prob-
lem in Proposition 4.18 is the standard presentation of the Wasserstein distance
in more abstract settings, which allows it to be applied to probability distri-
butions over reasonably general metric spaces (Villani 2003, 2008; Ambrosio
et al. 2005; Santambrogio 2015). Optimal transport has also increasingly found
application within machine learning in recent years, particularly in generative
modeling (Arjovsky et al. 2017). Optimal transport and couplings also arise
in the study of bisimulation metrics for Markov decision processes (Ferns et
al. 2004; Ferns and Precup 2014; Amortila et al. 2019) as well as analytical
tools for sample-based algorithms (Amortila et al. 2020). Peyré and Cuturi
(2019) provide an overview of algorithms, analysis, and applications associated
with optimal transport in machine learning and related disciplines.
4.7-4.8. Villani (2008) gives further discussion on the domain of Wasserstein
distances and on their relationship to weak convergence.

4.9. The usefulness of a random-variable operator has been a source of intense
debate between the authors of this book. The form we present here is inspired
by the “stack of rewards” model from Lattimore and Szepesvari (2020).
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4.12 Exercises

Exercise 4.1. Show that the no-loop operator defined in Example 4.6 is a
contraction mapping with modulus

B=ymaxP (X #x|X=x). A
xeX

Exercise 4.2. For p €1, c0), let||-||, be the L” norm over R¥X, defined as

i, =( > veor)”.

xeX
Show that 77 is not a contraction mapping in the metric induced by the L?
norm unless p = oo (see Equation 4.4 for a definition of the L™ metric). Hint. A
two-state example suffices. A

Exercise 4.3. In this exercise, you will use the ideas of Section 4.1 to study
several operators associated with expected-value reinforcement learning.

(i) For neN*, consider the n-step evaluation operator TT : R — R defined
by

n—1

D VR A+YVX,)

=0

(T V)(x) =Ex

onx].

Show that 7] has V™ as a fixed point and is a contraction mapping with
respect to the L™ metric with contraction modulus y". Hence, deduce that
repeated application of 77 to any initial value function estimate converges
to V”. Show that in fact, T = (T7)".

(ii) Consider the A-return operator 77 : RY — R¥ defined by

X():)C

00 n—1
TV@=(1=0 ) 2B 3 ¥R+ V(Xo)
n=1 =0

Show that 77 has V™ as a fixed point and is a contraction mapping with
respect to the L™ metric with contraction modulus

1-2
4 1-ya)"

Hence, deduce that repeated application of 7 to any initial value function
estimate converges to V”. A

Exercise 4.4. Consider the random-variable operator (Equation 4.7). Given
a return-variable function Gy, write Gy(x, w) = Gy(x)(w) for the realization
of the random return corresponding to w € Q. Additionally, for each x€ X,
let (x, A(x), R(x), X’(x)) be an independent random transition defined on the
same probability space, and write (A(x, w), R(x, w), X'(x, w)) to denote the
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dependence of these random variables on w € Q. Suppose that for each k>0,
we define the return-variable function Gy, as

Gir1(x, w) = R(x, w) + YGi(X' (x, ), w) .
For a given x, characterize the function
G'(x,w)= klim Gi(x,w). A

Exercise 4.5. Suppose that you are given a description of a Markov decision
process along with a policy &, with the property that the policy 7 reaches a
terminal state (i.e., one for which the return is zero) in at most 7 € N steps.
Describe a recursive procedure that takes in a scalar w on [0, 1] and outputs
a return z € R such that P(G"(X,) < z) = w. Hint. You may want to use the fact
that sampling a random variable Z can be emulated by drawing t uniformly
from [0, 1], and returning F,' (7). A

Exercise 4.6. Let pe[1,00].

(i) Show that for any v,v" € Z(R) with finite pth moments, we have w,(v, v) <
oo. Hint. Use the triangle inequality with intermediate distribution 8y. Hence,
prove that the p-Wasserstein metric is indeed a metric on &,(R), for p€
[1, c0].

(i1) Show that on the space &(R), the p-Wasserstein metric satisfies all require-
ments of a metric except finiteness. For each p €[1, co], exhibit a pair of
distributions v,v" € Z(R) such that w,(v, V") = co.

(iii) Show that if 1 <g < p < oo, we have E[|Z|’] < co = E[|Z]|?] < co for any
random variable Z. Deduce that Z,(R) C &,(R). Hint. Consider applying
Jensen’s inequality with the function z > |z]P/9. A

Exercise 4.7. Letd: Z(R) x Z(R) — [0, oo] be a probability metric with finite
domain Z2,(R).

(i) Prove that the supremum distance d is an extended metric on Z2(R)¥.
(i) Prove that it is a metric on Z,;(R)~. A

Exercise 4.8. Prove Proposition 4.15 for p = co. A

Exercise 4.9. Consider two normally distributed random variables with mean
u and ¢’ and common variance 0. Derive an expression for the co-Wasserstein
distance between these two distributions. Conclude that Assumption 4.29(co) is
sufficient, but not necessary, for two distributions to have finite co-Wasserstein
distance. How does the situation change if the two normal distributions in
question have unequal variances? A
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Exercise 4.10. Explain, in words, why Assumption 4.29(p) is needed for Propo-
sition 4.30. By considering the definition of the p-Wasserstein distance, explain
why for p>1 and 1 < g < p, Assumption 4.29(q) is not sufficient to guarantee
convergence in the p-Wasserstein distance. A

Exercise 4.11. This exercise guides you through the proof of Proposition 4.30.

(i) First, show that under Assumption 4.29(p), the return distributions 7" (x)
have finite pth moments, for all x € X. You may find it useful to deal with
p = oo separately, and in the case p €[1, o), you may find it useful to rewrite

Ee| D VR 1 X=x] =1 =9 PEA]| D11 =y0'R|" 1 X = 2]
=0 =0

and use Jensen’s inequality on the function z — |z|7.

(i) Let ne WP(R)X , and let G be an instantiation of 5. First letting p e
[1, 00), use the inequality |z; + z,|” <2P71(|z117 + |z2|P) to argue that if (X =
x,A, R, X") is a sample transition independent of G, then

EA[IR+yGXP | X =x]<eo.

Hence, argue that under Assumption 4.29(p), @,,(R)X is closed under 77.
Argue separately that this holds for p = oo too.

Hence, argue that Proposition 4.27 applies, and hence conclude that Proposi-
tion 4.30 holds. A

Exercise 4.12. In the proof of Theorem 4.25, we did not need to assume that
for the two distinct states x, y € X, their associated returns G(x) and G(y) are
independent. Explain why. A

Exercise 4.13. The (1,1)-Pareto distribution v,,; has cumulative distribution

0 ifz<l1,

FVPAR(Z): l_% ifz>1.

Justify the necessity of including Assumption 2.5 (finite-mean rewards) in
Definition 4.26 by demonstrating that

52(VPAR7 60) <00 yet ZE [Z] =00. A

Exercise 4.14. The purpose of this exercise is to contrast the p-Wasserstein and
¢, distances. For each of the following, find a pair of probability distributions
v,V € Z(R) such that, for a given £ >0,

(i) wa(v,v’) smaller than £,(v,V");

>ii) wo(v,v’) larger than £,(v,V");
>iii) weo(v,v)=€eand lo,(v,V')=1;
(iv) weo(r,v)=1and {,(v,V') = €. A
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Exercise 4.15. Show that the dependence on '/ is tight in Proposition 4.20.
A

Exercise 4.16. The rotal variation distance dry : (R) x Z(R) — R is defined
by
dry(v,v') =sup W(U) - v'(U)|, (4.19)
UCR
for all v,v' € Z(R).>* Show, by means of a counterexample, that the distribu-
tional Bellman operator is not a contraction mapping in the supremum extension
of this distance. A

Exercise 4.17. Consider the alternative notion of the return introduced in
Section 2.9, the random-horizon return, for which vy is treated as the prob-
ability of continuing. Write down the distributional Bellman operator that
corresponds to this random-horizon return. For which metrics considered in this
chapter is this distributional Bellman operator a contraction mapping? Show in
particular that this distributional Bellman operator is a contraction with respect
to the supremum version of the total variation distance over return-distribution
functions, introduced in Exercise 4.16. What is its contraction modulus? A

Exercise 4.18. Remark 2.3 describes some differences between Markov deci-
sion processes with finite state spaces (as we consider throughout the book) and
generalizations with infinite state spaces. The contraction mapping theory in
this chapter is one case where stronger assumptions are required when moving
to larger state spaces. Using the example described in Remark 2.3, show that
Assumption 4.29(w) is insufficient to make &2;(R) closed under the distribu-
tional Bellman operator 7" when the state space is countably infinite. How
could this assumption be strengthened to guarantee closedness? A

Exercise 4.19 (*). The goal of this exercise is to explore the contractivity of
the distributional Bellman operator with respect to a class of metrics known
as maximum mean discrepancies; this analysis was undertaken by Nguyen et
al. (2021). A kernel on R is a function K : R X R — R with the property that for
any finite set {zy, ..., z,} € R, the m X m matrix with (i, j)th entry K(z;, z;) is pos-
itive semi-definite. A function K : R X R — R satisfying the weaker condition
that

n

Z C,'CJ‘K(Z[, Zj) >0

ij=1

34. For the reader with a measure-theoretic background, the supremum here is over measurable
subsets of R.

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



Operators and Metrics 113

whenever )", ¢; =0 is called a conditionally positive-definite kernel. Condi-
tionally positive-definite kernels form a measure of similarity between pairs of
points in R and can also be used to define notions of distance over probability
distributions. The maximum mean discrepancy (MMD) associated with the
conditionally positive-definite kernel K is defined by
1/2
MMDk (v, V) = ]E;((;v [K(X,X")]+ E)l//,~v’/ [K(Y,Y")] - 2E))/(~v, [KX. DI

where each pair of random variables in the expectations above is taken to be
independent.

(1) Consider the function K,(z1, z2) = —|z1 — z2|%, with @ € (0, 2). Székely and
Rizzo (2013, Proposition 2) show that this defines a conditionally positive-
definite kernel. Show that MMDy, is regular, c-homogeneous (for some ¢ >
0), and p-convex (for some p €[1, 0)). Hence, use Theorem 4.25 to establish
that the distributional Bellman operator is a contraction with respect to
MMDyk, , under suitable assumptions.

(i) The Gaussian kernel, or squared exponential kernel, with variance or>0
and length scale 1> 0 is defined by K(z1,22) = 02 exp(—(z1 — 22)*/(24%)).
Show, through the use of a counterexample, that the MMD corresponding
to the Gaussian kernel is not c-homogeneous for any ¢ > 0, and so Theo-
rem 4.25 cannot be applied. Further, find an MDP and policy x that serve as
a counterexample to the contractivity of the distributional Bellman operator
with respect to this MMD metric. A

Exercise 4.20. Let p €[1, o], and consider a modification of the p-Wasserstein
distance, W), such that w,(v,v") = w,(v,v") if both v,v" € Z(R) are expressible
as finite mixtures of Dirac deltas, and W, (v, v’) = co otherwise.

(i) Show that #; (IR) is the set of distributions expressible as finite mixtures
of Dirac deltas.
(i) Exhibit a Markov decision process and policy 7 for which all conditions of
Proposition 4.27 hold except for the condition 7" € Zy, R)Y .
(iii) Show that the sequence of iterates (7)o does not converge to 77" under
W), in this case. A

Exercise 4.21. Consider the sequence of distributions ()2, defined by

LN
V= —— —0y -
k 00T ok
Show that this sequence converges weakly to another distribution v. From this,

deduce that weak convergence does not imply convergence of expectations. A
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Exercise 4.22. Achab (2020) considers the random variables
G (x)=R+yV"(X), X=x.

What does the distribution of this random variable capture about the underlying
MDP and policy n? Using the tools of this chapter, derive an operator over
Z(R)X that has the collection of distributions corresponding to this random
variable under each of the initial conditions in X as a fixed point, and analyze
the properties of this operator. A
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5 Distributional Dynamic Programming

Markov decision processes model the dynamics of an agent exerting control
over its environment. Once the agent’s policy is selected, a Markov decision
process gives rise to a sequential system whose behavior we would like to char-
acterize. In particular, policy evaluation describes the process of determining
the returns obtained from following a policy 7. Algorithmically, this translates
into the problem of computing the value or return-distribution function given
the parameters of the Markov decision process and the agent’s policy.

Computing the return-distribution function requires being able to describe
the output of the algorithm in terms of atomic objects (depending on the pro-
gramming language, these may be bits, floating point numbers, vectors, or even
functions). This is challenging because in general, return distributions take on a
continuum of values (i.e., they are infinite-dimensional objects). By contrast,
the expected return from a state x is described by a single real number. Defining
an algorithm that computes return-distribution functions first requires us to
decide how we represent probability distributions in memory, knowing that
some approximation error must be incurred if we want to keep things finite.

This chapter takes a look at different representations of probability distribu-
tions as they relate to the problem of computing return-distribution functions.
We will see that, unlike the relatively straightforward problem of computing
value functions, there is no obviously best representation for return-distribution
functions and that different finite-memory representations offer different advan-
tages. We will also see that making effective use of different representations
requires different algorithms.

5.1 Computational Model

As before, we assume that the environment is described as a finite-state, finite-
action Markov decision process. We write Ny and N4 for the size of the state
and action spaces X and A. When describing algorithms in this chapter, we will

115
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further assume that the reward distributions Pg( - | x, a) are supported on a finite
set R of size Ng; we discuss a way of lifting this assumption in Remark 5.1.
Of note, having finitely many rewards guarantees the existence of an interval
[ Vi Vaax] Within which the returns lie.>®> We measure the complexity of a
particular algorithm in terms of the number of atomic instructions or memory
words it requires, assuming that these can reasonably be implemented in a
physical computer, as described by the random-access machine (RAM) model
of computation (Cormen et al. 2001).

In classical reinforcement learning, linear algebra provides a simple algorithm
for computing the value function of a policy n. In vector notation, the Bellman
equation is

Vi=r" +yP"V", 5.1
where the transition function P" is represented as an Ny-dimensional square
stochastic matrix, and " is an Nx-dimensional vector. With some matrix algebra,
we deduce that

Vi=r" +yP"V"
= (I—-yPHV"=/"
= V*=(I-yP) /. (5.2)

The computational cost of determining V" is dominated by the matrix inversion,
requiring O(N)3<) operations. The result is exact. The matrix P* and the vector
r* are constructed entry-wise by writing expectations as sums:

P |x)= )" mlal \)Px(x' | x,a)

aeA
(x)= Z Zﬂ(a | X)Pg(r | x,a) X r.

aeA reR
‘When the matrix inversion is undesirable, the value function can instead be
found by dynamic programming. Dynamic programming describes a wide vari-
ety of computational methods that find the solution to a given problem by
caching intermediate results. In reinforcement learning, the dynamic program-
ming approach for finding the value function V7", also called iterative policy
evaluation, begins with an initial estimate Vy € R and successively computes

Vier =T"Vy

for k=1,2,..., until some desired number of iterations K have been performed
or some stopping criterion is reached. This is possible because, when X, A, and

35. We can always take Ry and Ry,x to be the smallest and largest possible rewards, respectively.
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R are all finite, the Bellman operator can be written in terms of sums:

TV =Y > 3 PrA=a,R=r,X'=x | X=0)[r+yVi(x)] . (5.3)

aeA reR x'eX

n(a | )Px(' | x.a)Pr(r | x.a)

A naive implementation expresses these sums as nested For loops. Since the new
value function must be computed at all states, this naive implementation requires
on the order of N = Nf\,N aNg operations. We can do better by implementing it
in terms of vector operations:

Vis1 =17 +yP" V., 54

where V; is stored in memory as an Ny-dimensional vector. A single appli-
cation of the Bellman operator with vectors and matrices requires O(N)Z(N 7+
NxNaNg) operations for computing * and P”, and O(N)z() operations for the
matrix-vector multiplication. As " and P" do not need to be recomputed
between iterations, the dominant cost of this process comes from the successive
matrix multiplications, requiring O(KN%) operations.*

In general, the iterates (Vi)i>0 Will not reach V* after any finite number of
iterations. However, the contractive nature of the Bellman operator allows us to
bound the distance from any iterate to the fixed point V”.

Proposition 5.1. Let V; € RY be an initial value function and consider the
iterates
Vie1 =TV, . (5.5)
For any £ > 0, if we take
log (3) +10g(I[Vo = V7ll)
1
log (3)

& = >

then for all k£ > K., we have that
Vi = Vil <e.
For V, =0, the dependency on V” can be simplified by noting that
log(IlVo = V7llw) = log(llV"lleo) < log (max([Vyml, [Vaax)) - A

Proof. Since T™ is a contraction mapping with respect to the L™ metric with con-
traction modulus y (Proposition 4.4), and V” is its fixed point (Proposition 2.12),

36. Assuming that the number of states Ny is large compared to the number of actions Ng and
rewards Ng. For transition functions with special structure (sparsity, low rank, etc.), one can hope
to do even better.
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we have for any k> 1
Vi = VVlloo = IT" Vit = TV loo < YIVie1 = Vleo
and so by induction we have
Vi = Vlleo < ¥4 11Vo = Vlleo -

Setting the right-hand side to be less than or equal to € and rearranging gives
the required inequality for K. O

From Proposition 5.1, we conclude that we can obtain an g-approximation
to V" in O(KgNi,) operations, by applying the Bellman operator K, times to
an initial value function V, = 0. Since the iterate V; can be represented as an
Nx-dimensional vector and is the only object that the algorithm needs to store in
memory (other than the description of the MDP itself), this shows that iterative
policy evaluation can approximate V" efficiently.

5.2 Representing Return-Distribution Functions

Now, let us consider what happens in distributional reinforcement learning.
As with any computational problem, we first must decide on a data structure
that our algorithms operate on. The heart of our data structure is a scheme for
representing return-distribution functions in memory. We call such a scheme a
probability distribution representation.

Definition 5.2. A probability distribution representation %, or simply repre-
sentation, is a collection of probability distributions indexed by a parameter 6
from some set of allowed parameters ®:

F ={Pye Z(R):0€0}. A

Example 5.3. The Bernoulli representation is the set of all Bernoulli distribu-
tions:
Fg={(1-p)so+pd1:pel0,1]}. A

Example 5.4. The uniform representation is the set of all uniform distributions
on finite-length intervals:

Fu={U([a,b]):a,beR,a<b}. A

We represent return functions using a table of probability distributions, each
associated with a given state and described in our chosen representation. For
example, a uniform return function is described in memory by a table of 2Ny
numbers, corresponding to the upper and lower ends of the distribution at each
state. By extension, we call such a table a representation of return-distribution
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functions. Formally, for a representation .#, the space of representable return
functions is .7 .

With this data structure in mind, let us consider the procedure (introduced by
Equation 4.10) that approximates the return function 77" by repeatedly applying
the distributional Bellman operator:

M1 =T "Nk - (5.6)

Because an operator is an abstract object, Equation 5.6 describes a mathematical
procedure, rather than a computer program. To obtain the latter, we begin by
expressing the distributional Bellman operator as a sum, analogous to Equation
5.3. Recall that the distributional operator is defined by an expectation over the
random variables R and X”:

(T7m)(x) = Exl(bry)an(X") [ X = x]. (5.7

Here, the expectation describes a mixture of pushforward distributions. By
writing this expectation in full, we find that this mixture is given by

(T7n)(x) = Z Z Z PrA=a,R=r,X =x | X=x)(byy)sn(x'). (5.8)

aeA reRk x'eX
The pushforward operation scales and then shifts (by y and r, respectively)
the support of the probability distribution 7n(x"), as depicted in Figure 2.5.
Implementing the distributional Bellman operator therefore requires being able
to efficiently perform the shift-and-scale operation and compute mixtures of
probability distributions; we caught a glimpse of what that might entail when
we derived categorical temporal-difference learning in Chapter 3.

Cumulative distribution functions allow us to rewrite Equations 5.7-5.8 in
terms of vector-like objects, providing a nice parallel with the usual vector
notation for the expected-value setting. Let us write F,,(x, 2) = Fy(z) to denote
the cumulative distribution function of 7(x). We can equally express Equation
5.7 as>’

(T"Fp)(x,2) = B [ F (X, -TR) | X =x| (5.9)
As a weighted sum of cumulative distribution functions, Equation 5.9 is
T F)x)=Y Y 3 PlA=a,R=r.X =x | X=2)F,(¥,Z!). (5.10)
aeA reR x'eX
Similar to Equation 5.1, we can set ', = Fy» on both sides of Equation 5.10 to
obtain the linear system:

F,Yn(x,z)=z Z Z Pr(A=a,R=rX'=x"| X=x)Fp(x, £F).

aceA reR x'eX

37. With Chapter 4 in mind, note that we are overloading operator notation when we apply 7" to
collections of cumulative distribution functions, rather than return-distribution functions.
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However, this particular set of equations is infinite-dimensional. This is because
cumulative distribution functions are themselves infinite-dimensional objects,
more specifically elements of the space of monotonically increasing functions
mapping R to [0, 1]. Because of this, we cannot describe them in physical
memory, at least not on a modern-day computer. This gives a concrete argument
as to why we cannot simply “store” a probability distribution but must instead
use a probability distribution representation as our data structure. For the same
reason, a direct algebraic solution to Equation 5.10 is not possible, in contrast to
the expected-value setting (Equation 5.2). This justifies the need for a dynamic
programming method to approximate 7".

Creating an algorithm for computing the return-distribution function requires
us to implement the distributional Bellman operator in terms of our chosen
representation. Conversely, we should choose a representation that supports an
efficient implementation. Unlike the value function setting, however, there is
no single best representation — making this choice requires balancing available
memory, accuracy, and the downstream uses of the return-distribution function.
The rest of this chapter is dedicated to studying these trade-offs and developing
a theory of what makes for a good representation. Like Goldilocks faced with
her choices, we first consider the situation where memory and computation are
plentiful, then the use of normal distributions to construct a minimally viable
return-distribution function, before finally introducing fixed-size empirical
representations as a sensible and practical middle ground.

5.3 The Empirical Representation

Simple representations like the Bernoulli representation are ill-suited to describe,
say, the different outcomes in blackjack (Example 2.7) or the variations in
the return distributions from different policies (Example 2.9). Although there
are scenarios in which a representation with few parameters gives a reason-
able approximation, the most general-purpose algorithms for computing return
distributions should be based on representations that are sufficiently expressive.

To understand what “sufficiently expressive” might mean, let us consider
what it means to implement the iterative procedure

Mieet =T "1 (5.11)

The most direct implementation is a FOr loop over the iteration number k =
0,1,..., interleaving

(a) determining (7 "n;)(x) for each x € X, and
(b) expressing the outcome as a return-distribution function 7, € 7.
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The first step of this procedure is an algorithm that emulates the operator 77,
which we may call the operator-algorithm. When used as part of the for loop,
the output of this operator-algorithm at iteration k becomes the input at iteration
k+ 1. As such, it is desirable for the inputs and outputs of the operator-algorithm
to have the same type: given as input a return function represented by .%, the
operator-algorithm should produce a new return function that is also represented
by .%. A prerequisite is that the representation .# be closed under the operator
97", in the sense that

neF¥ = 7 'ne F7X. (5.12)
The empirical representation satisfies this desideratum.

Definition 5.5. The empirical representation is the set g of empirical
distributions

m m
g‘\EZ{ p,‘(Sgi2m€N+,9i€R,pi20,Z[)i=1}. A
i=1 i=1
An empirical distribution v € #g can be stored in memory as a finite list of
pairs (6;, p;);-,. We call individual elements of such a distribution particles,
each consisting of a probability and a location. Notationally, we extend the
empirical representation to return distributions by writing

m(x)

nx)= Z Pi(X)d6,x) (5.13)
p

for the return distribution corresponding to state x.

The application of the distributional Bellman operator to empirical proba-
bility distributions has a particular convenient form that we formalize with the
following lemma and proposition.

Lemma 5.6. Let ve.%g be an empirical distribution with parameters m and
(6;, p),. For reR and y € R, we have

m
(br,y)#v = Z p[6r+y9i . A
i=1

In words, the application of the bootstrap function to an empirical distribution
v shifts and scales the locations of that distribution (see Exercise 5.7). This
property was implicit in our description of the pushforward operation in Chapter
2, and we made use of it (also implicitly) to derive the categorical temporal-
difference learning algorithm in Chapter 3.
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Proposition 5.7. Provided that the set of possible rewards R is finite, the
empirical representation .#g is closed under 7. In particular, if n € 9;}’ is
a return-distribution with parameters (( pi(x), 6; (x))'"(x) xeX ) then

m(x")

T MO =3 > Pr(A=a,R=r,X'=x | X=x) Z PiY )61 y0,00)-

aeA reR x'eX
(5.14)

A

Proof. Pick a state xe X. For a triple (a,r,x’) e AXRXX, write P, =
P,(A=a,R=r,X'=x"| X=x). Then,

T DD E DI Pawlbry)en(x')

acA reR x'eX
m(x’)
= Z Z Z Pu rx (bry)# Z Pz(x )6«9():)
acA reR x'eX
m(x")

® Z Z Z Purv Z Pi(X)0ry6,0)

acA reR x'eX
m’

— ’

- Z p ]60./'
=1

for some collection (9’ I ) |- Line (a) is Equation 5.8 and (b) follows from
Lemma 5.6. We conclude that (T7™n)(x) € g, and hence F is closed under
(7"’”. D

Algorithm 5.1 uses Proposition 5.7 to compute the application of the distri-
butional Bellman operator to any n represented by .%g. It implements Equation
5.14 almost verbatim, with two simplifications. First, it uses the fact that the
particle locations for a distribution (7 "1)(x) only depend on r and x’ but not
on a. This allows us to produce a single particle for each reward-next-state
pair. Second, it also encodes the fact that the return is O from the terminal state,
making dynamic programming more effective from this state (Exercise 5.3 asks
you to justify this claim). Since the output of Algorithm 5.1 is also a return
function from .%g, we can use it to produce the iterates 171, 1,, . .. from an initial
return function 7 € QEX .

Because % is closed under 7", we can analyze the behavior of this
procedure using the theory of contraction mappings (Chapter 4). Here we
bound the number of iterations needed to obtain an g-approximation to the
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Algorithm 5.1: Empirical representation distributional Bellman

operator

Algorithm parameters: 7, expressed as 6 = ((6;(x), pi(x)):.'i(f) :xeX)

foreach xe X do
@’ (x) < EmprY LisT
foreach x’ € X do
foreach r€ R do
Wy — Yaean(al X)PR(r | x,a)Px(x" | x,a)
if x’ is terminal then
| AppeND (1, @)y) to @' (x)
else
fori=1,....m(x’)do
| APPEND (r + y0;(x’), v pi(X)) to 6’ (x)
end for

end foreach

end foreach
end foreach
return ¢

return-distribution function 77", as measured by a supremum p-Wasserstein
metric.

Proposition 5.8. Consider an initial return function 79(x) = d¢ for all xe X
and the dynamic programming approach that iteratively computes

Mt =T "1k
by means of Algorithm 5.1. Let £ >0 and let

log () + log ( max(|Vyul, | Viax
K> g () +log( 1(| [, [Vaaax])) .
log (3)

Then, for all k > K, we have that

Wy, 1) <& Vpe[l, o],

where w), is the supremum p-Wasserstein distance. A

Proof. Similar to the proof of Proposition 5.1, since 7" is a contraction map-
ping with respect to the w, metric with contraction modulus y (Proposition 4.15),
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and 77" is its fixed point (Propositions 2.17 and 4.9), we can deduce

W 1) <YWy (10,77) -
Since 179 = 69 and 77" is supported on [V, Vuax ], We can upper-bound w, (1o, 17)

by max(|Vyml, |Vusx|)- Setting the right-hand side to be less than or equal to &
and rearranging gives the required inequality for K. O

Although we state Proposition 5.8 in terms of p-Wasserstein distance for
concreteness, we can also obtain similar results more generally for probability
metrics under which the distributional Bellman operator is contractive.

The analysis of this section shows that the empirical representation is suffi-
ciently expressive to support an iterative procedure for approximating the return
function 77" to an arbitrary precision, due to being closed under the distributional
Bellman operator. This result is perhaps somewhat surprising: even if " ¢ Zg,
we are able to obtain an arbitrarily accurate approximation within .Zg.

Example 5.9. Consider the single-state Markov decision process of Example
2.10, with Bernoulli reward distribution U ({0, 1}) and discount factor y = 1/2.
Beginning with 79(x), the return distributions of the iterates

M1 =T "Mk
are a collection of uniformly weighted, evenly spaced Dirac deltas:
| 2 ;
)= Z; 8. 6= 5. (5.15)

As suggested by Figure 2.3, the sequence of distributions (17x(x)),, converges
to the uniform distribution ([0, 2]) in the p-Wasserstein distances, for all
p €1, co]. However, this limit is not itself an empirical distribution. A

The downside is that the algorithm is typically intractable for anything but a
small number of iterations K. This is because the lists that describe 7, may grow
exponentially in length with K, as shown in the example above. Even when 79
is initialized to be ¢y at all states (as in Proposition 5.8), representing the kth
iterate requires O(N' (’{,N;;) particles per state, corresponding to all achievable
discounted returns of length k.>® This is somehow unavoidable: in a certain
sense, the problem of computing return functions is NP-hard (see Remark 5.2).
This motivates the need for a more complex procedure that forgoes closedness
in favor of tractability.

38. A smarter implementation only requires O(N;‘Q) particles per state. See Exercise 5.8.
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5.4 The Normal Representation

To avoid the computational costs associated with unbounded memory usage, we
may restrict ourselves to probability distributions described by a fixed number
of parameters. A simple choice is to model the return with a normal distribution,

which requires only two parameters per state: a mean u and variance o-.

Definition 5.10. The normal representation is the set of normal distributions
In={Nu, o) :ueR,0?>0}. A

With this representation, a return function is described by a total of 2Ny
parameters.

More often than not, however, the random returns are not normally distributed.
This may be because the rewards themselves are not normally distributed, or
because the transition kernel is stochastic. Figure 5.1 illustrates the effect of
the distributional Bellman operator on a normal return-distribution function 7:
mixing the return distributions at successor states results in a mixture of normal
distributions, which is not normally distributed except in trivial situations. In
other words, the normal representation .%y is generally not closed under the
distributional Bellman operator.

Rather than represent the return distribution with high accuracy, as with the
empirical distribution, let us consider the more modest goal of determining the
best normal approximation to the return-distribution function 7*. We define
“best normal approximation” as

7°(x) = N(V"(x), Var(G™(x))) . (5.16)

Given that a normal distribution is parameterized by its mean and variance, this
is an obviously sensible choice. In some cases, this choice can also be justified
by arguing that 77" (x) is the normal distribution closest to 77 (x) in terms of what
is called the Kullback—Leibler divergence.39 As we now show, this choice also
leads to a particularly efficient algorithm for computing 77".

We will construct an iterative procedure that operates on return functions
from a normal representation and converges to 77". We start with the random
variable operator

(T"G)0)ZR+YG(X'), X=x, (5.17)

39. Technically, this is only true when the return distribution 77" (x) has a probability density function.
When 77" (x) does not have a density, a similar argument can be made in terms with the cross-entropy
loss; see Exercises 5.5 and 5.6.
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Figure 5.1
Applying the distributional Bellman oper-
n(z1) ator to a return function 7 described by the
normal representation generally produces
Return return distributions that are not normally
distributed. Here, a uniform mixture of two
normal distributions (shown as probability
densities) results in a bimodal distribution
(in light gray). The best normal approxi-
Return mation 7 to that distribution is depicted by
the solid curve.

and take expectations on both sides of the equation:*°

E[(T7G)(x)] =Ex [R+yEIG(X') | X']| X =x]
= B[R | X =x]+ y EABIGX') | X'] | X =x]

=E[R|X=x]+y Z P.(X' =x | X=0)E[G(x)], (5.18)
x'eX
where the last step follows from the assumption that the random variables G are
independent of the next-state X’. When applied to the return-variable function
G”, Equation 5.18 is none other than the classical Bellman equation.
The same technique allows us to relate the variance of (77G)(x) to the
next-state variances. For a random variable Z, recall that

Var(Z) =E [(Z-E[Z))*].

The random reward R and next-state X’ are by definition conditionally indepen-
dent given X and A. However, to simplify the exposition, we assume that they
are also conditionally independent given only X (in Chapter 8, we will see how
this assumption can be avoided).

Let us use the notation Var, to make explicit the dependency of certain
random variables on the sample transition model, analogous to our use of [E,.
Denote the value function corresponding to G by V(x) = E[G(x)]. We have

Var((7"G)(x)) = Varz(R + yG(X') | X = x)
=Var,(R| X =x)+ Var,(yG(X") | X =x)
= Var,(R | X = x) + y*Var(G(X") | X = x)
= Var,(R | X = x) + y*Var(V(X’) | X = x)
40. In Equation 5.18, some of the expectations are taken solely with respect to the sample transition

model, which we denote by [E, as usual. The expectation with respect to the random variable G, on
the other hand, is not part of the model; we use the unsubscripted E to emphasize this point.
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+v? Z Po(X' = | X = x)Var(G(x)), (5.19)
xeX
where the last line follows by the law of total variance:

Var(A) = Var[ E[A | B]] + E [Var[A | B]].

Equation 5.19 shows how to compute the variances of the return function 7"G.
Specifically, these variances depend on the reward variance, the variance in
next-state values, and the expected next-state variances. When G = G”, this is
the Bellman equation for the variance of the random return. Writing o2(x) =
Var(G”(x)), we obtain

02(x) = Varg(R | X = x) +y*Var,(V*(X") | X = x)

+92 Z Pr(X' =X | X = 0)02(x). (5.20)
xeX
We now combine the results above to obtain a dynamic programming proce-
dure for finding #7". For each state x € X, let us denote by 1 (x) and o-é(x) the
parameters of a return-distribution distribution g with 7o(x) = N (uo(x), 0'(2)()6)).
For all x, we simultaneously compute

Hier1 () = Ex[R + v (X') | X = x] (5.21)
01 () = Varg(R | X = x) + ¥ Vary (ue(X') | X = x) +7* Ex[o3(X') | X = x].
(5.22)

We can view these two updates as the implementation of a bona fide operator
over the space of normal return-distribution functions. Indeed, we can associate
to each iteration the return function

(%) = N (u(x), 07 (x)) € P .

Analyzing the behavior of the sequence (17;)r>0 require some care, but we
shall see in Chapter 8 that the iterates converge to the best approximation 77
(Equation 5.16), in the sense that for all xe X,

i(x) = V(%) U,%(x) — Var(G"(x)) .

This derivation shows that the normal representation can be used to create a
tractable algorithm for approximating the return distribution. However, in our
work, we have found that the normal representation rarely gives a satisfying
depiction of the agent’s interactions with its environment; it is not sufficiently
expressive. In many problems, outcomes are discrete in nature: success or
failure, food or hunger, forward motion or fall. This arises in video games in
which the game ends once the player’s last life is spent. Timing is also critical:
to catch the diamond, key, or mushroom, the agent must press “jump” at just the
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right moment, again leading to discrete outcomes. Even in relatively continuous
systems, such as the application of reinforcement learning to stratospheric
balloon flight, the return distributions tend to be skewed or multimodal. In short,
normal distributions are a poor fit for the wide gamut of problems found in
reinforcement learning.

5.5 Fixed-Size Empirical Representations

The empirical representation is expressive because it can use more particles to
describe more complex probability distributions. This “blank check” approach
to memory and computation, however, results in an intractable algorithm. On
the other hand, the simple normal distribution is rarely sufficient to give a
good approximation of the return distribution. A good middle ground is to
preserve the form of the empirical representation while imposing a limit on its
expressivity. Our approach is to fix the number and type of particles used to
represent probability distributions.

Definition 5.11. The m-quantile representation parameterizes the location of
m equally weighted particles. That is,

1 m
Tz ) ..
/Q,m—{m;(Sgi.@,ER}. A

Definition 5.12. Given a collection of m evenly spaced locations 8; <--- < 8,,
the m-categorical representation parameterizes the probability of m particles at
these fixed locations:

yc,mZ{ipﬁgi Ipizo,ipiZI}.
i=1 i=1

We denote the stride between successive particles by ¢, = 2%

m—1"*

A

This definition corresponds to the categorical representation used in Chapter
3. Note that because of the constraint that probabilities should sum to 1, a m-
categorical distribution is described by m — 1 parameters. In addition, although
the representation depends on the choice of locations 6, ..., 8,,, we omit this
dependence in the notation %, to keep things concise.

In our definition of the m-categorical representation, we assume that the
locations (6;)”, are given a priori and not part of the description of a particular
probability distribution. This is sensible when we consider that algorithms such
as categorical temporal-difference learning use the same set of locations to
describe distributions at different states and keep these locations fixed across
the learning process. For example, a common choice is 8; = Vy,y and 6,,, = Vyux-
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m-Categorical Representation m-Quantile Representation m-Particle Empirical Representation
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Figure 5.2
A distribution v (in light gray), as approximated with a m-categorical, m-quantile, or

m-particle representation, for m =5.

When it is desirable to adjust both the locations and probabilities of different
particles, we instead make use of the m-particle representation.

Definition 5.13. The m-particle representation parameterizes both the proba-
bility and location of m particles:

m m
QE,mZ{ZPiée,- Z@,’ER,piZO,ZPiZ 1}
i=1 i=1

The m-particle representation contains both the m-quantile representation and
the m-categorical representation; a distribution from %, is defined by 2m — 1
parameters. A

Mathematically, all three representations described above are subsets of
the empirical representation .%g; accordingly, we call them fixed-size empiri-
cal representations. Fixed-size empirical representations are flexible and can
approximate both continuous and discrete outcome distributions (Figure 5.2).
The categorical representation is so called because it models the probability
of a set of fixed outcomes. This is somewhat of a misnomer: the “categories”
are not arbitrary but instead correspond to specific real values. The quantile
representation is named for its relationship to the quantiles of the return distri-
bution. Although it might seem like the m-particle representation is a strictly
superior choice, we will see that committing to either fixed locations or fixed
probabilities simplifies algorithmic design. For an equal number of parameters,
it is also not clear whether one should prefer m fully parameterized particles or,
say, 2m — 1 uniformly weighted particles.

Like the normal representation, fixed-size empirical representations are not
closed under the distributional Bellman operator 7. As discussed in Section
5.3, the consequence is that we cannot implement the iterative procedure

w1 =T "1k
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with such a representation. To get around this issue, let us now introduce
the notion of a projection operator: a mapping from the space of probability
distributions (or a subset thereof) to a desired representation .%.*! We denote
such an operator by

Mg: Z2R)—> .F.
Definitionally, we require that projection operators satisfy, for any v e %,

IIgv=v.

We extend the notation I1 & to the space of return-distribution functions:

(Tzn)(x) =1Lz (n(x)).

The categorical projection II, first encountered in Chapter 3, is one such
operator; we will study it in greater detail in the remainder of this chapter.
We also made implicit use of a projection step in deriving an algorithm for
the normal representation: at each iteration, we kept track of the mean and
variance of the process but discarded the rest of the distribution, so that the
return function iterates could be described with the normal representation.

Algorithmically, we introduce a projection step following the application of
77, leading to a projected distributional Bellman operator 1127 ". By defini-
tion, this operator maps % to itself, allowing for the design of distributional
algorithms that represent each iterate of the sequence

i1 =z T "1

using a bounded amount of memory. We will discuss such algorithmic con-
siderations in Section 5.7, after describing particular projection operators for
the categorical and quantile representations. Combined with numerical integra-
tion, the use of a projection step also makes it possible to perform dynamic
programming with continuous reward distributions (see Exercise 5.9).

5.6 The Projection Step

We now describe projection operators for the categorical and quantile represen-
tations, correspondingly called categorical projection and quantile projection.
In both cases, these operators can be seen as finding the best approximation to a
given probability distribution, as measured according to a specific probability
metric.

To begin, recall that for a probability metric d, Z,(R) C Z(R) is the set of
probability distributions with finite mean and finite distance from the reference

41. In Section 4.1, we defined an operator as mapping elements from a space to itself. The term
“projection operator” here is reasonable given that # C Z(R).
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Left: The categorical projection assigns probability mass to each location according to
a triangular kernel (central locations) and half-triangular kernels (boundary locations).
Here, m = 5. Right: The m =5 categorical projection of a given distribution, shown in
gray.

distribution &y (Equation 4.26). For a representation .% C Z,(R), a d-projection
of ve Z,;(R) onto % is a function I 4 : Z,4(R) — % that finds a distribution
Ve .7 thatis d-closest to v:

Iz 4veargmind(v, V). (5.23)

veF

Although both the categorical and quantile projections that we present here
satisfy this definition, it is worth noting that in the most general setting, neither
the existence nor uniqueness of a d-projection Il # 4 is actually guaranteed (see
Remark 5.3). We lift the notion of a d-projection to return-distribution functions
in our usual manner; the ;1-pr0jecti0n of ne Z,R)X onto .F¥ is

(I zx g (x0) =Tz a(n(x)) .

When unambiguous, we overload notation and write I1& 41 to denote the
projection onto .7 .

It is natural to think of the d-projection of the return-distribution function
n onto .FX as the best achievable approximation within this representation,
measured in terms of d. We thus call I1# 4v and I1 Zx gl the (d, % )-optimal
approximations to v € Z(R) and 7, respectively.

Categorical projection. In Chapter 3, we defined the categorical projection
I1. as assigning the probability mass g of a particle located at z to the two loca-
tions nearest to z in the fixed support {6, ..., 8,}. Specifically, the categorical
projection assigns this mass ¢ in (inverse) proportion to the distance to these
two neighbors. We now extend this idea to the case where we wish to more
generally project a distribution v € &2 (R) onto the m-categorical representation.
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Given a probability distribution v € &2 (R), its categorical projection

Iev= zm: Di0
im1

has parameters
ri=E (s @Z-0)] . i=1,....m, (5.24)

for a set of functions /; : R — [0, 1] that we will define below. Here we write p;
in terms of an expectation rather than a sum, with the idea that this expectation
can be efficiently computed (this is the case when v is itself a m-categorical
distribution).

When i=2,...,m— 1, the function 4; is the triangular kernel

hi(z) = h(z) = max(0, 1 - [z]) .

We use this notation to describe the proportional assignment of probability mass
for the inner locations 6, ..., 6,-;. One can verify that the triangular kernel
assigns probability mass from v to the location 8; in proportion to the distance
to its neighbors (Figure 5.3).

The parameters of the extreme locations are computed somewhat differently,
as these also capture the probability mass associated with values greater than
6,, and smaller than 0;. For these, we use the half-triangular kernels

max(0,1—[z]) z<0

1 z>0.

1 z<0
hl(z)_{ max(0,1-1]z)) z>0

I @)= {

Exercise 5.10 asks you to prove that the projection described here matches to
deterministic projection of Section 3.5.

Our derivation gives a mathematical formalization of the idea of assign-
ing proportional probability mass to the locations nearest to a given particle,
described in Chapter 3. In fact, it also describes the projection of v in the Cramér
distance (£,) onto the m-categorical representation. This is stated formally as
follows and proven in Remark 5.4.

Proposition 5.14. Let ve &7|(R). The m-categorical probability distri-
bution whose parameters are given by Equation 5.24 is the (unique)
{>-projection onto Zc . A

Quantile projection. We call the guantile projection of a probability dis-
tribution of v € Z(R) a specific projection of v in the 1-Wasserstein distance
(w1) onto the m-quantile representation (I1.z,,, ., ). With this choice of distance,
this projection can be expressed in closed form and is easily implemented. In
addition, we will see in Section 5.9 that it leads to a well-behaved dynamic
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programming algorithm. As with the categorical projection, we introduce the
shorthand I1, for the projection operator I1.g,,, ., -

Consider a probability distribution v € & (R). We are interested in a proba-
bility distribution Iy € %, that minimizes the 1-Wasserstein distance from
v:

minimize w;(v,v") subject to v’ € Fq .

By definition, such a solution must take the form

Hovznl’lgégi.

The following establishes that choosing (6;)1" | to be a particular set of quantiles
of v yields a valid w;-projection of v.

Proposition 5.15. Let v € &2|(R). The m-quantile probability distribution
whose parameters are given by

2i—1
9,-=F;1( ! ) i=1,...,m (5.25)
2m
is a wy-projection of v onto .Zq . A

J

Equation 5.25 arises because the ith particle of a m-quantile distribution is
“responsible” for the portion of the 1-Wasserstein distance measured on the
interval [=!, L] (Figure 5.4). As formalized by the following lemma, the choice
of the midpoint quantile % minimizes the 1-Wasserstein distance to v on this
interval.

Lemma 5.16. Let ve £2(R) with cumulative distribution function F,. Let
0<a<b< 1. Then asolution to

min f b |F, ' (x) - 6|dr (5.26)
is given by the quantile midpoint
o=F;' (“ : b) . A
v 2

The proof is given as Remark 5.5.

m
Proof of Proposition 5.15. Let v =1 %6, be a m-quantile distribution.
i=1

m
Assume that its locations are sorted: that is, 6, <6, <---<86,,. For 7€ (0, 1),
its inverse cumulative distribution function is

F;,I(T) =6 -
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Left: The quantile projection finds the quantiles of the distribution v (the dashed line
depicts its cumulative distribution function) for 7; = %, i=1,...m. The shaded area

corresponds to the 1-Wasserstein distance between v and its quantile projection I1,v
(solid line, m = 5). Right: The optimal (w, %#q,,)-approximation to the distribution v,
shown in gray.

This function is constant on the intervals (0, 1), [L, 2), ... [2=1 1). The 1-
Wasserstein distance between v and v’ therefore decomposes into a sum of m
terms:

1
wi(y,v') = f |FV_1(T) - F;,'(T)|d‘r
0

:Zf; |F; (1) - 6|dr.
=1 Y

By Lemma 5.16, the ith term of the sum is minimized by the quantile midpoint

F;'(;), where
1{i—-1 ] 2i—1
l_+i]- -1 O

2| m m|~ 2m

Unlike the categorical-Cramér case, in general, there is not a unique m-
quantile distribution v’ € %, that is closest in w; to a given distribution v €
Z1(R). The following example illustrates how the issue might take shape.

Example 5.17. Consider the set of Dirac distributions

yle ={dp:0€R}.
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Let v =16 + 361 be the Bernoulli(!/2) distribution. For any 6 € [0, 1], 65 € Zq,1
is an optimal (wy, .%q,1)-approximation to v:

wi(v,8¢) = min w;(v,V'),
VeFq.1

Perhaps surprisingly, this shows that the distribution 1, halfway between the
two possible outcomes and an intuitive one-particle approximation to v, is a no
better choice than §; when measured in terms of 1-Wasserstein distance. A

5.7 Distributional Dynamic Programming

We embed the projected Bellman operator in an for loop to obtain an algorithmic
template for approximating the return function (Algorithm 5.2). We call this
template distributional dynamic programming (DDP),* as it computes

M1 =z T 1 (5.27)

by iteratively applying a projected distributional Bellman operator. A special
case is when the representation is closed under 7, in which case no projection
is needed. However, by contrast with Equation 5.6, the use of a projection allows
us to consider algorithms for a greater variety of representations. Summarizing
the results of the previous sections, instantiating this template involves three
parts:

Choice of representation. We first need a probability distribution represen-
tation .% . Provided that this representation uses finitely many parameters, this
enables us to store return functions in memory, using the implied mapping from
parameters to probability distributions.

Update step. We then need a subroutine for computing a single application
of the distributional Bellman operator to a return function represented by .%
(Equation 5.8).

Projection step. We finally need a subroutine that maps the outputs of the
update step to probability distributions in .#. In particular, when I1& is a
d-projection, this involves finding an optimal (d, .#)-approximation at each
iteration.

For empirical representations, including the categorical and quantile repre-
sentations, the update step can be implemented by Algorithm 5.1. That is, when
there are finitely many rewards, the output of 7" applied to any m-particle
representation is a collection of empirical distributions:

neFpm = T 'neFx.

42. More precisely, this is distributional dynamic programming applied to the problem of policy
evaluation. A sensible but less memorable alternative is “iterative distributional policy evaluation.”
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Algorithm 5.2: Distributional dynamic programming

Algorithm parameters: representation %, projection I1 5
desired number of iterations K,
initial return function no € FX

Initialize n < ng
fork=1,...,Kdo
n<7"n > Algorithm 5.1
foreach state x € X do
| n(x) < dLzn")(x)
end foreach
end for
return n

As a consequence, it is sufficient to have an efficient subroutine for projecting
empirical distributions back to Fc s, FqQm, O Fgm.
For example, consider the projection of the empirical distribution

n
V= Z Qjéz,
=

onto the m-categorical representation (Definition 5.12). For i=1,...,m,
Equation 5.24 becomes

n
pi= ) ahi(s,' 2= 0)),
j=1

which can be implemented in linear time with two For loops (as was done in
Algorithm 3.4).

Similarly, the projection of v onto the m-quantile representation (Defini-
tion 5.11) is achieved by sorting the locations z; to construct the cumulative
distribution function from their associated probabilities g;:

n
F,(2)= Z qili <2
=

from which quantile midpoints can be extracted.

Because the categorical-Cramér and quantile-w pairs recur so often through-
out this book, it is convenient to give a name to the algorithms that iteratively
apply their respective projected operators. We call these algorithms categorical
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Algorithm 5.3: Categorical dynamic programming

Algorithm parameters: representation parameters 6y, ..., 6, m,
initial probabilities ((p;(x))!, : x € X),
desired number of iterations K
fork=1,...,K do
n(x) = %, pi(x)dg, for xe X
i=1

L
(@), p;.(x));i(f) x€X) Ty > Algorithm 5.1
foreach state x€ X do

fori=1,...,mdo
m(x)
pi) = % Piohi(s, (&= 6)
o

end for
end foreach

end for
return ((p;(x))", : x€X)

and quantile dynamic programming, respectively (CDP and QDP; Algorithms
5.3 and 5.4).43

For both categorical and quantile dynamic programming, the computational
cost is dominated by the number of particles produced by the distributional
Bellman operator, prior to projection. Since the number of particles in the
representation is a constant m, we have that per state, there may be up to
N =mNgNy particles in this intermediate step. Thus, the cost of K iterations
with the m-categorical representation is O(Kqung\,), not too dissimilar to the
cost of performing iterative policy evaluation with value functions. Due to the
sorting operation, the cost of K iterations with the m-quantile representation is
larger, at O(K qugN)z( log(mNgNx)). In Chapter 6, we describe an incremental
algorithm that avoids the explicit sorting operation and is in some cases more
computationally efficient.

In designing distributional dynamic programming algorithms, there is a good
deal of flexibility in the choice of representation and in the projection step once
a representation has been selected. There are basic properties we would like

43. To be fully accurate, we should call these the categorical-Cramér and quantile-w; dynamic
programming algorithms, given that they combine particular choices of probability representation
and projection. However, brevity has its virtues.
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Algorithm 5.4: Quantile dynamic programming

Algorithm parameters: initial locations ((6;(x))?", : x € X),
desired number of iterations K

fork=1,...,K do
nx) =3, %691.(,() for xe X
i=1
' =((Zj(%), p}(x))?’z(’f) :x€X)«—T ™y » Algorithm 5.1
foreach state x € X do
(@), PN = sort(Z)(x), P

for j=1,...,mdo
J
Pj(x) « 21 pi(x)

end for
fori=1,...,mdo
jemin{l: Pi(x) >1;}
6,(x) = Z)(x)

end for

end foreach

end for
return ((6;(x))", : x€ X)

from the sequence defined by Equation 5.27, such as a guarantee of convergence,
and further a limit that does not depend on our choice of initialization. Certain
combinations of representation and projection will ensure these properties hold,
as we explore in Section 5.9, while others may lead to very poorly behaved
algorithms (see Exercise 5.19). In addition, using a representation and projection
also necessarily incurs some approximation error relative to the true return
function. It is often possible to obtain quantitative bounds on this approximation
error, as Section 5.10 describes, but often judgment must be used as to what
qualitative types of approximation are the most acceptable for task in hand; we
return to this point in Section 5.11.

5.8 Error Due to Diffusion

In Section 5.4, we showed that the distributional algorithm for the normal
representation finds the best fit to the return function 77", as measured in
Kullback-Leibler divergence. Implicit in our derivation was the fact that we
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A diffusion-free projection operator Il g yields a distributional dynamic program-
ming procedure that is equivalent to first computing an exact return function and then
projecting it.

could interleave projection and update steps to obtain the same solution as if
we had first determined 7" without approximation and then found its best fit in
ZN. We call a projection operator with this property diffusion-free (Figure 5.5).

Definition 5.18. Consider a representation . and a projection operator I1g
for that representation. The projection operator I1 4 is said to be diffusion-free
if, for any return function € % X we have

HgT  Megn=M1gzT"n.

As a consequence, for any k>0 and any € .#¥, a diffusion-free projection
operator satisfies
[zT™n=Tz(T" 7. A

Algorithms that implement diffusion-free projection operators are quite
appealing, because they behave as if no approximation had been made until the
final iteration. Unfortunately, such algorithms are the exception, rather than the
rule. By contrast, without this guarantee, an algorithm may accumulate excess
error from iteration to iteration — we say that the iterates g, 171,72, . . . undergo
diffusion. Known projection algorithms for m-particle representations suffer
from this issue, as the following example illustrates.

Example 5.19. Consider a chain of n states with a deterministic left-to-right
transition function (Figure 5.6). The last state of this chain, x,, is terminal and
produces a reward of 1; all other states yield no reward. For # > 0, the discounted
return at state x,,_, is deterministic and has value y'; let us denote its distribution
by n(x,-;). If we approximate this distribution with m = 11 particles uniformly
spaced from O to 1, the best categorical approximation assigns probability to
the two particles closest to y'.

If we instead use categorical dynamic programming, we find a different
solution. Because each iteration of the projected Bellman operator must produce
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(a) An n-state chain with a single nonzero reward at the end. (b) The (£,, %c,,)-optimal
approximation to the return function, for n =10, m=11, and 6, =0,...,6,; = 1. The

probabilities assigned to each location are indicated in grayscale (white = 0, black =
1). (¢) The approximation found by categorical dynamic programming with the same
representation.

a categorical distribution, the iterates undergo diffusion. Far from the terminal
state, the return distribution found by Algorithm 5.2 is distributed on a much
larger support than the best categorical approximation of 7(x;). A

The diffusion in Example 5.19 can be explained analytically. Let us asso-
ciate each particle with an integer j=0,..., 10, corresponding to the location
%. For concreteness, let y=1—-¢ for some 0<e<0.1, and consider the
return-distribution function obtained after N iterations of categorical dynamic
programming:

fi =TT ™) no.
Because there are no cycles, one can show that further iterations leave the
approximation unchanged.

If we interpret the m particle locations as states in a Markov chain, then we
can view the return distribution 7j(x,—,) as the probability distribution of this
Markov chain after ¢ time steps (1€ {0, ...,n— 1}). The transition function for
states j=1...101is

Plyjll D=Tvil=vj
P(Iyjll p=1=Tyjl+vj.

For j=0, we simply have P(0 | 0)=1 (i.e., state O is terminal). When v is
sufficiently small compared to the gap ¢, =0.1 between neighboring particle

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



Distributional Dynamic Programming 141

locations, the process can be approximated with a binomial distribution:
G(xp—) ~ 1 ="' Bivom(1 -y, 1),

where G is the return-variable function associated with 7. Figure 5.6¢ gives a
rough illustration of this point, with a bell-shaped distribution emerging in the
return distribution at state x;.

5.9 Convergence of Distributional Dynamic Programming

We now use the theory of operators developed in Chapter 4 to characterize the
behavior of distributional dynamic programming in the policy evaluation setting:
its convergence rate, its point of convergence, and also the approximation error
incurred. Specifically, this theory allows us to measure how these quantities
are impacted by different choices of representation and projection. Although
the algorithmic discussion in previous sections has focused on implementa-
tions of distributional dynamic programming in the case of finitely supported
reward distributions, the results presented here apply without this assumption
(see Exercise 5.9 for indications of how distributional dynamic programming
algorithms may be implemented in such cases). As we will see in Chapter 6,
the theory developed here also informs incremental algorithms for learning the
return-distribution function.

Let us consider a probability metric d, possibly different from the metric
under which the projection is performed (when applicable), and which we call
the analysis metric. We use the analysis metric to characterize instances of
Algorithm 5.2 in terms of the Lipschitz constant of the projected operator.

Definition 5.20. Let (M, d) be a metric space, and let O : M — M be a function
on this space. The Lipschitz constant of O under the metric d is

/
IOlla=sup M- A
vuen AU U
UzU’

When O is a contraction mapping, its Lipschitz constant is simply its con-
traction modulus. That is, under the conditions of Theorem 4.25 applied to a
c-homogeneous d, we have

1775 <v".
Definition 5.20 extends the notion of a contraction modulus to operators, such
as projections, that are not contraction mappings.

Lemma 5.21. Let (M, d) be a metric space, and let 0,0, : M — M be func-
tions on this space. Write 0,0, for the composition of these mappings.
Then,

1010:lla < 101 11allO2lla - A
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Proof. By applying the definition of the Lipschitz constant twice, we have
d(010,U, 0:0,U") < 01lad(O2U, O, U") <1104 1lallO2llad(U, U"),

as required. [

Lemma 5.21 gives a template for validating and understanding different
instantiations of Algorithm 5.2. Here, we consider the metric space defined by
the finite domain of our analysis metric, (P4(R)X, a), and use Lemma 5.21 to
characterize [1z7 " in terms of the Lipschitz constants of its parts (I and
77). By analogy with the conditions of Proposition 4.27, where needed, we
will assume that the environment (more specifically, its random quantities) is
reasonably behaved under d.

Assumption 5.22(d). The finite domain Z3(R)¥ is closed under both the
projection I1# and the Bellman operator 77, in the sense that

ne ZyRy = 7, lgne Za®)~. A

Assumption 5.22(d) guarantees that distributions produced by the distri-
butional Bellman operator and the projection have finite distances from one
another. For many choices of d of interest, Assumption 5.22 can be easily shown
to hold when the reward distributions are bounded; contrast with Proposition
4.16.

The Lipschitz constant of projection operators must be at least 1, since for
any ve .7,

MMzv=v.
In the case of the Cramér distance ¢,, we can show that it behaves much like a
Euclidean metric, from which we obtain the following result on ¢, projections.

Lemma 5.23. Consider a representation .# C Z, (R). If .% is complete with
respect to ¢, and convex, then the {>-projection Iz, : P, (R) —» .F is a
nonexpansion in that metric:

MLz ¢, lle, = 1.
Furthermore, the result extends to return functions and the supremum extension
of {:
M ll;, = 1. A
The proof is given in Remark 5.6. Exercise 5.15 asks you show that the

m-categorical representation is convex and complete with respect to the Cramér
distance. From this, we immediately derive the following.

Lemma 5.24. The projected distributional Bellman operator instantiated with
F = Z%cm and d = ¢, has contraction modulus ¥ with respect to £, on the
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space Z,(R)~. That is,
T Iy, <y A

Lemma 5.24 gives a formal reason for why the use of the m-categorical
representation, coupled with a projection based on triangular kernel, produces a
convergent distributional dynamic programming algorithm.

The m-quantile representation, however, is not convex. This precludes a direct
appeal to an argument based on a quantile analogue to Lemma 5.23. Nor is
the issue simply analytical: the wy Lipschitz constant of the projected Bellman
operator I1,7™ is greater than 1 (see Exercise 5.16). Instead, we need to use the
co-Wasserstein distance as our analysis metric. As the w;-projection onto .%q ,
is a nonexpansion in w.,, we obtain the following result.

Lemma 5.25. Under Assumption 5.22(w.,), the projected distributional Bell-
man operator I1,77™ : Z(R)X — Z(R)X has contraction modulus y in We.
That is,

Tl <. A

Proof. Since 77 is a y-contraction in w, by Proposition 4.15, it is sufficient
to prove that I, : Z(R) » Z,(R) is a nonexpansion in we; the result then
follows from Lemma 5.21. Given two distributions v;, v, € Z.(R), we have
Woo(vl, VZ) - Sup |F (T) Fv», (T)l
7€(0,

Now note that

m m

v = ZéF @ Hova=— Z‘SFW')’

where 1; = 22’—;11 We have

Weo(llgv1, Tgvy) = max |F () - F;) ()

< sup |FV1 (1)-F;] (T)|—W00(V1’V2)
7€(0,1)

as required. O

The derivation of a contraction modulus for a projected Bellman operator
provides us with two results. By Proposition 4.7, it establishes that if [L#7 "
has a fixed point 7, then Algorithm 5.2 converges to this fixed point. Second, it
also establishes the existence of such a fixed point when the representation is
complete with respect to the analysis metric d, based on Banach’s fixed point
theorem; a proof is provided in Remark 5.7.

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



144 Chapter 5

Theorem 5.26 (Banach’s fixed point theorem). Let (M, d) be a complete
metric space and let O be a contraction mapping on M, with respect to d.
Then O has a unique fixed point U* € M. A

Proposition 5.27. Let d be a c-homogeneous, regular probability metric

that is p-convex for some p € [1, o) and let .% be a representation complete

with respect to d. Consider Algorithm 5.2 instantiated with a projection

step described by the operator I14, and suppose that Assumption 5.22(d)

holds. If T is a nonexpansion in d, then the corresponding projected

Bellman operator IT#7 ™ has a unique fixed point 7 in Z4(R)" satisfying
ﬁﬂ =11 y‘T”ﬁ” .

Additionally, for any £> 0, if K the number of iterations is such that

log (1) +log d(170, 7™
s g (5) gl(no ")
clog(3)
with 77p(x) € Z3(R) for all x, then the output ng of Algorithm 5.2 satisfies

dmk. ) <e. A

Proof. By the assumptions in the statement, we have that 77" is a y°-contraction
on Z4(R)~X by Theorem 4.25, and by Lemma 5.21, [1#7 " is a y“-contraction
on Z4(R)X. By Banach’s fixed point theorem, there is a unique fixed point 7"
for [1#77™ in Z4(R)X. Now note

Ak, 1) = Az T ™ k-1, e T <y diig-1,7) ,

so by induction

d(ng. 77 <y d(mo. 7).
Setting the right-hand side to less than € and rearranging yields the result. [

Although Proposition 5.27 does not allow us to conclude that a particular
algorithm will fail, it cautions us against projections in certain probability
metrics. For example, because the distributional Bellman operator is only a non-
expansion in the supremum total variation distance, we cannot guarantee a good
approximation with respect to this metric after any finite number of iterations.
Because we would like the projection step to be computationally efficient, this
argument also gives us a criterion with which to choose a representation. For
example, although the m-particle representation is clearly more flexible than
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either the categorical or quantile representations, it is currently not known how
to efficiently and usefully project onto it.

5.10 Quality of the Distributional Approximation

Having identified conditions under which the iterates produced by distributional
dynamic programming converge, we now ask: to what do they converge? We
answer this question by measuring how close the fixed point 77" of the projected
Bellman operator (computed by Algorithm 5.2 in the limit of the number of
iterations) is to the true return function 7". The quality of this approximation
depends on a number of factors: the choice and size of representation .%, which
determines the optimal approximation of 7* within .%#, as well as properties of
the projection step.
Proposition 5.28. Let d be a c-homogeneous, regular probability metric
that is p-convex for some p € [1, o), and let . C Z4(R) be a representation
complete with respect to d. Let [T be a projection operator that is a
nonexpansion in d, and suppose Assumption 5.22(d) holds. Consider the
projected Bellman operator IT#7 ™ with fixed point 77" € Z4(R)~. Then,

= on o A0z )
i, < TEETT)
-7
When IlI# is a d-projection in some probability metric d, I1zn" is a
(d, #)-optimal approximation of the return function 7. A

Proof. We have
A7, /) <de7", TLen™) + d(@ L, 77)
=d(", e + AT 7" Lz T i)
<d", Lz + ¥ 0", 7).
Rearranging then gives the result. U

From this, we immediately derive a result regarding the fixed point 77 of the
projected operator I1.77".

Corollary 5.29. The fixed point 77 of the categorical-projected Bellman
operator I[1.77 : Z1(R) —» £ (R) satisfies
O 1)

52(77(,? )— 1 —')/1/2
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Figure 5.7

The return-distribution function estimates obtained by applying categorical dynamic
programming to the Cliffs domain (Example 2.9; here, with the safe policy). Each panel
corresponds to a different number of particles.

If the return distributions (77" (x) : x € X) are supported on [6,,6,,], we further
have that, for each x € X,

m

2
min GO @) <6 Y (Froo (61 + i) = Fyro (@1 +G = 1)) < 6.
C.m i=1

(5.28)
and hence L o —o
> m — Ul

OL@AE, ) < A
2@ ") 1=y m1

Proposition 5.28 suggests that the excess error may be greater when the
projection is performed in a metric for which ¢ is small. In the particular case of
the Cramér distance, the constant in Corollary 5.29 can in fact be strengthened
to \/+_7 by arguing about the geometry of the probability space under ¢,

under certain conditions; see Remark 5.6 for a discussion of this geometry and
Rowland et al. (2018) for details on the strengthened bound.

Varying the number of particles in the categorical representation allows the
user to control both the complexity of the associated dynamic programming
algorithm and the error of the fixed point 77 (Figure 5.7). As discussed in the
first part of this chapter, both the memory and time complexity of computing
with this representation increase with m. On the other hand, Corollary 5.29
establishes that increasing m also reduces the approximation error incurred from
dynamic programming.

Proposition 5.28 can be similarly used to analyze quantile dynamic pro-
gramming. This result, under the conditions of Lemma 5.25, shows that the
fixed point 77, of the projected operator I1,7 ™ for the m-quantile representation
satisfies
Woo (Ton7", 17)

WOO(n(y )— 1 _y
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Unfortunately, the distance w.,(I1,77", 7") does not necessarily vanish as the
number of particles m in the quantile representation increases. This is because
We 18 in some sense a very strict distance (Exercise 5.18 makes this point
precise). Nevertheless, the dynamic programming algorithm associated with the
quantile representation enjoys a similar trade-off between complexity and accu-
racy as established for the categorical algorithm above. This can be shown by
instead analyzing the algorithm via the more lenient w; distance; Exercise 5.20
provides a guide to a proof of this result.

Lemma 5.30. Suppose that for each (x,a) € X X A, the reward distribution
Pg(-| x,a) is supported on the interval [Ryu, Ruax]. Then the m-quantile fixed
point 75 satisfies
3(Vaax = Vinw)

2m(1—7)
In addition, consider an initial return function 7 with distributions with support
bounded in [V, Vuax] and the iterates

wi(fg. ") <

M+t =TT "1k
produced by quantile dynamic programming. Then we have, for all k>0,

— Vs 3(VMAX - VMIN)
W1 1) <V Vaaax = Vi) + W . A

5.11 Designing Distributional Dynamic Programming Algorithms

Although both categorical and quantile dynamic programming algorithms arise
from natural choices, there is no reason to believe that they lead to the best
approximation of the return-distribution function for a fixed number of parame-
ters. For example, can the error be reduced by using a % -particle representation
instead? Are there measurable characteristics of the environment that could
guide the choice of distribution representation?

As a guide to further investigations, Table 5.1 summarizes the desirable
properties of representations and projections that were studied in this chapter,
as they pertain to the design of distributional dynamic programming algorithms.
Because these properties arise from the combination of a representation with
a particular projection, every such combination is likely to exhibit a different
set of properties. This highlights how new DDP algorithms with desirable
characteristics may be produced by simply trying out different combinations.
Because these properties arise from the combination of a representation with
a particular projection, one can naturally expect new algorithms for example,
one can imagine a new algorithm based on the quantile representation that is a
nonexpansion in the 1- or 2-Wasserstein distances.
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Included in this table is whether a representation is mean-preserving. We say
that a representation .% and its associated projection operator I14 are mean-
preserving if for any distribution v from a suitable space, the mean of [1 v is
the same as that of v. The m-categorical algorithm presented in this chapter is
mean-preserving provided the range of considered returns does not exceed the
boundaries of its support; the m-quantile algorithm is not. In addition to the
mean, we can also consider what happens to other aspects of the approximated
distributions. For example, the m-categorical algorithm produces probability
distributions that in general have more variance than those of the true return
function.

The choice of representation also has consequences beyond distributional
dynamic programming. In the next chapter, for example, we will consider the
design of incremental algorithms for learning return-distribution functions from
samples. There, we will see that the projected operator derived from the cate-
gorical representation directly translates into an incremental algorithm, while
the operator derived from the quantile representation does not. In Chapter 9,
we will also see how the choice of representation interplays with the use of
parameterized models such as neural networks to represent the return function
compactly. Another consideration, not listed here, concerns the sensitivity of the
algorithm to its parameters: for example, for small values of m, the m-quantile
representation tends to be a better choice than the m-categorical representation,
which suffers from large gaps between its particles’ locations (as an extreme
example, take m = 2).

The design and study of representations remains an active topic in distribu-
tional reinforcement learning. The representations we presented here are by no
mean an exhaustive portrait of the field. For example, Barth-Maron et al. (2018)
considered using mixtures of m normal distributions in domains with vector-
valued action spaces. Analyzing representations like these is more challenging
because known projection methods suffer from local minima, which in turn
implies that dynamic programming may give different (and possibly suboptimal)
solutions for different initial conditions.

5.12 Technical Remarks

Remark 5.1 (Finiteness of R). In the algorithms presented in this chapter, we
assumed that rewards are distributed on a finite set R. This is not actually needed
for most of our analysis but makes it possible to compute expectations and
convolutions in finite time and hence devise concrete dynamic programming
algorithms. However, there are many problems in which the rewards are better
modeled using continuous or unbounded distributions. Rewards generated from
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T 7"-closed Tractable Expressive Diffusion- Mean-
free preserving
Empirical DP v v v v
Normal DP v v v
Categorical DP v v *
Quantile DP v v

Table 5.1

Desirable characteristics of distributional dynamic programming algorithms. “Empirical
DP” and “Normal DP” refer to distributional dynamic programming with the empir-
ical and normal distributions, respectively (Sections 5.3 and 5.4). While no known
representation—projection pair satisfies all of these, the categorical-Cramér and quantile-
w; choices offer a good compromise. “The categorical representation is mean-preserving
provided its support spans the range of possible returns.

observations of a physical process are often well modeled by a normal distri-
bution to account for sensor noise. Rewards derived from a queuing process,
such as the number of customers who make a purchase at an ice cream shop in
a give time interval, can be modeled by a Poisson distribution. A

Remark 5.2 (NP-hardness of computing return distributions). Recall that
a problem is said to be NP-hard if its solution can also be used to solve all
problems in the class NP, by means of a polynomial-time reduction (Cormen
et al. 2001). This remark illustrates how the problem of computing certain
aspects of the return-distribution function for a given Markov decision process
is NP-hard, by reduction from one of Karp’s original NP-complete problems,
the Hamiltonian cycle problem. Reductions from the Hamiltonian cycle problem
have previously been used to prove the NP-hardness of a variety of problems
relating to constrained Markov decision processes (Feinberg 2000).

Let G=(V, E) be a graph, with V={1, ..., n} for some n€ N*. The Hamilto-
nian cycle problem asks whether there is a permutation of verticeso:V -V
such that {o(i),o(i + 1)} € E for each i € [n — 1], and {o(n), o°(1)} € E. Now con-
sider an MDP whose state space is the set of integers from 1 to n, denoted
X ={1,...,n}, and with a singleton action set A = {a}, a transition kernel that
encodes a random walk over the graph G, and a uniform initial state distribution
&. Further, specify reward distributions as Pg(- | x, a) =, for each x € X, and
set y < /n+2. For such a discount factor, there is a one-to-one mapping between
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trajectories and returns. As the action set is a singleton, there is a single policy 7.
It can be shown that there is a Hamiltonian cycle in G if and only if the support
of the return distribution has nonempty intersection with the set

n—1 n—1
U Z Yo+ 1) +y'o (1), Zy’o'(t+ D+y' (D) + D] . (5.29)
oesS, L1=0 =0
Since the MDP description is clearly computable in polynomial time from the
graph specifying the Hamiltonian cycle problem, it must therefore be the case
that ascertaining whether the set in Expression 5.29 has nonempty intersec-
tion with the return distribution support is NP-hard. The full proof is left as
Exercise 5.21. A

Remark 5.3 (Existence of d-projections). As an example of a setting where
d-projections do not exist, let 8y, ..., 6,, € R and consider the softmax categorical
representation

L Pi
yz{;ﬁ5aﬁ%,-..,gome]&}_

For the distribution 65, and metric d=w,, there is no optimal (.%,d)-
approximation to dy,, since for any distribution in %, there is another
distribution in . that lies closer to §, with respect to w,. The issue is that there
are elements of the representation which are arbitrarily close to the distribution
to be projected, but there is no distribution in the representation that dominates
all others as in Equation 5.23. An example of a sufficient condition for the
existence of an optimal (%, d)-approximation to ¥ € Z#,;(R) is that the metric
space (%, d) has the Bolzano—Weierstrass property, also known as sequential
compactness: for any sequence (vi)i>o in %, there is subsequence that con-
verges to a point in .% with respect to d. When this assumption holds, we may
take the sequence (vy)iso in Z to satisfy
G N 1

dvi, 7)< VIGH; dv,v)+ R
Using the Bolzano—Weierstrass property, we may pass to a subsequence (v, )n>0
converging to v* € .%. We then observe

dv*, ) <d(v*, v,) +dv,, ) — inf d(v, ),
veF
showing that v* is an optimal (%, d)-approximation to ¥. The softmax repre-
sentation (under the w, metric) fails to have the Bolzano—Weierstrass property.

As an example, the sequence of distributions (%69l + ﬁdgz k=0 in Z has no
subsequence that converges to a point in .%. A
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Remark 5.4 (Proof of Proposition 5.14). We will demonstrate the following
Pythagorean identity. For any v € #7,(R), and v’ € %, we have

GB0V) =G0, Ty) + G, V).

From this, it follows that v/ =TI.v is the unique £-projection of v onto .Fc,,
since this choice of v uniquely minimizes the right-hand side. To show this
identity, we first establish an interpretation of the cumulative distribution func-
tion (CDF) of I1.v as averaging the CDF values of v on each interval (6;, 6;,1)
fori=1,...,m— 1. First note that for z € (6;, 6,+1], we have

hi(s, = 6))=1-¢,'1z— 6

= ;(9141 —6;+6;—2)
Oiv1 —0;

_bi—z

SO — 6

Now, fori=1,...,m—1, we have

Fuo(@)= ) E [h(2)]
j=1

0i11 —Z]

=E [1{Z<06;}+1{Z€<(6,,06;
[1z<0)+ 1Ze @ 0N g—5

Z~y

1 i+ 1
= F,(z)dz.
Oir1 — 0; .L: Y
Now note

By = f (P2 - Fy (0)dz

@ f (F\(2) - Fri,(2))’dz + f (Fio(2) = Fy(2)dz

+2 f (F\(2) = Fu(2))(Fu(2) = Fyy(2))dz

=G, ) + 65y, V)

poml i+ 1 =~
X fi, ' Z:‘ fe ’ fg )(F(2) = Fro(2)(Frio () = Fy(2))dz

20, ) + BT, )

establishing the identity as required. Here, (a) follows by adding and subtracting
Fr1,, inside the parentheses and expanding, and (b) follows by noting that on
(=00, 6;) and (6,,, ), Fri, = F\,/, and on each interval (6;, 6;11), Fr, — Fy is
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constant and Fy, is constant and equals the average of F, on the interval,
meaning that

i+ 1

, (Fy(2) = F(2))(Fri(2) = Fyy(2))dz

6i+]
= (Fu,(6) — F\ (6)) (F\(2) — Fri(2))dz=0,
6;
as required. A
Remark 5.5 (Proof of Lemma 5.16). Assume that F; ! is continuous at 7* =
“%b; this is not necessary but simplifies the proof. For any 7,

|F, (1) -6 (5.30)

is a convex function, and hence so is Equation 5.26. A subgradient44 for
Equation 5.30 is
1 ifo<F, (1)
g0 =3 -1 ifo>F; 1)
0 ifo=F'(1).
A subgradient for Equation 5.26 is therefore

b
Bab(@) = |  g(O)dr

T=a

F,(6) b
f —ldr+ f ldr
T=a 7=F,(0)

—(F\(0) —a) + (b - F\(0)).

Setting the subgradient to zero and solving for 6,

O=a+b-2F,0)

b
— F )=
2
=>9—F‘1(a+b) A
- (22).

Remark 5.6 (Proof of Lemma 5.23). The argument follows the standard proof
that finite-dimensional Euclidean projections onto closed convex sets are non-
expansions. Throughout, we write I1 for I1# , for conciseness. We begin with

44. For a convex function f: R — R, we say that g : R — R is a subgradient for f if for all 71,22 € R,
we have f(z2) 2 f(z1) + g(z1)(z2 — 21).
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the observation that for any v e &, (R) and v’ € .%, we have

f (Fy(@) = Fiy(@)(Fv (2) — Friy(2))dz <0, (5.31)
R
since if not, we have (1 — &)Ilv + &V’ € F for all € € (0, 1) by convexity, and

G, (1-g)ly+s&v)

= f(Fy(Z)—(l—8)an(Z)—8Fw(Z))2dZ
R

=6, v) - 2¢ f (F\(2) = Fiy(@)(Fy(2) = Friy(2))dz + O(%) .
R

This final line must be at least as great as 5;(1/, ITy) for all € € (0, 1), by definition
of IT. It must therefore be the case that Inequality 5.31 holds, since if not, we
could select £ > 0 sufficiently small to make f%(v, (1 —&)Ilv + &v") smaller than
fg(v, Iv).

Now take vy, v, € &, (R). Applying the above inequality twice yields

fR (Fy,(2) = Friy, () (F1y, (2) = Fry, (2))dz <0,

fR (F,(2) = Fry,(2)(F11y, (2) = Fr1y,(2))dz £ 0.

Adding these inequalities then yields

fR(FVI (2) = Fy,(2) + Friy, (2) = Fiy, (2)(Fry, (2) — Fruy,(2))dz <0
= (v, TIvy) + f(Fvl (2) = Fy,(2)(Friy, (z) — Friy,(2))dz <0
R

= 65Ty, vy) < fR(sz (2) = Fy, ()(Fry, (2) = Friy, (2))dz .
Applying the Cauchy—Schwarz inequality to the remaining integral then yields
G0y, Ivo) < Oy, ) b(v1, v2)
from which the result follows by rearranging. A

Remark 5.7 (Proof of Banach’s fixed point theorem (Theorem 5.26)). The
map O has at most one fixed point by Proposition 4.5. It therefore suffices to
exhibit a fixed point in M. Let 8 € [0, 1) be the contraction modulus of O, and
let Uy € M. Consider the sequence (Uy )0 defined by Uy, = OU; for k > 0. For
any [ > k, we have

d(Uy, Up) < Bd(U g, Up)
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I=k-1

<pt Z d(U;,Uj1)

j=0
I—k—1 .

<B* > Bld(Uy, Vo)
j=0

k
< lﬁTlgd(Ul’ Uy).

Therefore, as k — co, we have d(U;, Uy) — 0, so (U)o is a Cauchy sequence.
By completeness of (M, d), (U)o has a limit U* € M. Finally, for any k>0,
we have

d(U",0U") <d(U", Uy) + d(Uy, OU") <d(U", Up) + Bd(U-1, U")

and as d(U*, Uy) — 0, we deduce that d(U*,OU*) =0. Hence, U* is the unique
fixed point of O. A

5.13 Bibliographical Remarks

5.1. The term “dynamic programming” and the Bellman equation are due to
Bellman (1957b). The relationship between the Bellman equation, value func-
tions, and linear systems of equations is studied at length by Puterman (2014)
and Bertsekas (2012). Bertsekas (2011) provides a treatment of iterative policy
evaluation generalized to matrices other than discounted stochastic matrices.
The advantages of the iterative process are well documented in the field and
play a central role in the work of Sutton and Barto (2018), which is our source
for the term “iterative policy evaluation.”

5.2. Our notion of a probability distribution representation reflects the common
principle in machine learning of modeling distributions with simple parametric
families of distributions; see, for example, the books by MacKay (2003), Bishop
(2006), Wainwright and Jordan (2008), and Murphy (2012). The Bernoulli
representation was introduced in the context of distributional reinforcement
learning, mostly as a curio, by Bellemare et al. (2017a). Normal approximations
have been extensively used in reinforcement learning, often in Bayesian settings
(Dearden et al. 1998; Engel et al. 2003; Morimura et al. 2010b; Lee et al. 2013).
Similar to Equation 5.10, Morimura et al. (2010a) present a distributional
Bellman operator in terms of cumulative distribution functions; see also Chung
and Sobel (1987).

5.3. Li et al. (2022) consider what is effectively distributional dynamic program-
ming with the empirical representation; they show that in the undiscounted,
finite-horizon setting with reward distributions supported on finitely many inte-
gers, exact computation is tractable. Our notion of the empirical representation
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has roots in particle filtering (Doucet et al. 2001; Robert and Casella 2004;
Brooks et al. 2011; Doucet and Johansen 2011) and is also a representation in
modern variational inference algorithms (Liu and Wang 2016). The NP-hardness
result (properly discussed in Remark 5.2) is new as given here, but Mannor
and Tsitsiklis (2011) give a related result in the context of mean-variance
optimization.

5.4. Sobel (1982) is usually noted as the source of the Bellman equation for the
variance and its associated operator. The equation plays an important role in
theoretical exploration (Lattimore and Hutter 2012; Azar et al. 2013). Tamar et
al. (2016) study the variance equation in the context of function approximation.
5.5. The m-categorical representation was used in a distributional setting by
Bellemare et al. (2017a), inspired by the success of categorical representations
in generative modeling (van den Oord et al. 2016). Dabney et al. (2018b)
introduced the quantile representation to avoid the inefficiencies in using a fixed
set of evenly spaced locations, as well as deriving an algorithm more closely
grounded in the Wasserstein distances.

Morimura et al. (2010a) used the m-particle representation to design a risk-
sensitive distributional reinforcement learning algorithm. In a similar vein,
Maddison et al. (2017) used the same representation in the context of exponen-
tial utility reinforcement learning. Both approaches are closely related to particle
filtering and sequential Monte Carlo methods (Gordon et al. 1993; Doucet et
al. 2001; Sarkkd 2013; Naesseth et al. 2019; Chopin and Papaspiliopoulos 2020),
which rely on stochastic sampling and resampling procedures, by contrast to
the deterministic dynamic programming methods of this chapter.

5.6, 5.8. The categorical projection was originally proposed as an ad hoc solu-
tion to address the need to map the output of the distributional Bellman operator
back onto the support of the distribution. Its description as the expectation of a
triangular kernel was shown by Rowland et al. (2018), justifying its use from
a theoretical perspective and providing the proof of Proposition 5.14. Lemma
5.16 is due to Dabney et al. (2018b).

5.7, 5.9-5.10. The language and analysis of projected operators is inherited
from the theoretical analysis of linear function approximation in reinforcement
learning; a canonical exposition may be found in Tsitsiklis and Van Roy (1997)
and Lagoudakis and Parr (2003). Because the space of probability distributions
is not a vector space, the analysis is somewhat different and, among other
things, requires more technical care (as discussed in Chapter 4). A version of
Theorem 5.28 in the special case of CDP appears in Rowland et al. (2018). Of
note, in the linear function approximation setting, the main technical argument
revolves around the noncontractive nature of the stochastic matrix P" in a
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weighted L, norm, whereas here it is due to the c-homogeneity of the analysis
metric (and does not involve P™). See Chapter 9.
5.11. A discussion of the mean-preserving property is given in Lyle et al. (2019).

5.14 Exercises

Exercise 5.1. Suppose that a Markov decision process is acyclic, in the sense
that for any policy 7 and nonterminal state x € X,

P.(X;=x|Xo=x)=0forall£>0.

Consider applying iterative policy evaluation to this MDP, beginning with the
initial condition V(xg) =0 for all terminal states xz € X. Show that it converges
to V" in a finite number of iterations K, and give a bound on K. A

Exercise 5.2. Show that the normal representation (Definition 5.10) is closed
under the distributional Bellman operator 7" under the following conditions:

(1) the policy is deterministic: m(a | x) € {0, 1};
(i1) the transition function is deterministic: Px(x’ | x, a) € {0, 1}; and
(iii) the rewards are normally distributed, Pg(- | x, @) = N (Uxq, o-ia . A

Exercise 5.3. In Algorithm 5.1, we made use of the fact that the return G”(xg)
from the terminal state x4 is 0, arguing that this is a more effective procedure.

(i) Explain how this change affects the output of categorical and quantile
dynamic programming, compared to the algorithm that explicitly maintains
and computes a return-distribution estimate for x.

(i) Explain how this changes affects the analysis given in Section 5.9 onward.
A

Exercise 5.4. Provide counterexamples showing that if any of the conditions
of the previous exercise do not hold, then the normal representation may not be
closed under 77". A

Exercise 5.5. Consider a probability distribution v € Z%,(R) with probability
density f,. For a normal distribution v’ € %y with probability density f,,, define

the Kullback—Leibler divergence
’ fv(z)
KL(v[lv ):ffv( ) log
f v’( )
Show that the normal distribution ¥ = N(u, 0®) minimizing KL(v||?) has
parameters given by

p=EIZl, o’=E[Z-p. (5.32)
A
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Exercise 5.6. Consider again a probability distribution v € &2,(R) with instan-
tiation Z, and for a normal distribution v’ € %y, define the cross-entropy
loss

CE(v)= E [log ()]

Show that the normal distribution v’ that minimizes this cross-entropy loss has
parameters given by Equation 5.32. Contrasting with the preceding exercise,
explain why this result applies irrespective of whether v’ has a probability
density. A

Exercise 5.7. Prove Lemma 5.6 from the definition of the pushforward
distribution. A

Exercise 5.8. The naive implementation of Algorithm 5.1 requires O(N' (’{,”N,,’fz)
memory to perform the kth iteration. Describe an implementation that reduces
this cost to O(NxNy). A

Exercise 5.9. Consider a Markov decision process in which the rewards are
normally distributed:

Pr(- | x,a) = N(u(x, a), c*(x,a)), forxeX,acA.

Suppose that we represent our distributions with the m-categorical representa-
tion, with projection in Cramér distance I1:

n(x) =" pix)s,
i=1

(i) Show that
(LT m)(x)

=2, 2, M@l OPx( | x.a) ) pi) Ex [Medrare, | X =x.A=a].
1

a€A XX i=
(i) Construct a numerical integration scheme that approximates the terms

E, [HC6R+)/9,' | X=x,A=a]

to & precision on individual probabilities, for any x, a.

(iii) Use this scheme to construct a distributional dynamic programming algo-
rithm for Markov decision processes with normally distributed rewards.
What is its per-iteration computational cost?

(iv) Suppose that the support 9y,...,6,, is evenly spaced on [fyy, Gyax], that
o%(x,a) =1 for all x,a, and additionally, u(x, @) € [(1 = ¥)6un, (1 —¥)Ouax]-
Analogous to the results of Section 5.10, bound the approximation error
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resulting from this algorithm, as a function of m, &, the number of iterations
K. A

Exercise 5.10. Prove that the deterministic projection of Section 3.5, defined
in terms of a map to two neighboring particles, is equivalent to the triangular
kernel formulation presented in Section 5.6. A

Exercise 5.11. Show that each of the representations of Definitions 5.11-5.13 is
complete with respect to w),, for p € [1, co]. That is, for & € {Fq m, Fcm, FEm)>
show that if ve &2,(R) is the limit of a sequence of probability distributions
V=0 € &, thenve.Z. A

Exercise 5.12. Show that the empirical representation .#g (Definition 5.5) is
not complete with respect to the 1-Wasserstein distance. Explain, concretely,
why this causes difficulties in defining a distance-based projection onto Fg. A

Exercise 5.13. Explain what happens if the inverse cumulative distribution
function F;! is not continuous in Lemma 5.16. When does that arise? What are
the implications for the w;-projection onto the m-quantile representation? A

Exercise 5.14. Implement distributional dynamic programming with the empir-
ical representation in the programming language of your choice. Apply it to the
deterministic Markov decision process depicted in Figure 5.6, for a finite num-
ber of iterations K, beginning with 79(x) = do. Plot the supremum 1-Wasserstein
distance between the iterates 7; and i7" as a function of k. A

Exercise 5.15. Prove that the m-categorical representation %, is convex and
complete with respect to the Cramér distance ¢, for all m € N*. A

Exercise 5.16. Show that the projected Bellman operator, instantiated with the
m-quantile representation %, and the w;-projection, is not a contraction in
wi. A

Exercise 5.17. Consider the metric space given by the open interval (0, 1)
equipped with the Euclidean metric on the real line, d(x, y) =|x —y|.

(i) Show that this metric space is not complete.

(i) Construct a simple contraction map on this metric space that has no fixed
point, illustrating the necessity of the condition of completeness in Banach’s
fixed-point theorem. A

Exercise 5.18. Let p= g, and consider the probability distribution

v=(1—-p)dy+ po, .
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Show that, for all m € N*, the projection of v onto the m-quantile representation,
written I1,v, is such that

woIlgv,v)=1.
Comment on the utility of the supremum-w,, metric in analyzing the conver-
gence and the quality of the fixed point of quantile dynamic programming. A

Exercise 5.19. Consider the Bernoulli representation:
{péo+ (1 =p)6,:pel0,11};

this is also the categorical representation with m =2, 6, =0, 6, = 1. Consider the
distributional dynamic programming obtained by combining this representation
with a we,-projection.

(1) Describe the projection operator mathematically.

(i) Consider a two-state, single-action MDP with states x, y with transition
dynamics such that each state transitions immediately to the other and
rewards that are deterministically 0. Show that with y > 1/2, the distribu-
tional dynamic programming operator defined above is not a contraction
mapping and in particular has multiple fixed points. A

Exercise 5.20. The purpose of this exercise is to develop a guarantee of the
approximation error incurred by the fixed point #; of the projected distributional
Bellman operator I1,7™ and the m-quantile representation; a version of this
analysis originally appeared in Rowland et al. (2019). Here, we write Z5(R)
for the space of probability distributions bounded on [V, Vaax]-

(i) For a distribution ve€ &5(R) and the quantile projection I1, : #;(R) —
Fqom» show that we have

VMAX - VMIN

wi (v, v) £ ————.

l( Q ) m

(ii) Hence, using the triangle inequality, show that for any v, V' € #5(R), we

have
Vusx =V,
wi [y, TIyY) S w (v, V) + —=—2

Thus, while I, is not an nonexpansion under wy, per Exercise 5.16, it is in
some sense “not far”” from satisfying this condition.

(iii) Hence, using the triangle inequality with the return functions 77, T1,n", and
17", show that if 777" € Z(R)¥, then we have

3 ( VMAX - VMIN)

wi(fg. ") < am(1—)
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(iv) Finally, show that wi(v, V) < we(v,V) for any v,v' € Zg(R). Thus, starting
from the observation that

Wi, 7°) Wik, 1) + wi (5, 77)

deduce that
_ 3(Vuax = V4
w1 (M, 77”) < ’yk(VMAX = Vi) + M . A
2m(1—7)
Exercise 5.21. The aim of this exercise is to fill out the details in the reduction
described in Remark 5.2.

(i) Consider an MDP where r(x, a) > 0 is the (deterministic) reward received
from choosing action a in state x (that is, the distribution Pg(: | x,a) is a
Dirac delta at r(x, a)). Deduce that if the values r(x, a) are distinct across
state-action pairs and that the discount factor 7y satisfies

< RMIN
RMIN + RMAX

then there is an injective mapping from trajectories to returns.

(ii)) Hence, show that for the class of MDPs described in Remark 5.2, the

trajectories whose returns lie in the set

Y

n—1 n-1
D Ao+ ) +ya), Y Yo+ D) +y (@) +1)
t=0

oeS, L t=0
are precisely the trajectories whose initial n + 1 states correspond to a
Hamiltonian cycle. A
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6 Incremental Algorithms

The concept of experience is central to reinforcement learning. Methods such
as TD and categorical TD learning iteratively update predictions on the basis of
transitions experienced by interacting with an environment. Such incremental
algorithms are applicable in a wide range of scenarios, including those in
which no model of the environment is known, or in which the model is too
complex to allow for dynamic programming methods to be applied. Incremental
algorithms are also often easier to implement. For these reasons, they are key in
the application of reinforcement learning to many real-world domains.

With this ease of use, however, comes an added complication. In contrast to
dynamic programming algorithms, which steadily make progress toward the
desired goal, there is no guarantee that incremental methods will generate con-
sistently improving estimates of return distributions from iteration to iteration.
For example, an unusually high reward in a sampled transition may actually
lead to a short-term degrading of the value estimate for the corresponding state.
In practice, this requires making sufficiently small steps with each update, to
average out such variations. In theory, the stochastic nature of incremental
updates makes the analysis substantially more complicated than contraction
mapping arguments.

This chapter takes a closer look at the behavior and design of incremen-
tal algorithms — distributional and not. Using the language of operators and
probability distribution representations, we also formalize what it means for an
incremental algorithm to perform well and discuss how to analyze its asymptotic
convergence to the desired estimate.

6.1 Computation and Statistical Estimation

Iterative policy evaluation finds an approximation to the value function V” by
successively computing the iterates

Vier =T"Vy, (6.1)

161
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defined by an arbitrary initial value function estimate V, € RX. We can also
think of temporal-difference learning as computing an approximation to the
value function V”, albeit with a different mode of operation. To begin, recall
from Chapter 3 the TD learning update rule:

V(x) — (1 —a)V(x)+a(r+yV(x)). (6.2)

One of the aims of this chapter is to study the long-term behavior of the value
function estimate V (and, eventually, of estimates produced by incremental,
distributional algorithms).

At the heart of our analysis is the behavior of a single update. That is, for a
fixed V € RY, we may understand the learning dynamics of temporal-difference
learning by considering the random value function estimate V' defined via the
sample transition model (X = x, A, R, X'):

V(x)=(1-a)V@)+aR+yV(X)), (6.3)
V=V, y#x.

There is a close connection between the expected effect of the update given by
Equation 6.3 and iterative policy evaluation. Specifically, the expected value of
the quantity R +yV(X’) precisely corresponds to the application of the Bellman
operator to V, evaluated at the source state x:

EAR+yV(X) | X=x]=(T"V)(x).

Consequently, in expectation TD learning adjusts its value function estimate at
x in the direction given by the Bellman operator:

E V' (x) | X=x]=(1-a)V(x)+(T"V)(x). (6.4)

To argue that temporal-difference learning correctly finds an approximation to
V7™, we must also be able to account for the random nature of TD updates. An
effective approach is to rewrite Equation 6.3 as the sum of an expected target
and a mean-zero noise term:

V@ =1-a)V@+o I"V)x) +R+yVEX)-(TV))): (6.5
expected target noise

with this decomposition, we may simultaneously analyze the mean dynamics of
TD learning as well as the effect of the noise on the value function estimates. In
the second half of the chapter, we will use Equation 6.5 to establish that under
appropriate conditions, these dynamics can be controlled so as to guarantee
the convergence of temporal-difference learning to V" and analogously the
convergence of categorical temporal-difference learning to the fixed point 7.
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6.2 From Operators to Incremental Algorithms

As illustrated in the preceding section, we can explain the behavior of temporal-
difference learning (an incremental algorithm) by relating it to the Bellman
operator. New incremental algorithms can also be obtained by following the
reverse process — by deriving an update rule from a given operator. This tech-
nique is particularly effective in distributional reinforcement learning, where
one often needs to implement incremental counterparts to a variety of dynamic
programming algorithms. To describe how one might derive an update rule
from an operator, we now introduce an abstract framework based on what is
known as stochastic approximation theory.*

Let us assume that we are given a contractive operator O over some state-
indexed quantity and that we are interested in determining the fixed point U* of
this operator. With dynamic programming methods, we obtain an approximation
of U* by computing the iterates

U1 (x) = (OU(x), forall xeX.

To construct a corresponding incremental algorithm, we must first identify what
information is available at each update; this constitutes our sampling model.
For example, in the case of temporal-difference learning, this is the sample
transition model (X, A, R, X"). For Monte Carlo algorithms, the sampling model
is the random trajectory (X;, A, R;)>0 (see Exercise 6.1). In the context of this
chapter, we assume that the sampling model takes the form (X, Y), where X is
the source state to be updated, and Y comprises all other information in the
model, which we term the sample experience.

Given a step size  and realizations x and y of the source state variable X and
sample experience Y, respectively, we consider incremental algorithms whose
update rule can be expressed as

U(x) — (1 -a)U(x) + 20U, x, y) . (6.6)

Here, (j(U, X,y) is a sample target that may depend on the current estimate
U. Typically, the particular setting we are in also imposes some limitation on
the form of O. For example, when O is the Bellman operator 77, although
(j(U, x,y)=(0OU)(x) is a valid instantiation of Equation 6.6, its implementation
might require knowledge of the environment’s transition kernel and reward
function. Implicit within Equation 6.6 is the notion that the space that the
estimate U occupies supports a mixing operation; this will indeed be the case

45. Our treatment of incremental algorithms and their relation to stochastic approximation theory is
far from exhaustive; the interested reader is invited to consult the bibliographical remarks.
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for the algorithms we consider in this chapter, which work either with finite-
dimensional parameter sets or probability distributions themselves.

With this framework in mind, the question is what makes a sensible choice
for O.

Unbiased update. An important case is when the sample target O can be
chosen so that in expectation, it corresponds to the application of the operator
O:

E[O(U,X,Y)| X =x] = (OU)(x). (6.7)
In general, when Equation 6.7 holds, the resulting incremental algorithm is
also well behaved. More formally, we will see that under reasonable conditions,
the estimates produced by such an algorithm are guaranteed to converge to
U* — a generalization of our earlier statement that temporal-difference learning
converges to V.

Conversely, when the operator O can be expressed as an expectation over
some function of U, X, and Y, then it is possible to derive a sample target simply
by substituting the random variables involved with their realizations. In effect,
we then use the sample experience to construct an unbiased estimate of (OU)(x).
As a concrete example, the TD target, expressed in terms of random variables,
is

O(V.X.Y)=R+yV(X');
the corresponding update rule is

V) —(1-a)V(x)+a(r+yV(X)).
~— ——
sample target
In the next section, we will show how to use this approach to derive categorical
temporal-difference learning (introduced in Chapter 3) from the categorical-
projected Bellman operator.

Example 6.1. The consistent Bellman operator is an operator over state-action
value functions based on the idea of making consistent choices at each state. At
a high level, the consistent operator adds the constraint that actions that leave
the state unchanged should be repeated. This operator is formalized as

TIQ(x,a)=E,[R +ymax OX',a ) lix 29 +y0(x, a)Lix -y | X=x].

Let (x,a, r, x") be drawn according to the sample transition model. The update
rule derived by substitution is

(1-a@)Q(x,a) + a(r+ymaxycq Q(x',a’)) if X' #x

O(x,a) « { .
(1-a)0(x,a)+ a(r+yQ(x,a)) otherwise.
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Compared to Q-learning (Section 3.7), the consistent update rule increases the
action gap at each state, in the sense that its operator’s fixed point Q; has the
property that for all (x,a) e X X A,

max Q¢ (x,a’) — Qc(x,a) 2max Q"(x,a’) - Q" (x, @),
a'eA aeA
with strict inequality whenever Px(x | x,a) > 0. A

A general principle. Sometimes, expressing the operator O in the form of
Equation 6.7 requires information that is not available to our sampling model.
In this case, it is sometimes still possible to construct an update rule whose
repeated application approximates the operator O. More precisely, given a fixed
estimate U, with this approach we look for a sample target function O such that
from a suitable initial condition, repeated updates of the form

U(x) — (1 -a)U(x) + O, x, y)

lead to U ~QU. In this case, a necessary condition for O to be a suitable sample
target is that it should leave the fixed point U* unchanged, in expectation:

E.[OU*, X, Y)| X =x]=U*(x).

In Section 6.4, we will introduce quantile temporal-difference learning, an
algorithm that applies this principle to find the fixed point of the quantile-
projected Bellman operator.

6.3 Categorical Temporal-Difference Learning

Categorical dynamic programming (CDP) computes a sequence (17x)i>0 of
return-distribution functions, defined by iteratively applying the projected dis-
tributional Bellman operator II.7 " to an initial return-distribution function
To:
Mie+1 = l_I<:{7~”77k .

As we established in Section 5.9, the sequence generated by CDP converges
to the fixed point 7j7. Let us express this fixed point in terms of a collection of
probabilities ((p7(x))}, : x € X) associated with m particles located at 6y, ... . , 6,,:

m

ZHEEDYAC
i=1

To derive an incremental algorithm from the categorical-projection Bellman
operator, let us begin by expressing the projected distributional operator I1.77"
in terms of an expectation over the sample transition (X = x, A, R, X'):

(MT 7 7)(x) = T B | (b )y (X') | X = x] . (6.8)
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Following the line of reasoning from Section 6.2, in order to construct an
unbiased sample target by substituting R and X’ with their realizations, we
need to rewrite Equation 6.8 with the expectation outside of the projection II,.
The following establishes the validity of exchanging the order of these two
operations.

Proposition 6.2. Let neﬂgm be a return function based on the m-
categorical representation. Then for each state x € X,

(LT n)(x) = Ex [TIe((bry)en(X)) | X = x]. A

Proposition 6.2 establishes that the projected operator I1.7 " can be written
in such a way that the substitution of random variables with their realizations
can be performed. Consequently, we deduce that the random sample target

O, x, (R, X")) = Te(bg,)sn(X")

provides an unbiased estimate of (I1.7"n)(x). For a given realization (x, a, r, x")
of the sample transition, this leads to the update rule*®

n(x) < (1 = a)n(x) + alle ((byy)un(x")) - (6.9)
sample target

The last part of the CTD derivation is to express Equation 6.9 in terms of
the actual parameters being updated. These parameters are the probabilities
((pi(x)%, : x € X) of the return-distribution function estimate 7:

(=" pix), .
i=1

The sample target in Equation 6.9 is given by the pushforward transformation of
a m-categorical distribution (17(x")) followed by a categorical projection. As we
demonstrated in Section 3.6, the projection of a such a transformed distribution
can be expressed concisely from a set of coefficients (£; ;(r) : 7, j€{1,...,m}).
In terms of the triangular and half-triangular kernels (/;)}, that define the
categorical projection (Section 5.6), these coefficients are

G () =hi(s, (r+v0;-6)). (6.10)

With these coeflicients, the update rule over the probability parameters is

pi(x) = —a)pi(x)+a ) & (rpx).

m
=

46. Although the action a is not needed to construct the sample target, we include it for consistency.
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Our derivation illustrates how substituting random variables for their real-
izations directly leads to an incremental algorithm, provided we have the right
operator to begin with. In many situations, this is simpler than the step-by-
step process that we originally followed in Chapter 3. Because the random
sample target is an unbiased estimate of the projected Bellman operator, it
is also simpler to prove its convergence to the fixed point #7; in the second
half of this chapter, we will in fact apply the same technique to analyze both
temporal-difference learning and CTD.

Proof of Proposition 6.2. For a given r e R, x’ € X, let us write
ii(r, x') = (bry dan(x") .

Fix x € X. For conciseness, let us define, for ze R,
hi(2) = hi(s,' (2= 6).

With this notation, we have

Er [Me((bry on(X ) | X = x| €Ec [ 310, B [(2)]1X=1]
i=1 ’

; 0 Br| , B @)1 X =1]

6, E  [h(Z))]
Z'~(T™n)(x)

s
NgE

1l
—_

=Ie(T7m(x),

where (a) follows by definition of the categorical projection in terms of the
triangular and half-triangular kernels (#;)!, and (b) follows by noting that
if the conditional distribution of R + yG(X’) (where G is an instantiation of
n independent of the sample transition (x, A, R, X)) given R, X" is (R, X") =
(br,)#n(X’), then the unconditional distribution of G when X = x is (77"n)(x).

O

6.4 Quantile Temporal-Difference Learning

Quantile regression is a method for determining the quantiles of a probability
distribution incrementally and from samples.*’ In this section, we develop an

47. More precisely, quantile regression is the problem of estimating a predetermined set of quantiles
of a collection of probability distributions. By extension, in this book, we also use “quantile
regression” to refer to the incremental method that solves this problem.
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algorithm that aims to find the fixed point f; of the quantile-projected Bellman
operator I1,7 7 via quantile regression.

To begin, suppose that given 7€ (0, 1), we are interested in estimating the
7th quantile of a distribution v, corresponding to F;!(7). Quantile regression
maintains an estimate 6 of this quantile. Given a sample z drawn from v, it
adjusts 6 according to

0—0+a(t—1i;<qg). (6.11)

One can show that quantile regression follows the negative gradient of the
quantile loss*

L:(0)=(T - 1i;<o)(z-0)
=1 <o —lxlz-6. (6.12)

In Equation 6.12, the term |1, < ¢; — 7| is an asymmetric step size that is either
7 or 1 —7, according to whether the sample z is greater or smaller than 6,
respectively. When 7 < 0.5, samples greater than 6 have a lesser effect on it
than samples smaller than 6; the effect is reversed when 7> 0.5. The update
rule in Equation 6.11 will continue to adjust the estimate until the equilibrium
point 8* is reached (Exercise 6.4 asks you to visualize the behavior of quantile
regression with different distributions). This equilibrium point is the location at
which smaller and larger samples have an equal effect in expectation. At that
point, letting Z ~ v, we have

0=E [T— ]l[z<9*}]

=7-E[Liz<¢]
=7-P(Z<6)
= P(Z<6)=1
= 0" =F,'(1). (6.13)

For ease of exposition, in the final line we assumed that there is a unique z€ R
for which F,(z) = 7; Remark 6.1 discusses the general case.

Now, let us consider applying quantile regression to find a m-quantile approx-
imation to the return-distribution function (ideally, the fixed point #7). Recall
that a m-quantile return-distribution function n € ﬁg ., 18 parameterized by the
locations ((6;(x))", : x € X):

1 m
nx)=— Z 6,(x)-
mi=3

48. More precisely, Equation 6.11 updates 6 in the direction of the negative gradient of £ provided
that Pz.,(Z =) = 0. This holds trivially if v is a continuous probability distribution.

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



Incremental Algorithms 169

Now, the quantile projection I1,v of a probability distribution v is given by

1 2i—1
HQV= E Zl 5[:;1(.1.’_) s T =
i=

Given a source state x € X, the general idea is to perform quantile regression for
all location parameters (¢;){, simultaneously, using the quantile levels (7;)]" |
and samples drawn from (7 "n)(x). To this end, let us momentarily introduce a
random variable J uniformly distributed on {1, ..., m}. By Proposition 4.11, we
have

fori=1,...,m.

D(R+70,(X) | X =x)=(T"n)(x). (6.14)
Given a realized transition (x, a, r, x’), we may therefore construct m sample
targets (r + )/91-()6’))'}1= - Applying Equation 6.11 to these targets leads to the
update rule
6:0) — 00 + = 3 (1= Lr + 96,V <BWY). i=1....m.  (6.15)
m 4=
This is the quantile temporal-difference learning (QTD) algorithm. A concrete
instantiation in the online case is summarized by Algorithm 6.1, by analogy with
the presentation of categorical temporal-difference learning in Algorithm 3.4.
Note that applying Equation 6.15 requires computing a total of m? terms per
location; when m is large, an alternative is to instead use a single term from
the sum in Equation 6.15, with j sampled uniformly at random. Interestingly
enough, for m sufficiently small, the per-step cost of QTD is less than the cost
of sorting the full distribution (7"n)(x) (which has up to NxNgm particles).
This suggests that the quantile regression approach to the projection step may
be useful even in the context of distributional dynamic programming.
The use of quantile regression to derive QTD can be seen as an instance of
the principle introduced at the end of Section 6.2. Suppose that we consider an
initial return function

1 m
no(x) = P Z: ‘50‘}(x) :
J=

If we substitute the sample target in Equation 6.15 by a target constructed from
this initial return function, we obtain the update rule

0,(x) — O;(x) + < Z (ri-Ur+y(x)<6:x)), i=1..m. (6.16)

m 4=
By inspection, we see that Equation 6.16 corresponds to quantile regression
applied to the problem of determining, for each state x € X, the quantiles of
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Algorithm 6.1: Online quantile temporal-difference learning

Algorithm parameters: step size @ € (0, 1],
policy 7: X — Z(A),
number of quantiles m,
initial locations ((67(x)), : x € X)

6i(x) —@(x) fori=1,...,m, xeX
Tﬁ—% fori=1,...,m

Loop for each episode:

Observe initial state xg

Loop fort=0,1,...

Draw a; from 7(- | x;)

Take action a;, observe ry, X;41
fori=1,...,mdo

0 — 0;(x;)

for j=1,...,mdo

if x,.; is terminal then
| &< 1t

else
| g1 +v0i(xi1)

0, 0+ =(1; — 1{g < 6;(x))})
end for
end for
fori=1,...,mdo

‘ 0;(x;) 9,{

end for

until x;,; is terminal
end

the distribution (7 "19)(x). Consequently, one may think of quantile temporal-
difference learning as performing an update that would converge to the quantiles
of the target distribution, if that distribution were held fixed.

Based on this observation, we can verify that QTD is a reasonable distribu-
tional reinforcement learning algorithm by considering its behavior at the fixed
point

flo =TT »
the solution found by quantile dynamic programming. Let us denote the param-
eters of this return function by @f (x), fori=1,...,m and xe€ X. For a given

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



Incremental Algorithms 171

state x, consider the intermediate target
() = (T75)(x) .

Now, by definition of the quantile projection operator, we have

0700 = Frio (55) -
However, by Equation 6.13, we also know that the quantile regression update
rule applied at @f (x) with 7; = % leaves the parameter unchanged in expec-
tation. In other words, the collection of locations (9;T (x))i2, is a fixed point of
the expected quantile regression update, and consequently the return function
iy is a solution of the quantile temporal-difference learning algorithm. This
gives some intuition that is it indeed a valid learning rule for distributional
reinforcement learning with quantile representations.

Before concluding, it is useful to illustrate why the straightforward approach
taken to derive categorical temporal-difference learning, based on unbiased
operator estimation, cannot be applied to the quantile setting. Recall that the
quantile-projected operator takes the form

(Mo 7)(x) = o B | (bry )y (X) | X = x] . (6.17)

As the following example shows, exchanging the expectation and projection
results in a different operator, one whose fixed point is not 7. Consequently,
we cannot substitute random variables for their realizations, as was done in the
categorical setting.

Example 6.3. Consider an MDP with a single state x, single action a, transition
dynamics so that x transitions back to itself, and immediate reward distribution
N(0, 1). Given n(x) =g, we have (77n)(x) = N(0, 1), and hence the projec-
tion via I, onto .#q,, with m =1 returns a Dirac delta on the median of this
distribution: 8.

In contrast, the sample target (bg,)#7(X") is dg, and so the projection of this
target via I1, remains dz. We therefore have

E,[[o(bry)sm(X") | X = x] = Ex[0r | X =x]=N(0, 1),

which is distinct from the result of the projected operator, (I1,7 "n)(x) =dp. &

6.5 An Algorithmic Template for Theoretical Analysis

In the second half of this chapter, we present a theoretical analysis of a class of
incremental algorithms that includes the incremental Monte Carlo algorithm
(see Exercise 6.9), temporal-difference learning, and the CTD algorithm. This
analysis builds on the contraction mapping theory developed in Chapter 4 but
also accounts for the randomness introduced by the use of sample targets in
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the update rule, via stochastic approximation theory. Compared to the analysis
of dynamic programming algorithms, the main technical challenge lies in
characterizing the effect of this randomness on the learning process.

To begin, let us view the output of the temporal-difference learning algorithm
after k updates as a value function estimate V. Extending the discussion from
Section 6.1, this estimate is a random quantity because it depends on the
particular sample transitions observed by the agent and possibly the randomness
in the agent’s choices.** We are particularly interested in the sequence of random
estimates (Vi )r>0. From an initial estimate V, this sequence is formally defined
as

Vi1 (Xi) = (1 — ap) Vi(Xi) + an(Re + v V(X))
Viei(x) = Vi(x)  if x# X,

where (Xi, A, Ry, X )i=0 is the sequence of random transitions used to calculate
the TD updates. In our analysis, the object of interest is the limiting point of this
sequence, and we seek to answer the question: does the algorithm’s estimate
converge to the value function V*? We consider the limiting point because any
single update may or may not improve the accuracy of the estimate V; at the
source state X;. We will show that, under the right conditions, the sequence
(Vidrso converges to V7. That is,

lim [Vi(x) = V()| =0, forall xe X.

More precisely, the above holds with probability 1: with overwhelming odds,
the variables Xy, Ry, X(’), X1, ... are drawn in such a way that V;, — yr .30

We will prove a more general result that holds for a family of incremental
algorithms whose sequence of estimates can be expressed by the template

Upr1 (X)) = (1 — @) Up(Xy) + @, O(Uy, X, Y)
Ui () =Ur(x) if x#X;. (6.18)

Here, X is the (possibly random) source state at time &, (j(Uk,Xk, Y)) is the
sample target, and ¢y is an (also possibly random) step size. As in Section 6.2,
the sample experience Y; describes the collection of random variables used
to construct the sample target: for example, a sample trajectory or a sample
transition (X, Ax, Ry, and X,’().

Under this template, the estimate Uy describes the collection of variables
maintained by the algorithm and constitutes its “prediction.” More specifically,

49. In this context, we even allow the step size @ to be random.

50. Put negatively, there may be realizations of Xo, Ry, X(’), X1, ... for which the sequence (Vi)i>0
does not converge, but the set of such realizations has zero probability.
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it is a state-indexed collection of m-dimensional real-valued vectors, written
U, e R¥*™ _In the case of the TD algorithm, m =1 and Uy = V;.

We assume that there is an operator O : R — RY*" whose unique fixed
point is the quantity to be estimated by the incremental algorithm. If we denote
this fixed point by U*, this implies that

our=U".
We further assume the existence of a base norm || - || over R, extended to the
space of estimates according to

IUlleo = sup [[U),
xeX

such that O is a contraction mapping of modulus 8 with respect to the metric
induced by || -||. For TD learning, O =T" and the base norm is simply the
absolute value; the contractivity of 7" was established by Proposition 4.4.

Within this template, there is some freedom in how the source state X is
selected. Formally, X} is assumed to be drawn from a time-varying distribution
&, that may depend on all previously observed random variables up to but
excluding time k, as well as the initial estimate Uy. That is,

Xk ~ E(Xowk-15 Youk-1, @061, Up) -

This includes scenarios in which source states are drawn from a fixed distribu-
tion £ € #(X), enumerated in a round-robin manner, or selected in proportion
to the magnitude of preceding updates (called prioritized replay; see Moore and
Atkeson 1993; Schaul et al. 2016). It also accounts for the situation in which
states are sequentially updated along a sampled trajectory, as is typical of online
algorithms.

We further assume that the sample target is an unbiased estimate of the
operator O applied to U, and evaluated at X;. That is, for all x € X for which
P(X;=x)>0,

E[OUy, Xi, Yi) | Xouk-15 You1, @041, Uo, Xk = x] = (OU)(x) .

This implies that Equation 6.18 can be expressed in terms of a mean-zero noise
Wy, similar to our derivation in Section 6.1:

Uit (Xi) = (1 = ) U(Xe) + ai [ (QUD(Xi) + (OU, X, Yo) = (OUDX) |

Wk

Because wy, is zero in expectation, this assumption guarantees that, on average,
the incremental algorithm must make progress toward the fixed point U*. That
is, if we fix the source state X; = x and step size ay, then

E[Uks1(%) | Xo:k-1, York—1, @01, Xic = X, ] (6.19)
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=(1 = apUi(x) + o E[(QU)(x) + wy | X = x]
=(1 = ap)Ur(x) + ax(OU)(x) .

By choosing an appropriate sequence of step sizes (ax)r>o and under a few
additional technical conditions, we can in fact provide the stronger guarantee
that the sequence of iterates (Uy )i converges to U* w.p. 1, as the next section
illustrates.

6.6 The Right Step Sizes

To understand the role of step sizes in the learning process, consider an abstract
algorithm described by Equation 6.18 and for which

O(Uy, Xi, i) = (OU)(Xy) .

In this case, the noise term wy is always zero and can be ignored: the abstract
algorithm adjusts its estimate directly toward OU;. Here we should take the
step sizes (ay)x>o to be large in order to make maximal progress toward U*. For
a, =1, we obtain a kind of dynamic programming algorithm that updates its
estimate one state at a time and whose convergence to U* can be reasonably
easily demonstrated; conversely, taking @; < 1 must in some sense slow down
the learning process.

In general, however, the noise term is not zero and cannot be neglected. In
this case, large step sizes amplify w; and prevent the algorithm from converg-
ing to U* (consider, in the extreme, what happens when @ = 1). A suitable
choice of step size must therefore balance rapid learning progress and eventual
convergence to the right solution.

To illustrate what ““suitable choice” might mean in practice, let us distill the
issue down to its essence and consider the process that estimates the mean of a
distribution v € & (R) according to the incremental update

Vier = (1 —ap) Vi + iRy, (6.20)

where (R )0 are i.i.d. random variables distributed according to v. For concrete-
ness, let us assume that v = N(0, 1), so that we would like (V})i>o to converge
to 0.

Suppose that the initial estimate is Vjy = 0 (the desired solution) and consider
three step size schedules: a; =0.1, a; = /k+1, and ay = /k+1)2. Figure 6.1 illus-
trates the sequences of estimates obtained by applying the incremental update
with each of these schedules and a single, shared sequence of realizations of the
random variables (Ry)i>0.

The !/k+1 schedule corresponds to the right step size schedule for the incre-
mental Monte Carlo algorithm (Section 3.2), and accordingly, we observe that it
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------ a=0.1
— a=1/(k+1)
—= a=1/(k+1)?

Estimated value

d 200 400 600 800 1000
Iteration

Figure 6.1

The behavior of a simple incremental update rule 6.20 for estimating the expected value
of a normal distribution. Different curves represent the sequence of estimates obtained
from different step size schedules. The ground truth (V =0) is indicated by the dashed
line.

is converging to the correct expected value.’' By contrast, the constant schedule
continues to exhibit variations over time, as the noise is not sufficiently averaged
out. The quadratic schedule (!/«+1)*) decreases too quickly and the algorithm
settles on an incorrect prediction.

To prove the convergence of algorithms that fit the template described in
Section 6.5, we will require that the sequence of step sizes satisfies the Robbins—
Monro conditions (Robbins and Monro 1951). These conditions formalize the
range of step sizes that are neither too small nor too large and hence guarantee
that the algorithm must eventually find the solution U*. As with the source state
Xk, the step size ay at a given time k may be random, and its distribution may
depend on Xj, Xo.x—1, @o:k—1, and Yy.x—1 but not the sample experience Y;. As in
the previous section, these conditions should hold with probability 1.

Condition 1: not too small. In the example above, taking a; = !/+1) results
in premature convergence of the estimate (to the wrong solution). This is because
when the step sizes decay too quickly, the updates made by the algorithm may
not be of large enough magnitude to reach the fixed point of interest. To avoid
this situation, we require that (@ )r>o satisfy

Z“kIL{Xk:x} =oco, forallxeX.

k=0
Implicit in this assumption is also the idea that every state should be updated
infinitely often. This assumption is violated, for example, if there is a state x

51. In our example, Vi is the average of k i.i.d. normal random variables and is itself normally
distributed. Its standard deviation can be computed analytically and is equal to 1/ vk (k > 1). This
implies that after k= 1000 iterations, we expect Vi to be in the range +3 X 1/ vk = +0.111, because
99.7 percent of a normal random variable’s probability is within three standard deviations of its
mean. Compare with Figure 6.1.

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



176 Chapter 6

and time K after which X; # x, for all k> K. For a reasonably well-behaved
distribution of source states, this condition is satisfied for constant step sizes,
including oy = 1: in the absence of noise, it is possible to make rapid progress
toward the fixed point. On the other hand, it disallows @y = !/k+1y, since

2

i;_lm
Li(k+172 6

Condition 2: not too large. Figure 6.1 illustrates how, with a constant step
size and in the presence of noise, the estimate Uy (x) continues to vary substan-
tially over time. To avoid this issue, the step size should be decreased so that
individual updates result in progressively smaller changes in the estimate. To
achieve this, the second requirement on the step size sequence (@ )x>0 1S

Za’iﬂ{xk:x} <oco, forallxeX.
k>0
In reinforcement learning, a simple step size schedule that satisfies both of

these conditions is .

S N(X)+ 1

where Ny(x) is the number of updates to a state x up to but not including
algorithm time k. We encountered this schedule in Section 3.2 when deriving
the incremental Monte Carlo algorithm. As will be shown in the following
sections, this schedule is also sufficient for the convergence of TD and CTD
algorithms.>? Exercise 6.7 asks you to verify that Equation 6.21 satisfies the
Robbins—Monro conditions and investigates other step size sequences that also
satisfy these conditions.

ak (6.21)

6.7 Overview of Convergence Analysis

Provided that an incremental algorithm satisfies the template laid out in Section
6.5, with a step size schedule that satisfies the Robbins—Monro conditions,
we can prove that the sequence of estimates produced by this algorithm must
converge to the fixed point U* of the implied operator O. Before presenting the
proof in detail, we illustrate the main bounding-box argument underlying the
proof.

Let us consider a two-dimensional state space X ={xj, x,} and an incre-
mental algorithm for estimating a 1-dimensional quantity (m = 1). As per the
template, we consider a contractive operator O : RX — R¥X given by OU =

52. Because the process of bootstrapping constructs sample targets that are not in general unbiased
with regards to the value function V”, the optimal step size schedule for TD learning decreases at a
rate that is slower than 1/k. See bibliographical remarks.
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(0.8U(x3),0.8U(x3)); note that the fixed point of O is U* =(0,0). At each
time step, a source state (x; or x;) is chosen uniformly at random and the
corresponding estimate is updated. The step sizes are ay = (k + 1)™°7, satisfying
the Robbins—Monro conditions.

Suppose first that the sample target is noiseless. That is,

O(Uy, Xi, Y1) = 0.8Us(x2).

In this case, each iteration of the algorithm contracts along a particular
coordinate. Figure 6.2a illustrates a sequence (U)o defined by the update
equations

Uie1(X0) = (1 — ) Ur(Xp) + aO(Xs, Uy, Yy)
U1 () = Ur(x), x#X;.

As shown in the figure, the algorithm makes steady (if not direct) progress
toward the fixed point with each update. To prove that (Uj)k>0 converges to
U*, we first show that the error ||U; — U*||» is bounded by a fixed quantity
for all k>0 (indicated by the outermost dashed-line square around the fixed
point U* =0 in Figure 6.2a). The argument then proceeds inductively: if Uy lies
within a given radius of the fixed point for all k greater than some K, then there
is some K’ > K for which, for all k> K’, it must lie within the next smallest
dashed-line square. We will see that this follows by contractivity of O and the
first Robbins—Monro condition. Provided that the diameter of these squares
shrinks to zero, then this establishes convergence of Uy to U*.
Now consider adding noise to the sample target, such that

O(Uy, Xi, Y1) = 0.8UL(y) + wy .

For concreteness, let us take wy to be an independent random variable with dis-
tribution U([—1, 1]). In this case, the behavior of the sequence (U)o is more
complicated (Figure 6.2b). The sequence (Uy)i>o no longer follows a neat path
to the fixed point but can behave somewhat more erratically. Nevertheless, the
long-term behavior exhibited by the algorithm bears similarity to the noiseless
case: overall, progress is made toward the fixed point U™.

The proof of convergence follows the same pattern as for the noiseless case:
prove inductively that if ||U; — U"|| is eventually bounded by some fixed
quantity B; e R, then ||U; — U*||» is eventually bounded by a smaller quantity
By;1. As in the noiseless case, this argument is depicted by the concentric squares
in Figure 6.2c. Again, if these diameters shrink to zero, this also establishes
convergence of Uy to U*.
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Because noise can increase the error between the estimate U, and the fixed
point U* at any given time step, to guarantee convergence we need to pro-
gressively decrease the step size ;. The second Robbins—Monro condition is
sufficient for this purpose, and with it the inductive step can be proven with a
more delicate argument. One additional challenge is that the base case (that
SUP;s0 lUk — U™l < 00) is no longer immediate; a separate argument is required
to establish this fact. This property is called the stability of the sequence (Up)k=0
and is often one of the harder aspects of the proof of convergence of incremental
algorithms.

We conclude this section with a result that is crucial in understanding the
influence of noise in the algorithm. In the analysis carried out in this chapter, it
is the only result whose proof requires tools from advanced probability theory.>?

Proposition 6.4. Let (Z;)r>0 be a sequence of random variables taking
values in R™ and (a;)i=0 be a collection of step sizes. Given Zy = 0, consider
the sequence defined by

Zi = (1 — ) Zy + i Zy -
Suppose that the following conditions hold with probability 1:
ElZk | Zok-1- @0x] =0, sup ENNZil* | Zos-1, aos] < o0,
k=0

(] (o)
Smew, Satce
k=0 k=0

Then Z; — 0 with probability 1. A

The proof is given in Remark 6.2; here, we provide some intuition that can
be gleaned without consulting the proof.

First, parallels can be drawn with the strong law of large numbers. Expanding
the definition of Z; yields

Zkz(l —ak)-~-(1 —al)a()Zo+(1 —ak)---(l —afz)an1+---+a/ka.

Thus, Z; is a weighted average of the mean-zero terms (Z,)f:O. If @y = 1/k+1, then
we obtain the usual uniformly weighted average that appears in the strong law of
large numbers. We also note that unlike the standard strong law of large numbers,
the noise terms (Zl);‘:0 are not necessarily independent. Nevertheless, it seems
reasonable that this sequence should exhibit similar behavior to the averages that
appear in the strong law of large numbers. This also provides further intuition

53. Specifically, the supermartingale convergence theorem; the result is a special case of the
Robbins—-Siegmund theorem (Robbins and Siegmund 1971).
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(a) Example behavior of the iterates (U)o in the noiseless case. The shading indicates
the iteration number from light (k = 0) through to dark (k = 1000). (b) Example behavior
of the iterates (Uj)»o in the general case. (c¢) Behavior of iterates for ten random seeds,
with the noiseless (expected) behavior overlaid.

for the conditions of Proposition 6.4. If the variance of individual noise terms
aZy is too great, the weighted average may not “settle down” as the number of
terms increases. Similarly, if };”, @y is too small, the initial noise term Z, will
have too large an influence over the weighted average, even as k — co.

Second, for readers familiar with stochastic gradient descent, we can rewrite
the update scheme as

Zin=Zk+a(-Z+ Zy) .

This is a stochastic gradient update for the loss function £(Z;) = 1/2)|Z | (the
minimizer of which is the origin). The negative gradient of this loss is —Z;, Z;
is a mean-zero perturbation of this gradient, and «; is the step size used in the
update. Proposition 6.4 can therefore be interpreted as stating that stochastic
gradient descent on this specific loss function converges to the origin, under
the required conditions on the step sizes and noise. It is perhaps surprising
that understanding the behavior of stochastic gradient descent in this specific
setting is enough to understand the general class of algorithms expressed by
Equation 6.18.

6.8 Convergence of Incremental Algorithms*

We now provide a formal run-through of the arguments of the previous section
and explain how they apply to temporal-difference learning algorithms. We
begin by introducing some notation to simplify the argument. We first define a

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



180 Chapter 6

per-state step size that incorporates the choice of source state Xj:

a  ifx=X; Oy, Xy, Yo) — QU)X if x=X;
ax(x)= ) wi(x) = ,

0 otherwise, otherwise.
This allows us to recursively define (Uy)i>0 in a single equation:

U1 (x) = (1 = a4 () Ur(x) + () (OUR)(x) + wi(x)) . (6.22)

Equation 6.22 encapsulates all of the random variables — (Xi x>0, (Yi)k>0, (@r)k>0
— which together determine the sequence of estimates (Uy)g>o0.

It is useful to separate the effects of the noise into two separate cases: one
in which the noise has been “processed” by an application of the contractive
mapping O and one in which the noise has not been passed through this mapping.
To this end, we introduce the cumulative external noise vectors (Wy(x) : k>
0, x€ X). These are random vectors, with each W;(x) taking values in R™,
defined by

Wo()=0, Wi (x) = (1 = ax(x) Wi(x) + ar()wi(x) .

We also introduce the sigma-algebras 7 = 0-(Xo.x, @o:x> Yo:x-1); these encode
the information available to the learning agent just prior to sampling Y; and
applying the update rule to produce Uy, ;.

We now list several assumptions we will require of the algorithm to establish
the convergence result. Recall that || - || is the base norm identified in Section
6.5, which gives rise to the supremum extension || - ||. In particular, we assume
that O is a B-contraction mapping in the metric induced by || - |-

Assumption 6.5 (Robbins—Monro conditions). For each x € X, the step sizes
(ak(x))iz0 satisfy Do ax(x) =00 and ;5 ai(x)? < co with probability 1. A

The second assumption encompasses the mean-zero condition described in
Section 6.5 and introduces an additional condition that the variance of this noise,
conditional on the state of the algorithm, does not grow too quickly.

Assumption 6.6. The noise terms (wi(x) : k>0, x € X) satisfy E[wy(x) | F] =
0 with probability 1, and E[|lwi(x)||> | Fx] < Ci + Ca||Uil%, w.p. 1, for some
constants C;,C, >0, for all xe X and k> 0. A

We would like to use Proposition 6.4 to show that the cumulative external
noise (Wy(x))i>0 is well behaved, and then use this intermediate result to estab-
lish the convergence of the sequence (Uy )i itself. The proposition is almost
applicable to the sequence (Wi (x))>0. The difficulty is that the proposition
stipulates that the individual noise terms Z; have bounded variance, whereas
Assumption 6.6 only bounds the conditional expectation of [l ()]? in terms of
|U|I%,, which a priori may be unbounded. Unfortunately, in temporal-difference

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



Incremental Algorithms 181

learning algorithms, the update variance typically does scale with the magnitude
of current estimates, so this is not an assumption that we can weaken. To get
around this difficulty, we first establish the boundedness of the sequence (Uy )0,
as described informally in the previous section, often referred to as stability in
the stochastic approximation literature.

Proposition 6.7. Suppose Assumptions 6.5 and 6.6 hold. Then there is a
finite random variable B such that sup, [|Uklle < B with probability 1. A

Proof. The idea of the proof is to work with a “renormalized” version of the
noises (Wi (x))x=0 to which Proposition 6.4 can be applied. First, we show that
the contractivity of O means that when U is sufficiently far from 0, O contracts
the iterate back toward 0. To make this precise, we first observe that

[OUllee <IOU = Ulloo + 1U"loo <BIU = U lloo + 1U”le0 <BllUlle0 + D,

where D = (1 +8)||U*||. Let B> D/1-g so that B> BB + D, and define y € (5, 1)
by 8B + D =y/B. Now that that for any U with ||U||. > B, we have

OUlleo <BllUlleo + D =Bl Ul + @ = BB <BllUllo + @ = BVl = Yl Ullco -

Second, we construct a sequence of bounds (By )0 related to the iterates (Uy)is0
as follows. It will be convenient to introduce 1+ &=y, the inverse of the
contraction factor i above. Take By = max(B, ||Uoll»), and iteratively define

5. - By if |Ugs1lloo < (1 + &) By
k+1 = - _
’ min{(1 + &)'By: I e N*, ||Ups1llo < (1 + €)'By}  otherwise .

Thus, the (By)i=o define a kind of soft “upper envelope” on (||U|le)k=0, Which
are only updated when a norm exceeds the previous bound By, by a factor at
least (1 + &). Note that (||Ux|le k=0 is unbounded if and only if By — oo.

We now use the (By)io to define a “renormalized” noise sequence (Wy)is0
to which Proposition 6.4 can be applied. We set Wy =wy /By, and define W,
iteratively by Wy = wy, and

W1 (30) = (1 — () Wi (x) + @ (X)W (x) -

By Assumption 6.6, we still have E[; | 7] =0 and obtain that E[|[i]%, | Fz]
is uniformly bounded. Using Assumption 6.5, Proposition 6.4 now applies, and
we deduce that W, — 0 with probability 1.

In particular, there is a (random) time K such that ||W(x)|| < & for all k> K
and x € X. Now supposing By — oo, we may also take K so that ||Uk||. < Bg.
We will now prove by induction that for all k> K, we have both ||Ul| <
(1 + &)Bg and ||U — Wil < Bx; the base case is clear from the above. For the
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inductive step, suppose for some k > K, we have both ||Uy||e < (1 + &)Bg and
lUx = Willoo < Bg. Now observe that

1Uks1(x) = Wi (0l
=[I(1 = ax(x) Ur(x) + @ (x)(OU)(x) + ar(x)wi(x) = W1 (0l
<(1 = e ()IUk(x) = Wi(0)ll + ar ()N OU) ()l
<(1 = a(x) Bk + ar(X)BI|Uillo + D)
<(1 = () Bk + ar () (1 + £) B
<Bk.
And additionally,
NUk+1lloo < NUks1 = Wistlloo + Wit lleo < Bx + €Bg = (1 + £) Bk

as required. O

We can now establish the convergence of the cumulative external noise.

Proposition 6.8. Suppose Assumptions 6.5 and 6.6 hold. Then the external
noise Wy (x) converges to O with probability 1, for each x € X. A

Proof. By Proposition 6.7, there exists a finite random variable B such that
lUlleo < B for all k>0. We therefore have E[||wi(X)|? | Fx]1<C; + C2B>*=:B’
w.p. 1 for all xeX and k>0, by Assumption 6.6. Proposition 6.4 therefore
applies to give the conclusion. O

With this result in hand, we now prove the central result of this section,
using the stability result as the base case for the inductive argument intuitively
explained above.

Theorem 6.9. Suppose Assumptions 6.5 and 6.6 hold. Then Uy, — U™ with
probability 1. A

Proof. By Proposition 6.7, there is a finite random variable By such that ||U; —
U*|l < By for all k>0 w.p. 1. Let € > 0 such that 8 + 2¢ < 1; we will show by
induction that if B;=(8+2¢&)B;_; for all [ > 1, then for each />0, there is a
(possibly random) finite time K; such that ||U; — U*|| < B; for all k > K, which
proves the theorem.

To prove this claim by induction, let />0 and suppose there is a random
finite time K; such that [|Uy — U*||o < B; for all k > K; w.p. 1. Now let x € X, and
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k> K;. We have
Ups1(0) = U (x) = Wiy 1 (%)
= (1 = ax())Uk(x) + a()(OUR)(x) + wi(x))
= U (x) = (1 = aw(x)) Wi (x) — ase(x)wi(x)
= (1 = ax())(Ur(x) = U"(x) = Wi(x)) + ax(x)((OU)(x) = U" (%)) .

Since O is a contraction mapping under || - || With fixed point U* and con-
traction modulus B, we have ||(QU;)(x) — U*(x)|| <BIIUx — U*|lo <BB;, and
o)

1Uke1(x) = U™ () = Wi (Ol < (1 = ax (oDNIU(x) = U (x) = Wi(O)ll+ax (x)BB; .
Letting Ag(x) =||Ur(x) — U*(x) — Wi(x)||, we then have
Apr1(x) (1 = i (0)A(x) + ar(x)BB;
= Apr1(x) = BB <(1 — i (x))(Ak(x) - BBy) .
Telescoping this inequality from K; to k yields

k
[ Ja-a

s=K;
If Ag,(x) —BB; <0, then Ai(x) <BB, for all k> K;. If not, then we can use the
inequality 1 —x <e™ (applied to x = @} > 0) to deduce

Agp1(x) = BB, < (Ak,(x) = BB)).

(Ax,(x)—BB)),

k
A1 (x) - BBy < exp [— D )
s=K;

and since ). @(x) = co by assumption, the right-hand side tends to 0. There-
fore, there exists a random finite time after which Ax(x) < (8 + &)B,. Since X is
finite, there is a random finite time after which this holds for all x € X. Finally,
since Wy (x) — 0 under || - || for all xe X w.p. 1 by Proposition 6.8, there is a
random finite time after which ||W;(x)|| < &B; for all x € X. Letting K;,; > K; be
the maximum of all these random times, we therefore have that for k > K}, for
all xe X,

1Uk(x) = U* (0l < | Uk(x) = U*(x) = We (|| + Wi ()l < (B + €)B; + €B; = By,

as required. O

6.9 Convergence of Temporal-Difference Learning*

We can now apply Theorem 6.9 to demonstrate the convergence of the sequence
of value function estimates produced by TD learning. Formally, we consider a
stream of sample transitions (X, Ax, Rk, X} )r=0, along with associated step sizes
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(ar)k=0, that satisfy the Robbins—Monro conditions (Assumption 6.5) and give
rise to zero-mean noise terms (Assumption 6.6). More precisely, we assume
there are sequences of functions (& )r>0 and (v x>0 such that our sample model
takes the following form (for £ > 0):

Xil Xok=15 Ao:k—15 Rosk=1, X 1> @0:k=1)~Ex(Xo:k—1, Aok=1, Ros—1, X\ 1» @0:k=1);
@l (Xo:k> Aos=15 Ro:k=15 X0 51> €0:k=1)~Vi(Xo:es A0sk=1, Rosi—1, X{p1» @0:k-1)5

Al (Xo:ks Aosk-1> Rok—1, X1 » @0 )~m( - | Xp);

Ri|(Xo:, Aoks Rok—15 X1 > @0:6)~Pr(- | Xy Ag);

X | (Xowk Aok Rocks X 1> @) ~Px (- | Xie, Ag) . (6.23)

A generative, or algorithmic, perspective on this model is that at each update step
k, a source state Xj and step size a; are selected on the basis of all previously
observed random variables (possibly using an additional source of randomness
to make this selection), and the variables (Ag, Ry, X,’() are sampled according
to 7 and the environment dynamics, conditionally independent of all random
variables already observed given X;. Readers may compare this with the model
equations in Section 2.3 describing the joint distribution of a trajectory generated
by following the policy n. As discussed in Sections 6.5 and 6.6, this is fairly
flexible model that allows us to analyze a variety of learning schemes.

e p

Theorem 6.10. Consider the value function iterates (Vj)i>o defined by
some initial estimate V|, and satisfying

Vier1 (Xp) = (1 = ) V(X)) + ar(Ry + V(X))
Vie1(0) = Vi(x)  if x# X,

where (X, Ag, Ri, X)i=0 is a sequence of transitions. Suppose that:

(a) The source states (X )x>0 and step sizes (@ )i>o satisfy the Robbins—
Monro conditions: w.p. 1, for all xe X,

2
Za’k]l[xk:x}ZOO, Za’k]l[xk:x]<00.
k=0 k=0

(b) The joint distribution of (Xg,Ag, Ry, X))i>0 is an instance of the
sampling model expressed in Equation 6.23.
(c) The reward distributions for all state-action pairs have finite variance.

Then V; — V™ with probability 1. A

Theorem 6.10 gives formal meaning to our earlier assertion that the conver-
gence of incremental reinforcement learning algorithms can be guaranteed for a

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



Incremental Algorithms 185

variety of source state distributions. Interestingly enough, the condition on the
source state distribution appears only implicitly, through the Robbins—Monro
conditions: effectively, what matters is not so much when the states are updated
but rather the “total amount of step size” by which the estimate may be moved.

Proof. We first observe that the temporal-difference algorithm described in
the statement is an instance of the abstract algorithm described in Section 6.5,
by taking Uy =Vi, m=1, O=T", Yy = (A, Re, X}), and O(Uy, Xi, Yi) = Ri +
YVi(Xp)- The base norm || - || is simply the absolute value on R. In this case, Ois
a y-contraction on R¥ by Proposition 4.4, with fixed point V*, and the noise wy
is equal to Ry +yVi(X}) — (T"Ur)(Xy), by the decomposition in Equation 6.5.
It therefore remains to check that Assumptions 6.5 and 6.6 hold; Theorem 6.9
then applies to give the result. Assumption 6.5 is immediate from the conditions
of the theorem. To see that Assumption 6.6 holds, first note that

Elwi | Fi] = Ex[Ry +yVi(X}) — (T"Vi)(Xi) | ]
=Ex[Ri +yVi(X}) = (T"Vi)(Xi) | X, Vi)
=0,
since conditional on (X, Vi), the expectation of R+ yVi(X;) is (T"Vi)(Xy).
Additionally, we note that
Eflwil® | Fi] = E[lwil | Xi, Vi]
=E[IR + V(X)) ~ (T"VOXOP | Xi, Vi
<2(E[IR +yViXDP | Xe. Vil + (T™Vi)(Xi)?)
<Ci+GlIVill3,
for some C;, C, > 0. O

6.10 Convergence of Categorical Temporal-Difference Learning*

Let us now consider proving the convergence of categorical TD learning
by means of Theorem 6.9. Writing CTD in terms of a sequence of return
distribution estimates, we have

M1 (Xi) = (1 — ) (X)) + a (T (bg, ,)en(X))
M1 () =me(x)  if x £ X (6.24)

Following the principles of the previous section, we may decompose the update
at X; into an operator term and a noise term:

M1 (Xp) = (1 — @) (Xy) (6.25)
+ a’k( I T m)(X) + T (bgr, o )an(Xy) — AT "1m)(Xi) ) .
OU)(Xy) Wi
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Assuming that Ry and X} are drawn appropriately, this decomposition is sensible
by virtue of Proposition 6.2, in the sense that the expectation of the sample
target is the projected distributional Bellman operator:

Ey [[Te((br,.)en(X)) | Xi = x] = (T ™n)(x)  forall x. (6.26)

With this decomposition, the noise term is not a probability distribution but
rather a signed distribution; this is illustrated in Figure 6.3. Informally speaking,
a signed distribution may assign negative “probabilities” and may not integrate
to one (we will revisit signed distributions in Chapter 9). Based on Proposition
6.2, we may intuit that wy is mean-zero noise, where “zero” here is to be
understood as a special signed distribution.

11,1 :THT +

(a) Categorical TD target (b) Expected update (c) Mean-zero noise

Figure 6.3
The sample target in a categorical TD update (a) can be decomposed into an expected
update specified by the operator I[1.7" (b) and a mean-zero signed distribution (c).

However, expressing the CTD update rule in terms of signed distributions
is not sufficient to apply Theorem 6.9. This is because the theorem requires
that the iterates (Uk(x))kZO be elements of R™, whereas (17;(x))r>o are proba-
bility distributions. To address this issue, we leverage the fact that categorical
distributions are represented by a finite number of parameters and view their
cumulative distribution functions as in vectors in R”.

Recall that ﬂé\’m is the space of m-categorical return distribution functions.
To invoke Theorem 6.9, we construct an isometry I between ﬁé(m and a certain
subset of R For a categorical return function n € ﬁg write

I =(Fyo(@):xe X ic(l,....m}) e RO,

where as before 6y, ... ., 6,, denotes the locations of the m particles whose prob-
abilities are parameterized in Zc,,. The isometry J maps return functions
to elements of R describing the corresponding cumulative distribution
functions (CDFs), evaluated at these particles. The image of ng under 7 is

RY ={zeR":0<z < <z, = I}
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The inverse map

-1 . X gX
I .RI—M/CM

maps vectors describing the cumulative distribution functions of categorical
return functions back to their distributions.

With this construction, the metric induced by the L? norm || - ||, over R™ is
proportional to the Cramér distance between probability distributions and is
readily extended to RX> That is, for 1,7’ € ﬁém, we have

|2 - 161y

1 -
2.0 =SUP [T @) - T N, = oL@,

We will prove the convergence of the sequence (7 x>0 defined by Equation 6.24
to the fixed point of the projected operator I1.7” by applying Theorem 6.9 to
the sequence (Z(1))s0 and the L? metric and arguing (by isometry) that the
original sequence must also converge. An important additional property of 7 is
that it commutes with expectations, in the following sense.
Lemma 6.11. The isometry 7 : #X —R{ is an affine map. That is, for any
n.n € F&, and €0, 1],

T(an+(1-a)y)=alm+1-a)I().
As aresult, if 77 is a random return-distribution function, then we have

E[Z(m]=I(E[n]) . A

Theorem 6.12. Let m >2 and consider the return function iterates (7;)r>0
generated by Equation 6.24 from some possibly random 7. Suppose that:

(a) The source states (Xy)x>0 and step sizes (@ )x>o satisfy the Robbins—
Monro conditions: w.p. 1, for all xe X,

2
Za’k]lgxkzx;IOO, Zak]llxkzx}<00.
k=0 k=0

(b) The joint distribution of (X, Ay, Ry, X;)k>0 is an instance of the
sampling model expressed in Equation 6.23.

Then, with probability 1, 17, — #7 with respect to the supremum Cramér
distance £,, where iz is the unique fixed point of the projected operator
I.7™:

ﬁg = HcTnf/cT . A
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Proof. We begin by constructing a sequence (U )r>0, Ui € ]Rf that parallels the
sequence of return functions (7 )x>0. Write

O=Joll. T oI}

and define, for each ke N, U; = I (n;). By Lemma 5.24, O is a contraction with
modulus ¥ in |- ||2..o and we have

Ugs1(Xi)
=(1 =) Ur(Xp) + i I (T (bg, 5 )sm(X}))
= (1 — ) Ur(Xy) + ax(OU)(Xp) + TTe(br, ,)a(X " U)X — (OUD(XR) ).

Wk
To see that Assumption 6.6 (bounded, mean-zero noise) holds, first note that
by Proposition 6.2 and affineness of 7 and 7' from Lemma 6.11, we have
E[wy | 1] =0. Furthermore, wy is a bounded random variable, because each
coordinate is a difference of two probabilities and hence in the interval [—-1, 1].
Hence, we have E[||w||> | 7] < C for some C > 0, as required.

By Banach’s theorem, the operator O has a unique fixed point U*. We can
thus apply Theorem 6.9 to conclude that the sequence (Uy)i»o converges to U,
satisfying

Ur=I1.7"1'U". (6.27)
Because 7 is an isometry, this implies that (17;)i=0 converges to * =1~ U*.
Applying 7! to both sides of Equation 6.27, we obtain

I'ur=077I17'vr.
Since I1.7™ has a unique fixed point, we conclude that n* = 7. O

The proof of Theorem 6.12 illustrates how the parameters of categorical
distributions are by design bounded, so that stability (i.e., Proposition 6.7) is
immediate. In fact, stability is also immediate for TD learning when the reward
distributions have bounded support.

6.11 Technical Remarks

Remark 6.1. Given a probability distribution v € Z(R) and a level 7€ (0, 1),
quantile regression finds a value 8* € R such that

F,@0)=r. (6.28)

In some situations, for example when v is a discrete distribution, there are
multiple values satisfying Equation 6.28. Let us write

S={0:F,(0)=1}.

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



Incremental Algorithms 189

Then one can show that S forms an interval. We can argue that quantile regres-
sion converges to this set by noting that, for 7€ (0, 1) the expected quantile
loss

L(0)= [|IL 1z<a) —TIx1Z -]

is convex in 6. In addition, for thls loss, we have that for any 6,6 €S and §” ¢ S,
-£T(9) = LT(Q,) < L‘r(e//) .

Convergence follows under appropriate conditions by appealing to standard
arguments regarding the convergence of stochastic gradient descent; see, for
example, Kushner and Yin (2003). A

Remark 6.2 (Proof of Proposition 6.4). Our goal is to show that ||Zk||§
behaves like a nonnegative supermartingale, from which convergence would
follow from the supermartingale convergence theorem (see, e.g., Billingsley
2012). We begin by expressing the squared Euclidean norms of the sequence
elements recursively, writing 7 = 0(Zo.x-1, @o:x):

EllZs1 (0I5 1 F2l = ENI(1 — ax)Zi + axZill3 | Fi]

D (1 = 2N ZR + 2ENNZE | Fil

Ya- a1 Zi3 +ai B
<(1-aplZil3 + 7B (6.29)

Here, (a) follows by expanding the squared norm and using E[Z; | ] =0, and
(b) follows from the boundedness of the conditional variance of the (Z;)is0,
where B is a bound on such variances.

This inequality does not establish the supermartingale property, due to the
presence of the additive term a/,fB on the right-hand side. However, the ideas
behind the Robbins—Siegmund theorem (Robbins and Siegmund 1971) can be
applied to deal with this term. The argument first constructs the sequence

k—1 k—1

7 112 7 112 2

Ae=I1ZidB+ > allZJB - B Y ol
s=0 s=0

Inequality 6.29 above then shows that (Aj)i>o iS a supermartingale but may
not be uniformly bounded below, meaning the supermartingale convergence
theorem still cannot be applied. Defining the stopping times #, =inf{k>0:
B’ 2/;:0 @2 > g} for each g € N (with the convention that inf () = o), each stopped
process (Agar, k=0 18 a supermartingale bounded below by —¢, and hence each
such process converges w.p. 1 by the supermartingale convergence theorem.
However, B’ Y%, @ < co w.p. 1 by assumption, so w.p. 1 #, = co for sufficiently
large ¢, and hence Ay converges w.p. 1. Since )2, ax = co w.p. 1 by assumption,
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it must be the case that IIZkllé — 0 as k— 0, in order for A, to have a finite
limit, and hence we are done. Although somewhat involved, Exercise 6.13
demonstrates the necessity of this argument. A

6.12 Bibliographical Remarks

The focus of this chapter has been in developing and analyzing single-step
temporal-difference algorithms. Further algorithmic developments include
the use of multistep returns (Sutton 1988), off-policy corrections (Precup et
al. 2000), and gradient-based algorithms (Sutton et al. 2009; Sutton et al. 2008a);
the exercises in this chapter develop a few such approaches.

6.1-6.2. This chapter analyzes incremental algorithms through the lens of
approximating the application of dynamic programming operators. Temporal-
difference algorithms have a long history (Samuel 1959), and the idea of
incremental approximations to dynamic programming formed motivation for
several general-purpose temporal-difference learning algorithms (Sutton 1984,
1988; Watkins 1989).

Although early proofs of particular kinds of convergence for these algorithms
did not directly exploit this connection with dynamic programming (Watkins
1989; Watkins and Dayan 1992; Dayan 1992), later a strong theoretical connec-
tion was established that viewed these algorithms through the lens of stochastic
approximation theory, allowing for a unified approach to proving almost-sure
convergence (Gurvits et al. 1994; Dayan and Sejnowski 1994; Tsitsiklis 1994;
Jaakkola et al. 1994; Bertsekas and Tsitsiklis 1996; Littman and Szepesvéri
1996). The unbiased estimation framework presented comes from these works,
and the second principle is based on the ideas behind two-timescale algorithms
(Borkar 1997, 2008). A broader framework based on asymptotically approxi-
mating the trajectories of differential equations is a central theme of algorithm
design and stochastic approximation theory more generally (Ljung 1977; Kusher
and Clark 1978; Borkar and Meyn 2000; Kushner and Yin 2003; Borkar 2008;
Benveniste et al. 2012; Meyn 2022).

In addition to the CTD and QTD algorithms described in this chapter, several
other approaches to incremental learning of return distributions have been
proposed. Morimura et al. (2010b) propose to update parametric density models
by taking gradients of the Kullback-Leibler divergence between the current
estimates and the result of applying the Bellman operator to these estimates.
Barth-Maron et al. (2018) also take this approach, using a representation based
on mixtures of Gaussians. Nam et al. (2021) also use mixtures of Gaussians
and minimize the Cramér distance from a multistep target, incorporating ideas
from TD(A) (Sutton 1984, 1988). Gruslys et al. (2018) combine CTD with
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Retrace(1), a multistep off-policy evaluation algorithm (Munos et al. 2016).
Nguyen et al. (2021) combine the quantile representation with a loss based
on the MMD metrics described in Chapter 4. Martin et al. (2020) propose a
proximal update scheme for the quantile representation based on (regularized)
Wasserstein flows (Jordan et al. 1998; Cuturi 2013; Peyré and Cuturi 2019).
Example 6.1 is from Bellemare et al. (2016).
6.3. The categorical temporal-difference algorithm as a mixture update was
presented by Rowland et al. (2018). This is a variant of the C51 algorithm
introduced by Bellemare et al. (2017a), which uses a projection in a mixture of
Kullback—Leibler divergence and Cramér distance. Distributional versions of
gradient temporal-difference learning (Sutton et al. 2008a; Sutton et al. 2009)
based on the categorical representation have also been explored by Qu et
al. (2019).
6.4. The QTD algorithm was introduced by Dabney et al. (2018b). Quan-
tile regression itself is a long-established tool within statistics, introduced by
Koenker and Bassett (1978); Koenker (2005) is a classic reference on the sub-
ject. The incremental rule for estimating quantiles of a fixed distribution was in
fact proposed by Robbins and Monro (1951), in the same paper that launched
the field of stochastic approximation.
6.5. The discussion of sequences of learning rates that result in convergence
goes back to Robbins and Monro (1951), who introduced the field of stochastic
approximation. Szepesvdri (1998), for example, considers this framework in
their study of the asymptotic convergence rate of Q-learning. A fine-grained
analysis in the case of temporal-difference learning algorithms, taking finite-
time concentration into account, was undertaken by Even-Dar and Mansour
(2003); see also Azar et al. (2011).
6.6—6.10. Our proof of Theorem 6.9 (via Propositions 6.4, 6.7, and 6.8) closely
follows the argument given by Bertsekas and Tsitsiklis (1996) and Tsitsiklis
(1994). Specifically, we adapt this argument to deal with distributional informa-
tion, rather than a single scalar value. Proposition 6.4 is a special case of the
Robbins—Siegmund theorem (Robbins and Siegmund 1971), and a particularly
clear exposition of this and related material is given by Walton (2021). We note
also that this result can also be established via earlier results in the stochastic
approximation literature (Dvoretzky 1956), as noted by Jaakkola et al. (1994).
Theorem 6.10 is classical, and results of this kind can be found in Bertsekas and
Tsitsiklis (1996). Theorem 6.12 was first proven by Rowland et al. (2018), albeit
with a monotonicity argument based on that of Tsitsiklis (1994); the argument
here is based on a contraction mapping argument to match the analysis of the
temporal-difference algorithm. For further background on signed measures, see
Doob (1994).
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6.13 Exercises

Exercise 6.1. In this chapter, we argued for a correspondence between oper-
ators and incremental algorithms. This also holds true for the incremental
Monte Carlo algorithm introduced in Section 3.2. What is peculiar about the
corresponding operator? A

Exercise 6.2. Exercise 3.2 asked you to derive an incremental algorithm from
the n-step Bellman equation

n—1
VO =Ex| ¥R+ V) | Xo= .
t=0

Describe this process in terms of the method where we substitute random
variables with their realizations, then derive the corresponding incremental
algorithm for state-action value functions. A

Exercise 6.3 (*). The n-step random-variable Bellman equation for a policy 7
is given by
n—1
G2 ) YR+Y'C X, Xo=x,
=0
where the trajectory (Xo = x, Ag, Ry, ..., Xn, Ay, Ry) is distributed according to
Pr(- | Xo =x).

(i) Write down the distributional form of this equation and the corresponding
n-step distributional Bellman operator.

(ii) Show that it is a contraction on a suitable subset of Z(R)X with respect to
an appropriate metric.

(iii) Further show that the composition of this operator with either the categori-
cal projection or the quantile projection is also a contraction mapping in the
appropriate metric.

(iv) Using the approach described in this chapter, derive n-step versions of
categorical and quantile temporal-difference learning.

(v) In the case of n-step CTD, describe an appropriate set of conditions that
allow for Theorem 6.9 to be used to obtain convergence to the projected
operator fixed point with probability 1. What happens to the fixed points of
the projected operators as n — co?

A
Exercise 6.4. Implement the quantile regression update rule (Equation 6.11).
Given an initial estimate 6, = 0, visualize the sequence of estimates produced

by quantile regression for 7 € {0.01,0.1, 0.5} and a constant step size @ =0.01,
given samples from
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(i) a normal distribution N(1,2) ;
(ii) a Bernoulli distribution U/({0, 1}) ;
(iii) the mixture distribution 6y + 32([2,3]) . A

Exercise 6.5. Let ny be a m-quantile return-distribution function, and let
(x,a,r,x’) denote a sample transition. Find a Markov decision process for
which the update rule

1(x) — T (1 = @)(x) + ano(x)
does not converge. A

Exercise 6.6. Implement the TD, CTD, and QTD algorithms, and use these
algorithms to approximate the value (or return) function of the quick policy on
the Cliffs domain (Example 2.9). Compare their accuracy to the ground-truth
value function and return-distribution function estimated using many Monte
Carlo rollouts, both in terms of an appropriate metric and by visually comparing
the approximations to the ground-truth functions.

Investigate how this accuracy is affected by different choices of constant step
sizes and sequences of step sizes that satisfy the requirements laid out in Section
6.6. What do you notice about the relative performance of these algorithms as
the degree of action noise p is varied?

Investigate what happens when we modify the TD algorithm by restricting
value function estimates on the interval [-C, C], for a suitable C € R*. Does
this restriction affect the performance of the algorithm differently from the
restriction to [0, 6,,] that is intrinsic to CTD? A

Exercise 6.7. Let (Xi, Ag, Ry, X )i>0 be a random sequence of transitions such
that for each x € X, we have X} = x for infinitely many k > 0. Show that taking
3 1

O N(Xp)+ 1

satisfies Assumption 6.5. A

(277

Exercise 6.8. Theorems 6.10 and 6.12 establish convergence for state-indexed
value functions and return-distribution functions under TD and CTD learning,
respectively. Discuss how Theorem 6.9 can be used to establish convergence of
the corresponding state-action-indexed algorithms. A

Exercise 6.9 (*). Theorem 6.10 establishes that temporal-difference learning
converges for a reasonably wide parameterization of the distribution of source
states and step size schedules. Given a source state Xj, consider the incremental
Monte Carlo update

Vir1 (Xp) = (1 = a) Vi(Xy) + ax Gy,
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Viei(0) =Vi(x)  if x# X,

where Gy ~ 7" (X}) is a random return. Explain how Theorem 6.10 and its proof
should be adapted to prove that the sequence (Vj)r>o converges to V7. A

Exercise 6.10 (Necessity of conditions for convergence of TD learning). The
purpose of this exercise is to explore the behavior of TD learning when the
assumptions of Theorem 6.10 do not hold.

(i) Write down an MDP with a single state x, from which trajectories immedi-
ately terminate, and a sequence of positive step sizes (@i (x))i>0 satisfying
k0 @k(x) < oo, with the property that the TD update rule applied with these
step sizes produces a sequence of estimates (V)0 that does not converge
to V7.

(ii) For the same MDP, write down a sequence of positive step sizes (@x(x))i0
such that )}, a,%(x) = oo, and show that the sequence of estimates (V)0
generated by TD learning with these step sizes does not converge to V”.

(iii) Based on your answers to the previous two parts, for which values of 8> 0
do step size sequences of the form

3 1

C(Ne(X)+ 1Y
lead to guaranteed TD converge, assuming all states are visited infinitely
often?

(iv) Consider an MDP with a single state x, from which trajectories immedi-
ately terminate. Suppose the reward distribution at x is a standard Cauchy
distribution, with density

47

f(z)=—7r(1 g

Show that if Vj also has a Cauchy distribution with median 0O, then for any
positive step sizes (ax(x))r>0, Vi has a Cauchy distribution with median
0, and hence the sequence does not converge to a constant. Hint. The
characteristic function of the Cauchy distribution is given by s +— exp(—|s]).

(v) (*) In the proof of Theorem 6.9, the inequality 1 —u < exp(—u) was used
to deduce that the condition ) ;. @x(x) = co w.p. 1 is sufficient to guarantee
that

k
[ Ja-an—0
=0

w.p. 1. Show that if @x(x) € [0, 1], the condition ;5 ax(x) =co w.p. 1 is
necessary as well as sufficient for the sequence I—[?:O(l —a(x)) to also
converge to zero w.p. 1. A
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Exercise 6.11. Using the tools from this chapter, prove the convergence of
the undiscounted, finite-horizon categorical Monte Carlo algorithm (Algorithm
3.3). A

Exercise 6.12. Recall the no-loop operator introduced in Example 4.6:
(TEV)X)=Ez [R+yV(X )iy 29 | X=x].

Denote its fixed point by V7 . For a transition (x, a, r, x") and time-varying step
size ay € [0, 1), consider the no-loop update rule:

{(1 — V() + a(r+yV (X)) if X #x,
V(x) — )
(1 —a)V(x) +ayr if X' =x

(i) Demonstrate that this update rule can be derived by substitution applied to
the no-loop operator.
(i) In words, describe how you would modify the online, incremental first-visit
Monte Carlo algorithm (Algorithm 3.1) to learn V.
(iii) (*) Provide conditions under which the no-loop update converges to V7,
and prove that it does converge under those conditions. A

Exercise 6.13. Assumption 6.5 requires that the sequence of step sizes (ax(x):
k>0, x € X) satisfy

D <oo (6.30)
k=0

with probability 1. For k>0, let Ni(x) be the number of times that x has been
updated, and let u;(x) be the most recent time at which x; = x, [ < k with the
convention that u(x) =1 if Ni(x) =0. Consider the step size schedule

1 . k
o NeXoT if up(Xp) < 5
k+1 = .
1 otherwise.

This schedule takes larger steps for states whose estimate has not been recently
updated. Suppose that X; ~ £ for some distribution & that puts positive probabil-
ity mass on all states. Show that the sequence ()0 satisfies Equation 6.30
w.p. 1, yet there is no B € R for which

Z () <B

k=0
with probability 1. This illustrates the need for the care taken in the proof of
Proposition 6.4. A
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A superpressure balloon is a kind of aircraft whose altitude is determined by the
relative pressure between its envelope and the ambient atmosphere and which
can be flown high in the stratosphere. Like a submarine, a superpressure balloon
ascends when it becomes lighter and descends when it becomes heavier. Once
in flight, superpressure balloons are passively propelled by the winds around
them, so that their direction of travel can be influenced simply by changing their
altitude. This makes it possible to steer such a balloon in an energy-efficient
manner and have it operate autonomously for months at a time. Determining
the most efficient way to control the flight of a superpressure balloon by means
of altitude changes is an example of a control problem, the topic of this chapter.

In reinforcement learning, control problems are concerned with finding poli-
cies that achieve or maximize specified objectives. This is in contrast with
prediction problems, which are concerned with characterizing or quantifying
the consequences of following a particular policy. The study of control problems
involves not only the design of algorithms for learning optimal policies but
also the study of the behavior of these algorithms under different conditions,
such as when learning occurs one sample at a time (as per Chapter 6), when
noise is injected into the process, or when only a finite amount of data is made
available for learning. Under the distributional perspective, the dynamics of
control algorithms exhibit a surprising complexity. This chapter gives a brief
and necessarily incomplete overview of the control problem. In particular, our
treatment of control differs from most textbooks in that we focus on the distri-
butional component and for conciseness omit some traditional material such as
policy iteration and A-return algorithms.

7.1 Risk-Neutral Control

The problem of finding a policy that maximizes the agent’s expected return is
called the risk-neutral control problem, as it is insensitive to the deviations of

197
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returns from their mean. We have already encountered risk-neutral control when
we introduced the Q-learning algorithm in Section 3.7. We begin this chapter
by providing a theoretical justification for this algorithm.

Problem 7.1 (Risk-neutral control). Given an MDP (X, A, &, Px, Pr) and
discount factor y € [0, 1), find a policy 7 maximizing the objective function

J(n)zE”[iy’R,]. A
=0

A solution 7* that maximizes J is called an optimal policy.

Implicit in the definition of risk-neutral control and our definition of a policy
in Chapter 2 is the fact that the objective J is maximized by a policy that only
depends on the current state: that is, one that takes the form

m:X— P(A).

As noted in Section 2.2, policies of this type are more properly called sta-
tionary Markov policies and are but a subset of possible decision rules. With
stationary Markov policies, the action A; is independent of the random vari-
ables Xy, Ao, Ro, . .., Xi—1,As—1, R,—1 given X;. In addition, the distribution of A;,
conditional on X;, is the same for all time indices ¢.

By contrast, history-dependent policies select actions on the basis on the
entire trajectory up to and including X, (the history). Formally, a history-
dependent policy is a time-indexed collection of mappings

T (XX AXR) ' X - P(A).
In this case, we have that
A | (Xo:1, Ao:r—1, Ror—1) ~ (- | Xo, Ao, Ro, - -, Arm, Rio1, Xo) . (7.1)

When clear from context, we omit the time subscript to 7, and write Py, E,,
G”™, and 17" to denote the joint distribution, expectation, return-variable function,
and return-distribution function implied by the generative equations but with
Equation 7.1 substituting the earlier definition from Section 2.2. We write 7y
for the space of stationary Markov policies and 7, for the space of history-
dependent policies.

It is clear that every stationary Markov policy is a history-dependent policy,
though the converse is not true. In risk-neutral control, however, the added
degree of freedom provided by history-dependent policies is not needed to
achieve optimality; this is made formal by the following proposition (recall that
a policy is deterministic if it always selects the same action for a given state or
history).
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Proposition 7.2. Let J(r) be as in Problem 7.1. There exists a determinis-
tic stationary Markov policy n* € 7ty such that

J(n)>J(r) Vmem,. A

Proposition 7.2 is a central result in reinforcement learning — from a computa-
tional point of view, for example, it is easier to deal with deterministic policies
(there are finitely many of them) than stochastic policies. Remark 7.1 discusses
some other beneficial consequences of Proposition 7.2. Its proof involves a
surprising amount of detail; we refer the interested reader to Puterman (2014,
Section 6.2.4).

7.2 Value Iteration and Q-Learning

The main consequence of Proposition 7.2 is that when optimizing the risk-
neutral objective, we can restrict our attention to deterministic stationary Markov
policies. In turn, this makes it possible to find an optimal policy 7* by computing
the optimal state-action value function Q*, defined as

0*(x,a) = sup E,,[Zy’R,Isz,A:a]. (7.2)
TTEMys =0
Just as the value function V™ for a given policy 7 satisfies the Bellman equation,
Q" satisfies the Bellman optimality equation:

Q*(x,a)zE[R+yrr/1a&)q§ O'X',d)| X=x,A=d]. (7.3)

The optimal state-action value function describes the expected return obtained
by acting so as to maximize the risk-neutral objective when beginning from
the state-action pair (x, a). Intuitively, we may understand Equation 7.3 as
describing this maximizing behavior recursively. While there might be multiple
optimal policies, they must (by definition) achieve the same objective value in
Problem 7.1. This value is
E-[V*(Xo)],
where V* is the optimal value function:
V*(x) =max Q" (x,a).
aeA

Given Q*, an optimal policy is obtained by acting greedily with respect to Q* —
that is, choosing in state x any action a that maximizes Q*(x, a).

Value iteration is a procedure for finding the optimal state-action value
function Q" iteratively, from which n* can then be recovered by choosing
actions that have maximal state-action values. In Chapter 5, we discussed a
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procedure for computing V” based on repeated applications of the Bellman
operator 77. Value iteration replaces the Bellman operator 77 in this procedure
with the Bellman optimality operator

(TQ)(x,a)=E, [R+yn)a?)[§ 0X',d)| X=x,A=a]. (7.4)

Let us define the L® norm of a state-action value function Q € R¥*? as
IQlle = sup |Q(x,a)l.
xeX,aeA
As the following establishes, the Bellman optimality operator is a contraction
mapping in this norm.

Lemma 7.3. The Bellman optimality operator T is a contraction in L™ norm
with modulus y. That is, for any Q, Q' € R™*A,

ITQ-TQ o <HNQ = Q'lleo - A
Corollary 7.4. The optimal state-action value function Q" is the only value
function that satisfies the Bellman optimality equation. Further, for any Qg €
RY>A the sequence (Qi)iso defined by Q. =T QO (for k> 0) converges to
0. A
Corollary 7.4 is an immediate consequence of Lemma 7.3 and Proposition
4.7. Before we give the proof of Lemma 7.3, it is instructive to note that despite
a visual similarity and the same contractive property in supremum norm, the
optimality operator behaves somewhat differently from the fixed-policy operator
T7, defined for state-action value functions as

(T"O)(x,a)=E;[R+yQ(X',A) | X=x,A=d], (7.5)

where conditional on the random variables (X = x,A=a,R, X’), we have A’ ~
7(- | X’). In the context of this chapter, we call T™ a policy evaluation operator.
Such an operator is said to be affine: for any two Q-functions Q, Q' and @ € [0, 1],
it satisfies

T (@Q+(1-a)Q)=aT"Q+ (1 —a)T"Q". (7.6)

Equivalently, the difference between 77Q and 77 Q’ can be expressed as
T"Q-T"Q' =yP Q- Q).

The optimality operator, on the other hand, is not affine. While affine operators

can be analyzed almost as if they were linear,’* the optimality operator is

generally a nonlinear operator. As such, its analysis requires a slightly different
approach.

54. Consider the proof of Proposition 4.4.
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Proof of Lemma 7.3. The proof relies on a special property of the maximum
function. For fi, f> : A — R, it can be shown that

| max fi(a) - max f(a)| < max |fi(a) - fa(a)

Now let Q, Q' e R and fix xe X,a€ A. Let us write E,;[-]=FE;[- | X=
x, A =a]. By linearity of expectations, we have

(T Q)(x,a) = (TQ')(x,a)| = | Eyurx[R+7y max OX',a")-R - ymax o'X, a’)]|
=| Exaxly max Q(X’,a’) — ymax Q'(X’, a)]|
a’eA a’eA
=] Euarlmax QX' a') ~max @' (X", a')]|
<yE,ur[Imax Q(X’,a") — max Q"(X’, a')|]
a’eA aeA
<yEqn [g}g}{} 10(X",a") - Q' (X", a")l]

<y max |Q(,d)-Q'(xX,d)

W a)eXxA
=710 - Q'llw -
Since the bound holds for any (x, a) pair, it follows that
ITQ-TQ o <HNQ - Q'llo - [

Corollary 7.5. For any initial state-action value function Qy€ R**?, the
sequence of iterates Q.1 = T Qy converges to Q" in the L™ norm. A

We can use the unbiased estimation method of Section 6.2 to derive an
incremental algorithm for learning Q*, since the contractive operator T is
expressible as an expectation over a sample transition. Given a realization
(x,a,r,x"), we construct the sample target

r+ymax Q(x',a’).
aeA

We then incorporate this target to an update rule to obtain the Q-learning
algorithm first encountered in Chapter 3:

O(x,a) — (1 -a)0(x,a) + a(r+y rr}a(%( ox',a")).

Under appropriate conditions, the convergence of Q-learning to O can be
established with Lemma 7.3 and a suitable extension of the analysis of Chapter
6 to the space of action-value functions.
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7.3 Distributional Value Iteration

Analogous to value iteration, we can devise a distributional dynamic pro-
gramming procedure for the risk-neutral control problem; such a procedure
determines an approximation to the return function of an optimal policy. As
we will see, in some circumstances, this can be accomplished without compli-
cations, giving some theoretical justification for the distributional algorithm
presented in Section 3.7.

As in Chapter 5, we perform distributional dynamic programming by imple-
menting the combination of a projection step with a distributional optimality
operator.> Because it is not possible to “directly maximize” a probability
distribution, we instead define the operator via a greedy selection rule G.

We can view the expected-value optimality operator T as substituting the
expectation over the next-state action A” in Equation 7.5 by a maximization
over a’. As such, it can be rewritten as a particular policy evaluation operator
T™ whose policy 7 depends on the operand Q; the mapping from Q to 7 is what
we call a greedy selection rule.

Definition 7.6. A greedy selection rule is a mapping G : R — xr,,¢ with the
property that for any Q e R™#, G(Q) is greedy with respect to Q. That is,

G(O)alx)>0 = Q(x,a)= max O(x, a).

We extend G to return functions by defining, for n € &, (RY*™*A the induced
state-action value function

Qxw=, E 7],

and then letting
G =G(Qy). A

A greedy selection rule may produce stochastic policies, for example when
assigning equal probability to two equally valued actions. However, it must
select actions that are maximally valued according to Q. Given a greedy
selection rule, we may rewrite the Bellman optimality operator as

TQ=T99Q. (1.7)

In the distributional setting, we must make explicit the dependency of the oper-
ator on the greedy selection rule G. Mirroring Equation 7.7, the distributional

55. As before, this implementation is at its simplest when there are finitely many possible states,
actions, and rewards, and the projection step can be computed efficiently. Alternatives include a
sample-based approach and, as we will see in Chapter 9, function approximation.
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Figure 7.1
When the projection step I1& is mean-preserving, distributional value iteration produces
the same sequence of state-action value functions as standard value iteration.

Bellman optimality operator derived from G is
Tg’? =g Gm n.

We will see that, unlike the expected-value setting, different choices of the
greedy selection rule result in different operators with possibly different dynam-
ics — we thus speak of the distributional Bellman optimality operators, in the
plural.

Distributional value iteration algorithms combine a greedy selection rule G
and a projection step (described by the operator I1 4 and implying a particular
choice of representation .%) to compute an approximate optimal return function.
Given some initial return function 7y € % XxA distributional value iteration
implements the iterative procedure

M1 = Mg T8, (7.8)

In words, distributional value iteration selects a policy that at each state x is
greedy with respect to the expected values of 7;(x, -) and computes the return
function resulting from a single step of distributional dynamic programming
with that policy.

The induced value function Q,, plays an important role in distributional
value iteration as it is used to derive the greedy policy my = G(1x). When I1 & is
mean-preserving (Section 5.11), Q,, behaves as if it had been computed from
standard value iteration (Figure 7.1). That is,

Q771<+1 = TQ771< .

By induction, distributional value iteration then produces the same sequence of
state-action value functions as regular value iteration. That is, given the initial
condition

Qo(x,a)= E )[Z], (x,a) e XX A,

Z~no(x,a
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and the recursion
Ok1 =T Ok,
we have
Oy =0k, forallk>0.

As a consequence, these two processes also produce the same greedy policies:

m=G(01).

In the following section, we will use this equivalence to argue that distributional
value iteration finds an approximation to an optimal return function. When Il &
is not mean-preserving, however, Q,, may deviate from Q. If that is the case,
the greedy policy 7y is likely to be different from G(Qy), and distributional
value iteration may converge to the return function of a suboptimal policy. We
discuss this point in Remark 7.2.

Before moving on, let us remark on an alternative procedure for approximat-
ing an optimal return function. This procedure first performs standard value
iteration to obtain an approximation O to Q*. A greedy policy # is then extracted
from Q. Finally, distributional dynamic programming is used to approximate
the return function *. If # is an optimal policy, this directly achieves our stated
aim and suggests doing away with the added complexity of distributional value
iteration. In larger problems, however, it is difficult or undesirable to wait until
Q" has been determined before learning or computing the return function, or it
may not be possible to decouple value and return predictions. In these situations,
it is sensible to consider distributional value iteration.

7.4 Dynamics of Distributional Optimality Operators

In this section and the next, we analyze the behavior of distributional optimality
operators; recall from Section 7.3 that there is one such operator for each choice
of greedy selection rule G, in contrast to non-distributional value iteration.
Combined with a mean-preserving projection, our analysis also informs the
behavior of distributional value iteration. As we will see, even in the absence of
approximation due to a finite-parameter representation, distributional optimality
operators exhibit complex behavior.

Thus far, we have analyzed distributional dynamic programming algorithms
by appealing to contraction mapping theory. Demonstrating that an opera-
tor is a contraction provides a good deal of understanding about algorithms
implementing its repeated application: they converge at a geometric rate to the
operator’s fixed point (when such a fixed point exists). Unfortunately, distri-
butional optimality operators are not contraction mappings, as the following
shows.
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Figure 7.2

Left: A Markov decision process for which no distributional Bellman optimality operator
is a contraction mapping. Right: The optimal return-distribution function r* and initial
return-distribution function 7 used in the proof of Proposition 7.7 (expressed in terms of
their support). Given a c-homogeneous probability metric d, the proof chooses € so as to
make d(79n,7°) > d(n, 7).

Proposition 7.7. Consider a probability metric d and let d be its supremum
extension. Suppose that for any z, 7’ € R,

d(5,,6,) <.

If d is c-homogeneous, there exist a Markov decision process and two
return-distribution functions 7, 77" such that for any greedy selection rule G
and any discount factor y € (0, 1],

AT, 7)) >dm.n). (1.9

A

Proof. Consider an MDP with two nonterminal states x, y and two actions a, b
(Figure 7.2). From state x, all actions transition to state y and yield no reward.
In state y, action a results in a reward of € > 0, while action b results in a reward
that is —1 or 1 with equal probability; both actions are terminal. We will argue
that & can be chosen to make 79 satisfy Equation 7.9.

First note that any optimal policy must choose action a in state y, and all
optimal policies share the same return-distribution function n*. Consider another
return-distribution function 7 that is equal to n* at all state-action pairs except
that n(y, a) = d_ (Figure 7.2, right). This implies that the greedy selection rule
must select b in y, and hence

(T9n)(x,a) = (T9n)(x, b) = (bo,)en(y, b) = (bo, e (. b) .
Because both actions are terminal from y, we also have that

(T, a)=n"(y,a)
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(T90)(y,b)=1"(y, b).

Let us write v= %5_ |+ %6 1 for the reward distribution associated with (y, b).
We have

d@m.n")=d(n(y. a).n"(y. a))
=d(6_s,0,) (7.10)
and
d(T9n, 790" = d(TEn)(x, @), (Tn")(x, @)
=d((bo.,)sn" (v, b), (bo,y)en* (v, @)
=yd(v,6:), (7.11)

where the last line follows by c-homogeneity (Definition 4.22). We will show
that for sufficiently small & > 0, we have

d(v,6) >y “d(6-¢,65) ,
from which the result follows by Equations 7.10 and 7.11. To this end, note that
d(6_g,6:) =€°d(6_1,61). (7.12)
Since d is finite for any pair of Dirac deltas, we have that d(6_1, d1) < oo and so
ii_r% d(0-¢,0:)=0. (7.13)
On the other hand, by the triangle inequality we have
d(v,0¢) +d(00,0:) 2 d(v,60) >0, (7.14)

where the second inequality follows because v and ¢ are different distributions.
Again by c-homogeneity of d, we deduce that

lim d(6o,6,) =0,
and hence
“?jg‘f d(v,6.)=d(v,0p)>0.
Therefore, for £ > 0 sufficiently small, we have
d(v,65) >y d(6-¢,6:) ,
as required. O

Proposition 7.7 establishes that for any metric d that is sufficiently well
behaved to guarantee that policy evaluation operators are contraction mappings
(finite on bounded-support distributions, c-homogeneous), optimality operators
are not generally contraction mappings with respect to d. As a consequence,
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we cannot directly apply the tools of Chapter 4 to characterize distributional
optimality operators. The issue, which is implied in the proof above, is that it is
possible for distributions to have similar expectations yet differ substantially,
for example, in their variance.

With a more careful line of reasoning, we can still identify situations in which
the iterates 7.1 =7 97y do converge. The most common scenario is when there
is a unique optimal policy. In this case, the analysis is simplified by the existence
of an action gap in the optimal value function.>®

Definition 7.8. Let Q ¢ R"™*#. The action gap at a state x is the difference
between the highest-valued and second highest-valued actions:

6aP(Q, x) =min{Q(x,a") — Q(x,a):a",ae A,a" #+a, Q(x,a") = max Q(x,a")}.
a’e,
The action gap of Q is the smallest gap over all states:
GAP(Q) = min Gar(Q, x) .
xeX

By extension, the action gap for a return function 7 is

= 1 , = E Z . A

aar() =minaar(Qy. 1), Qy(x.a)= E [Z]

Definition 7.8 is such that if two actions are optimal at a given state, then
GaP(Q*) =0. When Gar(Q*) > 0, however, there is a unique action that is optimal
at each state (and vice versa). In this case, we can identify an iteration K from
which G(n;) = n* for all k > K. From that point on, any distributional optimality
operator reduces to the n* evaluation operator, which enjoys now-familiar
convergence guarantees.

Theorem 7.9. Let 79 be the distributional Bellman optimality operator
instantiated with a greedy selection rule G. Suppose that there is a unique
optimal policy n* and let p €[1, co]. Under Assumption 4.29(p) (well-
behaved reward distributions), for any initial return-distribution function
no € Z(R), the sequence of iterates defined by

Mee1 =T 9

converges to 77" with respect to the metric Wp. A

\. J

Theorem 7.9 is stated in terms of supremum p-Wasserstein distances for
conciseness. Following the conditions of Theorem 4.25 and under a different
set of assumptions, we can of course also establish the convergence in, say, the
supremum Cramér distance.

56. Example 6.1 introduced an update rule that increases this action gap.
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Corollary 7.10. Suppose that [T is a mean-preserving projection for some
representation % and that there is a unique optimal policy 7*. If Assump-
tion 5.22(w),) holds and I1 & is a nonexpansion in w,, then under the conditions
of Theorem 7.9, the sequence

Mt =z T
produced by distributional value iteration converges to the fixed point

7 =NzT™ i7" . A
Proof of Theorem 7.9. As there is a unique optimal policy, it must be that the

action gap of Q" is strictly greater than zero. Fix € = %GAP(Q*). Following the
discussion of the previous section, we have that

O =T Oy, .
Because T is a contraction in L norm, we know that there exists a K, € N after
which
10n — Q'llw <& Vk>K,. (7.15)

For a fixed x, let a* be the optimal action in that state. From Equation 7.15, we
deduce that for any a # a”,

Oy (x,a") 2 Q" (x,a") —&
> Q" (x,a)+Gar(Q") —¢&
> Q. (x,a) +cap(Q%) - 2¢&
=0p(x,a).

Thus, the greedy action in state x after time K is the optimal action for that
state. Thus, G(n;) = n* for k > K, and

M1 =T i k>K,.

We can treat 77k, as a new initial condition 7;, and apply Proposition 4.30 to
conclude that 7, — 7" . O

In Section 3.7, we introduced the categorical Q-learning algorithm in terms
of a deterministic greedy policy. Generalized to an arbitrary greedy selection
rule G, categorical Q-learning is defined by the update

nx, @)« (1—amx,a)+a Y Gapa | x)(Me(byan(x',a’)).

aeA
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Because the categorical projection is mean-preserving, its induced state-value
function follows the update

Oy(x,a) = (I -a)n(x,a) + @ Z Gm)a | X' )(r+yQy(x',a)).

a'eA

r+ymax Q,(x',a’)
a’'eA

Using the tools of Chapter 6, one can establish the convergence of categorical
Q-learning under certain conditions, including the assumption that there is a
unique optimal policy 7*. The proof essentially combines the insight that, under
certain conditions, the sequence of greedy policies tracked by the algorithm
matches that of Q-learning and hence eventually converges to 7, at which point
the algorithm is essentially performing categorical policy evaluation of 7*. The
actual proof is somewhat technical; we omit it here and refer the interested
reader to Rowland et al. (2018).

7.5 Dynamics in the Presence of Multiple Optimal Policies*

In the value-based setting, it does not matter which greedy selection rule is used
to represent the optimality operator: By definition, any greedy selection rule
must be equivalent to directly maximizing over Q(x, -). In the distributional
setting, however, different rules usually result in different operators. As a con-
crete example, compare the rule “among all actions whose expected value is
maximal, pick the one with smallest variance” to “assign equal probability to
actions whose expected value is maximal.”

Theorem 7.9 relies on the fact that, when there is a unique optimal policy
m*, we can identify a time after which the distributional optimality operator
behaves like a policy evaluation operator. When there are multiple optimal
policies, however, the action gap of the optimal value function Q* is zero and
the argument cannot be used. To understand why this is problematic, it is useful
to write the iterates (1;)r>0 more explicitly in terms of the policies m, = G(nx):

Mt =T e =TT e =T - T g . (7.16)

When the action gap is zero, the sequence of policies g, 741, ... may con-
tinue to vary over time, depending on the greedy selection rule. Although all
optimal actions have the same optimal value (guaranteeing the convergence
of the expected values to Q*), they may correspond to different distributions.
Thus, distributional value iteration — even with a mean-preserving projection —
may mix together the distribution of different optimal policies. Even if (7 )i>0
converges, the policy it converges to may depend on initial conditions (Exercise
7.5). In the worst case, the iterates (17;)r>0 might not even converge, as the
following example shows.
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Figure 7.3

Left: A Markov decision process in which the sequence of return function estimates
(mir=0 does not converge (Example 7.11). Right: The return-distribution function esti-
mate at (x,a) as a function of k and beginning with ¢y = 1. At each k, the pair of dots
indicates the support of the distribution.

Example 7.11 (Failure to converge). Consider a Markov decision process with
a single nonterminal state x and two actions, a and b (Figure 7.3, left). Action
a gives a reward of 0 and leaves the state unchanged, while action b gives a
reward of —1 or 1 with equal probability and leads to a terminal state. Note that
the expected return from taking either action is 0.

Let y €(0, 1). We will exhibit a sequence of return function estimates (7 )0
that is produced by distributional value iteration and does not have a limit. We
do so by constructing a greedy selection rule that achieves the desired behavior.
Suppose that

no(x,0) = 5(6_1 +61) .

For any initial parameter ¢ € R, if
70(x, @) = 3(6-cy +6¢,) »
then by induction, there is a sequence of scalars (cx)x>o such that
m(x,a) = 1(0_¢, +6,) VkeN. (7.17)
This is because

N1 (X, @) = (boy e (x,a)  or  mer1(x, a) = (boy ami(x, b), k=>0.

Define the following greedy selection rule: at iteration k + 1, choose a if ¢; > %;

otherwise, choose b. With some algebra, this leads to the recursion (k > 0)

; 1
=1 if cx < 15,
k+1 — .
ycr otherwise.

Over a period of multiple iterations, the estimate 7;(x,a) exhibits cyclical
behavior (Figure 7.3, right). A
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The example illustrates how, without additional constraints on the greedy
selection rule, it is not possible to guarantee that the iterates converge. However,
one can prove a weaker result based on the fact that only optimal actions must
eventually be chosen.

Definition 7.12. For a given Markov decision process M, the set of nonstation-
ary Markov optimal return-distribution functions is

o = {77’_7 7= (T )k=0, Tk € My 1s optimal for M, Yk e N}. A

In particular, any history-dependent policy 7 satisfying the definition above is
also optimal for M.

Theorem 7.13. Let 79 be a distributional Bellman optimality operator
instantiated with some greedy selection rule, and let p € [1, co]. Under
Assumption 4.29(p), for any initial condition 7 € @p(R)X the sequence
of iterates 141 = 7 91, converges to the set 77, in the sense that

lim inf w,(n,n) =0. A
k=00 11€T s

Proof. Along the lines of the proof of Theorem 7.9, there must be a time K € N
after which the greedy policies 7y, k > K are optimal. For / € N*, let us construct
the history-dependent policy

- * *
T=TK 415 TTK+1-25 -+ - s TK+1, TTK T 570 5enn s

where 71" is some stationary Markov optimal policy. Denote the return of this
policy from the state-action pair (x, ) by G"(x, a) and its return-distribution
function by 77*. Because 7 is an optimal policy, we have that 5" €n,,,,. Let
Gy be an instantiation of 7, for each ke N. Now for a fixed xe X, ae€ A,
let (X,,A,,R,)i=O be the initial segment of a random trajectory generated by
following 7 beginning with X, = x, Ag = a. More precisely, forr=1,...,1, we
have
Ar | (X015 Avi-1> Rou—1) ~ T (- | Xi)

From this, we write

-1

G'(x, )2 ) YR +7G" (X, A).
=0
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Because ng.; =7 "% - - - T ™ ng, by inductively applying Proposition 4.11, we
also have
-1
D
Gra(x. @) 2 )" YR +Y'Gr(Xi, A).
=0
Hence,

wp(ks1(x, @), 177 (x, @) = wy(Gg1i(x, @), G (x, @))
=1 -1
= w,,( Z YR +Y'Gr(X, A), Z YR, +y'G"™ (X, A,)) .
=0 =0
Consequently,

wp(ka(x, @), 17" (x, @) <wp (¥ Gy (X1, A, ¥Y'G™ (X1, Ap))
=y'w,(Gk(X1,A)), G* (X1, A)))
<YW, (Gk,G"),

following the arguments in the proof of Proposition 4.15. The result now follows
by noting that w,(G, G™") < co under our assumptions, taking the supremum
over (x, a) on the left-hand side, and taking the limit with respect to [. O

Theorem 7.13 shows that, even before the effect of the projection step is
taken into account, the behavior of distributional value iteration is in general
quite complex. When the iterates 7, are approximated (for example, because
they are estimated from samples), nonstationary Markov return-distribution
functions may also be produced by distributional value iteration — even when
there is a unique optimal policy.

It may appear that the convergence issues highlighted by Example 7.11 and
Theorem 7.13 are consequences of using the wrong greedy selection rule. To
address these issues, one may be tempted to impose an ordering on policies (for
example, always prefer the action with the lowest variance, at equal expected
values). However, it is not clear how to do this in a satisfying way. One hurdle
is that, to avoid the cyclical behavior demonstrated in Example 7.11, we would
like a greedy selection rule that is continuous with respect to its input. This
seems problematic, however, since we also need this rule to return the correct
answer when there is a unique optimal (and thus deterministic) policy (Exercise
7.7). This suggests that when learning to control with a distributional approach,
the learned return distributions may simultaneously reflect the random returns
from multiple policies.
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7.6 Risk and Risk-Sensitive Control

Imagine being invited to interview for a desirable position at a prestigious
research institute abroad. Your plane tickets and the hotel have been booked
weeks in advance. Now the night before an early morning flight, you make
arrangements for a cab to pick you up from your house and take you to the
airport. How long in advance of your plane’s actual departure do you request
the cab for? If someone tells you that, on average, a cab to your local airport
takes an hour — is that sufficient information to make the booking? How does
your answer change when the flight is scheduled around rush hour, rather than
early morning?

Fundamentally, it is often desirable that our choices be informed by the
variability in the process that produces outcomes from these choices. In this
context, we call this variability risk. Risk may be inherent to the process or
incomplete knowledge about the state of the world (including any potential
traffic jams and the mechanical condition of the hired cab).

In contrast to risk-neutral behavior, decisions that take risk into account are
called risk-sensitive. The language of distributional reinforcement learning is
particularly well suited for this purpose, since it lets us reason about the full
spectrum of outcomes, along with their associated probabilities. The rest of
the chapter gives an overview of how one may account for risk in the decision-
making process and of the computational challenges that arise when doing so.
Rather than be exhaustive, here we take the much more modest aim of exposing
the reader to some of the major themes in risk-sensitive control and their relation
to distributional reinforcement learning; references to more extensive surveys
are provided in the bibliographical remarks.

Recall that the risk-neutral objective is to maximize the expected return from
the (possibly random) initial state Xy:

Jm)=Ex [ D 7R =Er [G"(X0)] .
1=0
Here, we may think of the expectation as mapping the random variable G™(Xy)
to a scalar. Risk-sensitive control is the problem that arises when we replace
this expectation by a risk measure.

57

Definition 7.14. A risk measure’’ is a mapping

P PpR) = [-00,0),

57. More precisely, this is a static risk measure, in that it is only concerned with the return from
time ¢ = 0. See bibliographical remarks.
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defined on a subset &,(R) € Z(R) of probability distributions. By extension,
for a random variable Z instantiating the distribution v, we write p(Z) = p(v). A

Problem 7.15 (Risk-sensitive control). Given an MDP (X, A, &, Px, Pr), a
discount factor y € [0, 1), and a risk measure p, find a policy 7 € &, maximizing®®

Jo(m =p( Z YR)). (7.18)
=0

A

In Problem 7.15, we assume that the distribution of the random return lies
in &Z,(R), similar to our treatment of probability metrics in Chapter 4. From a
technical perspective, subsequent examples and results should be interpreted
with this assumption in mind.

The risk measure p may take into account higher-order moments of the return
distribution, be sensitive to rare events, and even disregard the expected value
altogether. Note that according to this definition, p = [E also corresponds to a
risk-sensitive control problem. However, we reserve the term for risk measures
that are sensitive to more than only expected values.

Example 7.16 (Mean-variance criterion). Let 4> 0. The variance-penalized
risk measure penalizes high-variance outcomes:

Pl (Z)=E[Z] - AVar(Z). A

Example 7.17 (Entropic risk). Let 4> 0. Entropic risk puts more weight on
smaller-valued outcomes:

1
plz)= - log E[e *]. A
Example 7.18 (Value-at-risk). Let 7€ (0, 1). The value-at-risk measure (Figure

7.4) corresponds to the tth quantile of the return distribution:

PLR(Z)=F,' (7). A

7.7 Challenges in Risk-Sensitive Control

Many convenient properties of the risk-neutral objective do not carry over to
risk-sensitive control. As a consequence, finding an optimal policy is usually
significantly more involved. This remains true even when the risk-sensitive

58. Typically, Problem 7.15 is formulated in terms of a risk to be minimized, which linguistically is
a more natural objective. Here, however, we consider the maximization of J,(rr) so as to keep the
presentation unified with the rest of the book.

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



Control 215

Iy
o

2
3 0.8
©
a
206
$
-r:u‘ 0.4 d
|
o v
E] i
€02 | ---- VaR
=1 i
o | CVvaR
i
0.0 L
-2 0 2 4 6

Return

Figure 7.4

Iustration of value-at-risk (VaR) and conditional value-at-risk (CVaR). Depicted is the
cumulative distribution function of the mixture of normal distributions v = %N O, D+
%N (4, 1). The dashed line corresponds to VaR; CVaR (7 =0.4) can be determined from
a suitable transformation of the shaded area (see Section 7.8 and Exercise 7.10).

objective (Equation 7.18) can be evaluated efficiently: for example, by using
distributional dynamic programming to approximate the return-distribution func-
tion 77". In this section, we illustrate some of these challenges by characterizing
optimal policies for the variance-constrained control problem.

The variance-constrained problem introduces risk sensitivity by forbidding
policies whose return variance is too high. Given a parameter C >0, the
objective is to

maximize [E;[G"(Xy)]

subjectto  Var,(G"(Xp))<C.
Equation 7.19 can be shown to satisfy our definition of a risk-sensitive control
problem if we express it in terms of a Lagrange multiplier:

Jue(m) = min ( Ex [G"(X0)] = A(Varx(G"(X0) = O))..

(7.19)

The variance-penalized and variance-constrained problems are related in that
they share the Pareto set e, C 7y of possibly optimal solutions. A policy « is
in the set 7, if we have that for all 7’ € 7,

(@) Var(G™(Xp)) > Var(G™ (Xp)) = E[G"(X)] > E[G" (Xp)], and
(b) Var(G™(Xy)) = Var(G™ (Xo)) = E[G™(Xp)] > E[G™ (Xo)].

In words, between two policies with equal variances, the one with lower expecta-
tion is never a solution to either problem. However, these problems are generally
not equivalent (Exercise 7.8).

Proposition 7.1 establishes the existence of a solution of the risk-neutral
control problem that is (a) deterministic, (b) stationary, and (c) Markov. By
contrast, the solution to the variance-constrained problem may lack any or all
of these properties.

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



216 Chapter 7

(a) @ (b) @ (c)
2{({0‘1}) {( 1}) @ zz((J;M({(};.l})Q
O

b
1

O
Figure 7.5

Examples demonstrating how the optimal policy for the variance-constrained control
problem might not be (a) deterministic, (b) Markov, or (c) stationary.

Example 7.19 (The optimal policy may not be deterministic). Consider the
problem of choosing between two actions, a and b. Action a always yields a
reward of 0, while action b yields a reward of O or 1 with equal probability
(Figure 7.5a). If we seek the policy that maximizes the expected return subject
to the variance constraint C = 3/16, the best deterministic policy respecting the
variance constraint must choose a, for a reward of 0. On the other hand, the
policy that selects a and b with equal probability achieves an expected reward
of 1/4 and a variance of 3/1e6. A

Example 7.20 (The optimal policy may not be Markov). Consider the Markov
decision process in Figure 7.5b. Suppose that we seek a policy that maximizes
the expected return from state x, now subject to the variance constraint C =0.
Let us assume y = 1 for simplicity. Action a has no variance and is therefore
a possible solution, with zero return. Action b gives a greater expected return,
at the cost of some variance. Any policy x that depends on the state alone
and chooses b in state x must incur this variance. On the other hand, the
following history-dependent policy achieves a positive expected return without
violating the variance constraint: in state x, choose b; if the first reward Ry is 0,
select action b in x; otherwise, select action a. In all cases, the return is 1, an
improvement over the best Markov policy. A

Example 7.21 (The optimal policy may not be stationary). In general, the
optimal policy may require keeping track of time. Consider the problem of
maximizing the expected return from the unique state x in Figure 7.5c¢, subject
to Var,(G" (X)) < C, for C < /4. Exercise 7.9 asks you to show that a simple
time-dependent policy that chooses a for T¢ steps and then selects b achieves an
expected return of up to VC. This is possible because the variance of the return
decays at a rate of y?, while its expected value decays at the slower rate of y.
By contrast, the best randomized stationary policy performs substantially worse
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Expected return as a function of the discount factor y and variance constraint C in
Example 7.21. Solid and dashed lines indicate the expected return of the best stationary
and time-dependent policies, respectively. The peculiar zigzag shape of the curve for
the time-varying policy arises because the time T at which action b is taken must be an
integer (see Exercise 7.9).

for a discount factor y close to 1 and small values of C (Figure 7.6). Intuitively,
a randomized policy must choose a with a sufficiently large probability to avoid
receiving the random reward early, which prevents it from selecting b quickly
beyond the threshold of T¢ time steps. A

The last two examples establish that the variance-constrained risk measure
is time-inconsistent: informally, the agent’s preference for one outcome over
another at time 7 may be reversed at a later time. Compared to the risk-neutral
problem, the variance-constrained problem is more challenging because the
space of policies that one needs to consider is much larger. Among other things,
the lack of an optimal policy that is Markov with respect to the state alone
also implies that the dependency on the initial distribution in Equation 7.19 is
necessary to keep things well defined. The variance-constrained objective must
be optimized for globally, considering the policy at all states at once; this is in
contrast with the risk-neutral setting, where value iteration can make overall
improvements to the policy by acting greedily with respect to the value function
at individual states (see Remark 7.1). In fact, finding an optimal policy for the
variance-constrained control problem is NP-hard (Mannor and Tsitsiklis 2011).
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7.8 Conditional Value-At-Risk*

In the previous section, we saw that solutions to the variance-constrained control
problem can take unintuitive forms, including the need to penalize better-than-
expected outcomes. One issue is that variance only coarsely measures what we
mean by “risk” in the common sense of the word. To refine our meaning, we
may identify two types of risk: downside risk, involving undesirable outcomes
such as greater-than-expected losses, and upside risk, involving what we may
informally call a stroke of luck. In some situations, it is possible and useful to
separately account for these two types of risk.

To illustrate this point, we now present a distributional algorithm for optimiz-
ing conditional value-at-risk (CVaR), based on work by Béuerle and Ott (2011)
and Chow et al. (2015). One benefit of working with full return distributions
is that the algorithmic template we present here can be reasonably adjusted to
deal with other risk measures, including the entropic risk measure described in
Example 7.17. For conciseness, in what follows, we will state without proof a
few technical facts about conditional value-at-risk that can be found in those
sources and the work of Rockafellar and Uryasev (2002).

Conditional value-at-risk measures downside risk by focusing on the lower
tail behavior of the return distribution, specifically the expected value of this
tail. This expected value quantifies the magnitude of losses in extreme scenarios.
Let Z be a random variable with cumulative and inverse cumulative distribution
functions F and F5!, respectively. For a parameter 7 € (0, 1), the CVaR of Z is

CVART(Z)% f F'(u)du. (7.20)
0

When the inverse cumulative distribution F 21 is strictly increasing, the right-
hand side of Equation 7.20 is equivalent to

E[Z|Z<F,'(7)]. (7.21)

In this case, CVaR quantifies the expected return, conditioned on the event that
this return is no greater than the return’s rth quantile — that is, is within the rth
fraction of lowest returns.>® In a reinforcement learning context, this leads to
the risk-sensitive objective

Jevar(m) = CVAR( Z Y'R.). (7.22)
t=0

59. In other fields, CVaR is applied to losses rather than returns, in which case it measures the
expected loss subject that this loss is above the tth percentile. For example, Equation 7.21 becomes
E[Z|Z>F 2' ()], and the subsequent derivations need to be adjusted accordingly.
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In general, there may not be an optimal policy that depends on the state x alone;
however, one can show that optimality can be achieved with a deterministic,
stationary Markov policy on an augmented state that incorporates information
about the return thus far. In the context of this section, we assume that rewards
are bounded in [R,y, Ryax]- At a high level, we optimize the CVaR objective by

(a) defining the requisite augmented state;

(b) performing a form of risk-sensitive value iteration on this augmented state,
using a suitable selection rule; and

(c) extracting the resulting policy.

We now explain each of these steps.

Augmented state. Central to the algorithm and to the state augmentation
procedure is a reformulation of CVaR in terms of a desired minimum return or
target b€ R. Let [x]* denote the function that is 0 if x <0 and x otherwise. For
a random variable Z and 7 € (0, 1), Rockafellar and Uryasev (2002) establish
that

CVAR(2)=max (b—7"' E[[b-Z]"]). (7.23)
beR

When FE‘ is strictly increasing, the maximum-achieving b for Equation 7.23
is the quantile F, !(7). In fact, taking the derivative of the expression inside
the brackets with respect to « yields the quantile update rule (Equation 6.11;
see Exercise 7.11). The advantage of this formulation is that it is more easily
optimized in the context of a policy-dependent return. To see this, let us write

G" = Z V'R,
1=0
to denote the random return from the initial state X, following some history-
dependent policy & € ;. We then have that

max Jev,r (1) = max max (b —'E[[b- G”]+])
mEm, nem,  be

-1 __: T+
= max (-7 min E[[b - G7] 1). (7.24)
In words, the CVaR objective can be optimized by jointly finding an optimal
target b and a policy that minimizes the expected shortfall E [[b — G™]*]. For a
fixed target b, we will see that it is possible to minimize the expected shortfall
by means of dynamic programming. By adjusting b appropriately, one then
obtains an optimal policy.

Based on Equation 7.24, let us now consider an augmented state (X;, B,),
where X; is as usual the current state and B, takes on values in B = [V, Viaxl;
we will describe its dynamics in a moment. With this augmented state, we
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may consider a class of stationary Markov policies, wcv,r, Which take the form
7: XX B— P(A).0

We use the variable B, to keep track of the amount of discounted reward
that should be obtained from X, onward in order to achieve a desired minimum
return of by € R over the entire trajectory. The transition structure of the Markov
decision process over the augmented state is defined by modifying the generative
equations (Section 2.3):

Bo=bo
Ay | (Xo.1, Bo:ts Agii-1, Ro.—1) ~ (- | X, By)

B,—R
Brit | (o415 Bots Aows Rowt) = — 5 o

we similarly extend the sample transition model with the variables B and B’.
This definition of the variables (B;);>o can be understood by noting, for example,
that a minimum return of by is achieved over the whole trajectory if

Zy bo—Ro

If the reward R, is small or negative, the new target B,,; may of course be larger
than B;. Note that the value of by is a parameter of the algorithm, rather than
given by the environment.

Risk-sensitive value iteration. We next construct a method for optimizing
the expected shortfall given a target by € R. Let us write 7 € Z(R)**5*A for a
return-distribution function on the augmented state-action space, instantiated
as a return-variable function G. For ease of exposition, we will mostly work
with this latter form of the return function. As usual, we write G™ for the return-
variable function associated with a policy 7 € wcvy,r. With this notation in mind,
we write

Jevar(mw,bo) = max (b -7 E[lb-G"(Xo.bo. A0))*])  (7.25)

to denote the conditional value-at-risk obtained by following policy 7 from the
initial state (Xy, bg), with Ag ~ (- | Xo, bo).

Similar to distributional value iteration, the algorithm constructs a series of
approximations to the return-distribution function by repeatedly applying the
distributional Bellman operator with a policy derived from a greedy selection
rule G. Specifically, we write

ag(x,b)=argmin E [[b — G(x, b, a)]"] (7.26)
aceA

60. Since B; is a function of the trajectory up to time #, wcy,R iS a strict subset of .
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for the greedy action at the augmented state (x, b), breaking ties arbitrarily. The
selection rule G is itself given by

G(a| x,b)=G(G)(a] x,b) = L{a=as(x,b)}.

The algorithm begins by initializing ny(x, b, a) = ¢ for all xe X, be B, and
a € A, and iterating i
Meer =T s (7.27)

as in distributional value iteration. Expressed in terms of return-variable
functions, this is

Grn1(x,b,a) 2R +yGu(X', B ,ag, (X', B')), X=x,B=b,A=a.

After k iterations, the policy 7, = G(i;) can be extracted according to Equation
7.26. As suggested by Equation 7.25, a suitable choice of starting state is
by =argmax (b — 7" E[[b - Gy(Xo, b, ag, (Xo, b))1"]).. (7.28)
beB
As given, there are two hurdles to producing a tractable implementation of
Equation 7.27: in addition to the usual concern that return distributions may
need to be projected onto a finite-parameter representation, we also have to
contend with a real-valued state variable B;. Before discussing how this can be
addressed, we first establish that Equation 7.27 is a sound approach to finding
an optimal policy for the CVaR objective.

Theorem 7.22. Consider the sequence of return-distribution functions
(170 )ks0 defined by Equation 7.27. Then the greedy policy ;. = G(15¢) is such
that forall xe X, be B, and a€ A,

+ V0 = Vi)
I-y
Consequently, we also have that the conditional value-at-risk of this policy

satisfies (with by given by Equation 7.28)

E[[b-G™(x,b,a)]"] < glin E[[b - G"(Xo,b,a)]"]

k
VMAX - VMIN
Jovsr (i, bo) > max max Jevar(7, b) — u A
beB MEMCVAR T(l _ 7)

The proof is somewhat technical and is provided in Remark 7.3.

Theorem 7.22 establishes that with sufficiently many iterations, the policy
7 is close to optimal. Of course, when distribution approximation is intro-
duced, the resulting policy will in general only approximately optimize the
CVaR objective, with an error term that depends on the expressivity of the
probability distribution representation (i.e., the parameter m in Chapter 5). To
perform dynamic programming with the state variable B, one may use function
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approximation, the subject of the next chapter. Another solution is to consider a
discrete number of values for B and to extend the operator 79 to operate on
this discrete set (Exercise 7.12).

7.9 Technical Remarks

Remark 7.1. In Section 7.7, we presented some of the challenges involved with
finding an optimal policy for the variance-constrained objective. In some sense,
these challenges should not be too surprising given that that we are looking to
maximize a function J of an infinite-dimensional object (a history-dependent
policy). Rather, what should be surprising is the relative ease with which one
can obtain an optimal policy in the risk-neutral setting.

From a technical perspective, this ease is a consequence of Lemma 7.3, which
guarantees that O* (and hence 7*) can be efficiently approximated. However,
another important property of the risk-neutral setting is that the policy can be
improved locally: that is, at each state simultaneously. To see this, consider a
state-action value function Q" for a given policy 7 and denote by 7’ a greedy
policy with respect to Q. Then,

TQ =T Q" >T"Q"=(Q". (7.29)

That is, a single step of value iteration applied to the value function of a policy
m results in a new value function that is at least as good as Q" at all states
— the Bellman operator is said to be monotone. Because this single step also
corresponds to the value of a nonstationary policy that acts according to 7’ for
one step and then switches to &, we can equivalently interpret it as constructing,
one step at a time, a deterministic history-dependent policy for solving the
risk-neutral problem.

By contrast, it is not possible to use a direct dynamic programming approach
over the objective J to find the optimal policy for an arbitrary risk-sensitive
control problem. A practical alternative is to perform the optimization instead
with an ascent procedure (e.g., a policy gradient-type algorithm). Ascent algo-
rithms can often be computed in closed form, and tend to be simpler to
implement. On the other hand, convergence is typically only guaranteed to
local optima, seemingly unavoidable when the optimization problem is known
to be computationally hard. A

Remark 7.2. When the projection I1.# is not mean-preserving, distributional
value iteration induces a state-action value function Q,, that is different from
the value function Q; determined by standard value iteration under equivalent
initial conditions. Under certain conditions on the distributions of rewards, it is
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possible to bound this difference as k — co. To do so, we use a standard error
bound on approximate value iteration (see, e.g., Bertsekas 2012).

Lemma 7.23. Let (Qx)i>0 be a sequence of iterates in RXxA satisfying

1Qke1 =T Qxllo <&

for some &> 0 and where T is the Bellman optimality operator. Then,

. N &
limsup [|Qx — Q°|lee £ ——. A
k—o0 1- Y
In the context of distributional value iteration, we need to bound the difference
”QT]k.H - TQTM”OO .

When the rewards are bounded on the interval [Ry, Ry.x] and the projection
step is I1,, the w-projection onto the m-quantile representation, a simple bound
follows from an intermediate result used in proving Lemma 5.30 (see Exercise
5.20). In this case, for any v bounded on [Vy, Vyaxl,

VMAx - VMIN
wi(lley, v) € ———
2m

Conveniently, the 1-Wasserstein distance bounds the difference of means
between any distributions v, v’ € Z;(R):

| EZ]- E [Z]|<wi(n V).

Z~v Z~v'
This follows from the dual representation of the Wasserstein distance (Villani
2008). Consequently, for any (x, a),

|Q. (x, @) = (T™ Q) (x, @)| < wi (st (x, @), (T ™ 1) (x, @)
=wi (T ™ n)(x, @), (T™n)(x, a))
< VMAX - VMIN

2m
By taking the maximum over (x,a) on the left-hand side of the above and
combining with Lemma 7.23, we obtain
VMAX - VMIN
[e] S . . -
2m(1-7)
Remark 7.3. Theorem 7.22 is proven from a few facts regarding partial returns,
which we now give. Let us write a;(x, b) = ag,(x, b). We define the mapping
Upg: XXBxA—->Ras

Uk(x’ b’ Cl) =K [[b - Gk(xa b’ a)]+] 5

limsup [|Qy, — O A
k—o0

and for a policy 7 € mey,r Similarly write

U(x,b,a)=E[[b-G"(x,b,a)]"].
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Lemma 7.24. For any xe X, ae A, be B, and ke N, we have
Ursi(x.b,0) =y E[UX', B, an(X', B)) | X=x, B=b,A=a.
In addition, if 7 € mcy,r is a stationary Markov policy on X X B, we have

U™(x,b,a)=yE.|U"(X',B',A") | X=x,B=b,A=a|. A

Proof. The result follows by time-homogeneity and the Markov property. Con-
sider the sample transition model (X, B,A,R, X', B’, A”), with A’ = a;(X’, B').
Simultaneously, consider the partial trajectory (X;, B;, Ay, Rt)fzo for which
Ag=A"and A; ~ (- | X;, By) for t>0. As yB’ = B— R, we have

YE|UX'. B, A") | X=x,B=b,A=d|

=yE|E[[B' -GuX, B, A)|'| | X=x,B=b,A=4d|

k
=yE[E[[B —Zy’R,r | Xo=X'.By=BAy=A"| | X=x,A=a]
t=0

k
=E[E[[b-R-7 ) ¥R]" | Xo=X,By=B ,Ag=A'| | X=x,B=b,A=d]
=0
k+[1
=]E[IE[[b—R—Zy’R,]+ |X,=X'.Bi=B A =A'|| X=x,B=bA=d]

t=1

k+1
=]E[[b—Zy’R,]+ | Xo=x,By=b,Ay=a].
=0
The second statement follows similarly. A

Lemma 7.25. Suppose that Vy,y <0 and V.« = 0. Let (R,),>0 be a sequence of
rewards in [Ryn, Ryax]- For any beR and ke N,

E[lb= Y YRIT+7" Vi <
t=0

k o0
E[lb- ) YRITSE[b= Y yRIT+¥ Wi &
=0 t=0

Proof. First note that, for any b,z,7’ €R,

-z <[b-Z1"+[ -z (7.30)
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To obtain the first inequality in the statement, we set

00 k 00
[b- D YRI'<[b= ) YRI"+[- D YRI".
=0 t=0

t=k+1

Since rewards are bounded in [Ryy, Ryax], We have that

= R
- Z let < _7k+1 1 fIN = _7k+1 VMIN'
t=k+1 Y

As we have assumed that V,,, <0, it follows that

o k
b= YRIT<[b= ) YRI =y Vi,
=0 =0
The second inequality in the statement is obtained analogously. A

Lemma 7.26. The sequence (1; x>0 defined by Equation 7.27 satisfies, for any
xeX,beB,andac A,

k
U(x,b,a)= min E,[[b— Z YR1" | X=x,B=b,A=al. (7.31)

TEMCVAR
t=0

A

Proof (sketch). Our choice of Gy(x, b, a) =0 guarantees that the statement is
true for k = 0. The result then follows by Lemma 7.24, the fact that the policy
G(p) chooses the action minimizing the left-hand side of Equation 7.31, and
by induction on k. A

Proof of Theorem 7.22. Let us assume that Vy;, <0 and V,;,x > 0 so that Lemma
7.25 can be applied. This is without loss of generality, as otherwise we may
first construct a new sequence of rewards shifted by an appropriate constant C,
such that R,y =0, Ry,,x > 0; by inspection, this transformation does not affect
the statement of the Theorem 7.22.
Let n* € meyar be an optimal deterministic policy, in the sense that
U™ (x,b,a)= min U"(x,b,a).
TENCVAR

Combining Lemmas 7.25 and 7.26, we have

U™ (x,b,a) + Y "W < Ui(x, b, a) < U (x, b, a) + Y Vyuy. (7.32)
Write E,py[-]=E;[- | X=x, B=b,A =a]. By Lemma 7.24,
Uﬂk(xy b? a)_ Uk(-x’ b’ a) (733)

=y Ewpa [Uﬂk(X’, B, aq(X',B)) - Ui (X', B, a1 (X, B/))]
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=y Eua |[U™(X', B, a(X', B) = Uu(X', B', a (X', B))
+ Uk(X', B, ax(X', B) = Ut (X', B a1 (X', B))|

<Y Epa [U™(X', B, a(X', B) = Us(X', B, (X', B)] + ¥ Vi = ¥ Vi,
Now, the quantity
&x(x,b,a)=U"(x,b,a) — Ur(x, b, a)
is bounded above and hence

g= sup &l(x,b,a)
xeX,beB,acA

exists. Taking the supremum over x, b and a on both sides of Equation 7.33, we
have

& <Y+ Y WV = Y Vi
and consequently for all x, b, a,
YOV = Vi)
Iy
Because Ui(x, b,a) < U™ (x, b, a) + Y Vy,x, then

U™ (x,b,a) — Up(x,b,a) < (7.34)

k
. Vo = V.
U™(x,b,a)<U" (x,b,a) + yk” Viax + 7—(7 ;""x M'N)‘
-y

Now,
TR A 2.0 ¢ bt ) D A
-y -y -y
Hence, we conclude that also

k

k
VMAX - VMIN
U™(x,b,a)< min U"(x,b,a)+ M

b
TEMCVAR 1- Y

as desired.
For the second statement, following Equation 7.28 we have

bo = argmax (b — 77 E [[b~ Gi(Xo, b, ax(Xo, bY)]*]).
beB

The algorithm begins in state (Xy, bg), selects action Ay = ax(Xo, bp), and then
executes policy m; from there on; its return is G™(Xo, bg, Ap). In particular,

Jevar (7ik, bo) = max (b -7 E[[b - G™(Xo, bo, Ao)]+])
beB

> by — 1 L E [[by — G™(Xo, by, Ag)] ] - (7.35)
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Write a,-(x, b) for the action selected by 7* in (x, b). Because Equation 7.32
holds for all x, b, and a, we have

min Uy(x, b, a) <min U* (x, b, a) + Y Vyux
acA aeA
= Ui(x, b, a(x, b)) < U™ (x, b, az (x, b)) + Y Vyyux s

since a(x, b) is the action a that minimizes Uy (x, b, a). Hence, for any state x,

we have
7k+] V.
— . — . * MAX
max (b — 7~ min Uy(x, b, @)) > max (b — 7' min U™ (x, b, a)) - -—22 |
beB aeA beB aeA T
and so
k+1
y * VMAX

bo — 7 Ur(Xo, bo, ax(Xo, bo)) > max (b - v U™ (Xo, b, ax (x, b)) —
e(

k+1
YV,
=max Jeyr (", b) - ———— .
beB T

Combined with Equations 7.34 and 7.35, this yields

k
Vasx =V,
Jevsr (7, bo) > max max JCVAR(ﬂ'»b)_—y( s =~ Vo), A
beB meEMcVIR T(1-7)

7.10 Bibliographical Remarks

7.0. The balloon navigation example at the beginning of the chapter is from
Bellemare et al. (2020). Sutton and Barto (2018) separate “control problem”
from “prediction problem”; the latter figures more predominantly in this book.
In earlier literature, the control problem comes first (see, e.g., Bellman 1957b)
and prediction is typically used as a subroutine for control (Howard 1960).
7.1. Time-dependent policies are common in finite-horizon scenarios and are
studied at length by Puterman (2014). The technical core of Proposition 7.2
involves demonstrating that any feasible value function can be attained by a
stationary Markov policy; see the results by Puterman (2014, Theorem 5.5.1),
Altman (1999) and the discussion by Szepesvari (2020).

In reinforcement learning, history-dependent policies are also used to deal
with partially observable environments, in which the agent receives an obser-
vation o at each time step rather than the identity of its state. For example,
McCallum (1995) uses a variable-length history to represent state-action values,
while Veness et al. (2011) use a history-based probabilistic model to learn a
model of the environment. History-dependent policies also play a central role
in the study of optimality in the fairly large class of computable environments
(Hutter 2005).
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7.2. The canonical reference for value iteration is the book by Bellman (1957b);
see also Bellman (1957a) for an asymptotic analysis in the undiscounted set-
ting. Lemma 7.3 is standard and can be found in most reinforcement learning
textbooks (Bertsekas and Tsitsiklis 1996; Szepesvari 2010; Puterman 2014).
State-action value functions were introduced along with the Q-learning algo-
rithm (Watkins 1989) and subsequently used in the development of SARSA
(Rummery and Niranjan 1994). Watkins and Dayan (1992) give a restricted
result regarding the convergence of Q-learning, which is more thoroughly estab-
lished by Jaakkola et al. (1994), Tsitsiklis (1994), and Bertsekas and Tsitsiklis
(1996).

7.3-7.5. The expression of the optimality operator as a fixed-policy operator
whose policy varies with the input is common in the analysis of control algo-
rithms (see, e.g., Munos 2003; Scherrer 2014). The view of value iteration as
constructing a history-dependent policy is taken by Scherrer and Lesner (2012)
to derive more accurate value learning algorithms in the approximate setting.

The extension to distributional value iteration and Theorem 7.13 are from
Bellemare et al. (2017a). The correspondence between standard value iteration
and distributional value iteration with a mean-preserving projection is given by
Lyle et al. (2019).

The notion of action gap plays an important role in understanding the rela-
tionship between value function estimates and policies, in particular when
estimates are approximate. Farahmand (2011) gives a gap-dependent bound on
the expected return obtained by a policy derived from an approximate value
function. Bellemare et al. (2016) derive an algorithm for increasing the action
gap so as to improve performance in the approximate setting.

An example of a selection rule that explicitly incorporates distributional
information is the lexicographical rule of Jaquette (1973), which orders policies
according to the magnitude of their moments.

7.6. The notion of risk and risk-sensitive decisions can be traced back to
Markowitz (1952), who introduced the concept of trading off expected gains and
variations in those gains in the context of constructing an investment portfolio;
see also Steinbach (2001) for a retrospective. Artzner et al. (1999) propose a
collection of desirable characteristics that make a risk measure coherent in the
sense that it satisfies certain preference axioms. Of the risk measures mentioned
here, CVaR is coherent but the variance-constrained objective is not. Artzner et
al. (2007) discuss coherent risk measures in the context of sequential decisions.
Ruszezynski (2010) introduces the notion of dynamic risk measures for Markov
decision processes, which are amenable to optimization via Bellman-style recur-
sions; see also Chow (2017) for a discussion of static and dynamic risk measures
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as well as time consistency. Jiang and Powell (2018) develop sample-based
optimization methods for dynamic risk measures based on quantiles.

Howard and Matheson (1972) considered the optimization of an exponential
utility function applied to the random return by means of policy iteration. The
same objective is given a distributional treatment by Chung and Sobel (1987).
Heger (1994) considers optimizing for worst-case returns. Haskell and Jain
(2015) study the use of occupancy measures over augmented state spaces as an
approach for finding optimal policies for risk-sensitive control; similarly, an
occupancy measure-based approach to CVaR optimization is studied by Carpin
et al. (2016). Mihatsch and Neuneier (2002) and Shen et al. (2013) extend
Q-learning to the optimization of recursive risk measures, where a base risk
measure is applied at each time step. Recursive risk measures are more easily
optimized than risk measures directly applied to the random return but are not
as easily interpreted. Martin et al. (2020) consider combining distributional
reinforcement learning with the notion of second-order stochastic dominance as
a means of action selection. Quantile criteria are considered by Filar et al. (1995)
in the case of average-reward MDPs and, more recently, by Gilbert et al. (2017)
and Li et al. (2022). Delage and Mannor (2010) solve a risk-constrained opti-
mization problem to handle uncertainty in a learned model’s parameters. See
Prashanth and Fu (2021) for a survey on risk-sensitive reinforcement learning.
7.7. Sobel (1982) establishes that an operator constructed directly from the
variance-penalized objective does not have the monotone improvement prop-
erty, making its optimization more challenging. The examples demonstrating
the need for randomization and a history-dependent policy are adapted from
Mannor and Tsitsiklis (2011), who also prove the NP-hardness of the problem
of optimizing the variance-constrained objective. Tamar et al. (2012) propose
a policy gradient algorithm for optimizing a mean-variance objective and for
the CVaR objective (Tamar et al. 2015); see also Prashanth and Ghavamzadeh
(2013) and Chow and Ghavamzadeh (2014) for actor-critic algorithms for these
criteria. Chow et al. (2018) augment the state with the return-so-far in order to
extend gradient-based algorithms to a broader class of risk measures.

7.8. The reformulation of the conditional value-at-risk (CVaR) of a random
variable in terms of the (convex) optimization of a function of a variable b € R
is due to Rockafellar and Uryasev (2000); see also Rockafellar and Uryasev
(2002) and Shapiro et al. (2009). Bauerle and Ott (2011) provide an algorithm
for optimizing the CVaR of the random return in Markov decision processes.
Their work forms the basis for the algorithm presented in this section, although
the treatment in terms of return-distribution functions is new here. Another
closely related algorithm is due to Chow et al. (2015), who additionally provide
an approximation error bound on the computed CVaR. Brown et al. (2020) apply
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Rockafellar and Uryasev’s approach to design an agent that is risk-sensitive
with respect to a prior distribution over possible reward functions. Keramati et
al. (2020) combine categorical temporal-difference learning with an exploration
bonus derived from the Dvoretzky—Kiefer—Wolfowitz inequality to develop an
algorithm to optimize for conditional value-at-risk.

7.11 Exercises

Exercise 7.1. Find a counterexample that shows that the Bellman optimality
operator is not an affine operator. A

Exercise 7.2. Consider the Markov decision process depicted in Figure 2.4a.
For which values of the discount factor y € [0, 1) is there more than one optimal
action from state x? Use this result to argue that the optimal policy depends on
the discount factor. A

Exercise 7.3. Proposition 7.7 establishes that distributional Bellman optimality
operators are not contraction mappings.

(i) Instantiate the result with the 1-Wasserstein distance. Provide a visual
explanation for the result by drawing the relevant cumulative distribution
functions before and after the application of the operator.

(ii) Discuss why it was necessary, in the proof of Proposition 7.7, to assume
that the probability metric d is c-homogeneous. A

Exercise 7.4. Suppose that there is a unique optimal policy 7%, as per Section
7.4. Consider the use of a projection I g for a probability representation .% and
the iterates

Mer1 =g Ty . (7.36)
Discuss under what conditions the sequence of greedy policies (G(17x))k=0
converges to 7* when I1 & is

(i) the m-categorical projection I1;

(ii) the m-quantile projection IT,,.
Where necessary, provide proofs of your statements. Does your answer depend
onmoroné,...,0, for the case of the categorical representation? A

Exercise 7.5. Give a Markov decision process for which the limit of the
sequence of iterates defined by 1.1 = 797, depends on the initial condition 7o,
irrespective of the greedy selection rule G. Hint. Construct a scenario where the
implied policy 7y is the same for all k£ but depends on 7. A

Exercise 7.6. Consider the greedy selection rule that selects an action with
minimal variance among those with maximal expected value, breaking ties
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uniformly at random. Provide an example Markov decision process in which
this rule results in a sequence of return-distribution functions that does not
converge, as per Example 7.11. Hint. Consider reward distributions of the form
% Z?:1 06;- A
Exercise 7.7 (*). Consider the 1-Wasserstein distance w; and its supremum
extension wy. In addition, let d be a metric on &?(A). Suppose that we are given
a mapping
Q: t@(R)XXﬂ — Ty

which is continuous at every state, in the sense that for any & > 0, there exists a
6 > 0 such that for any return functions 7, 17’,

Wi, <6 = maxd(Gm(- | x), G0 | X)) <e.

Show that this mapping cannot be a greedy selection rule in the sense of
Definition 7.6. A

Exercise 7.8. Consider the Markov decision process depicted in Figure 7.5a.
Show that there is no A >0 such that the policy maximizing

Juy(m) = Er [G"(X0)] - AVar(G™ (X))

is stochastic. This illustrates how the variance-constrained and variance-
penalized control problems are not equivalent. A

Exercise 7.9. Consider the Markov decision process depicted in Figure 7.5c.

(i) Solve for the optimal stopping time T¢ maximizing the return of a time-

dependent policy that selects action a for T¢ time steps, then selects action
b (under the constraint that the variance should be no greater than C).

(ii) Prove that this policy can achieve an expected return of up to VC.

(iii) Based on your conclusions, design a policy that improves on this strategy.

(iv) Show that the expectation and variance of the return of a randomized
stationary policy that selects action b with probability p are given by

__r

2(1=y(1-p))

2 p
I-y20-p) (A-y(1-p)*)’
(v) Using your favorite visualization program, chart the returns achieved by the

EA[G"(x0)] =

Var,(G"(x)) = % (

optimal randomized policy and the optimal time-dependent policy, for values
of C and vy different from those shown in Figure 7.5¢c. What do you observe?
Hint. Use a root-finding algorithm to determine the maximum expected
return of a randomized policy under the constraint Var,(G™(x)) < C. A
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Exercise 7.10. Explain the relationship between the shaded area in Figure 7.4
and conditional value-at-risk for the depicted distribution. A

Exercise 7.11. Following Equation 7.23, for a distribution v € Z(R), consider
the function
fO)=0-7"E [[0-2]"].

Show that for 7€ (0, 1),
d
0—0—ar—f(6
—O-at . f6)
is equivalent to the quantile update rule (Equation 6.11), in expectation. A

Exercise 7.12 (*). Consider a uniform discretization B, of the interval
[Vins Vaax] into intervals of width & (endpoints included). For a return-
distribution function 7 on the discrete space X X B, X A, define its extension to
X X [VMIN9 VMAX] X ‘?{

. b
fi(x, b, a) =n(x, e[—J, a).
e
Suppose that probability distributions can be represented exactly (i.e., without
needing to resort to a finite-parameter representation). For the CVaR objective
(Equation 7.22), derive an upper bound for the suboptimality
max J(m) - J(7),
TEMCVAR

where 7 is found by the procedure of Section 7.8 applied to the discrete space
X x B, x A and using the extension 1 > 7j to implement the operator 79. A
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8 Statistical Functionals

The development of distributional reinforcement learning in previous chapters
has focused on approximating the full return function with parameterized fami-
lies of distributions. In our analysis, we quantified the accuracy of an algorithm’s
estimate according to its distance from the true return-distribution function,
measured using a suitable probability metric.

Rather than try to approximate the full distribution of the return, we may
instead select specific properties of this distribution and directly estimate these
properties. Implicitly, this is the approach taken when estimating the expected
return. Other common properties of interest include quantiles of the distribu-
tions, high-probability tail bounds, and the risk-sensitive objectives described in
Chapter 7. In this chapter, we introduce the language of statistical functionals
to describe such properties.

In some cases, the statistical functional approach allows us to obtain accurate
estimates of quantities of interest, in a more straightforward manner. As a
concrete example, there is a low-cost dynamic programming procedure to
determine the variance of the return distribution.%! By contrast, categorical and
quantile dynamic programming usually under- or overestimate this variance.

This chapter develops the framework of statistical functional dynamic pro-
gramming as a general method for approximately determining the values of
statistical functionals. As we demonstrate in Section 8.4, it is in fact possible
to interpret both categorical and quantile dynamic programming as operating
over statistical functionals. We will see that while some characteristics of the
return (including its variance) can be accurately estimated by an iterative proce-
dure, in general, some care must be taken when estimating arbitrary statistical
functionals.

61. In fact, the return variance can be determined to machine precision by solving a linear system
of equations, similar to what was done in Section 5.1 for the value function.

233

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



234 Chapter 8

8.1 Statistical Functionals

A functional maps functions to real values. By extension, a statistical functional
maps probability distributions to the reals. In this book, we view statistical
functionals as measuring a particular property or characteristic of a probability
distribution. For example, the mapping

v Pz (Z220), ve Z(R)

is a statistical functional that measures how much probability mass its argument
v puts on the nonnegative reals. Statistical functionals express quantifiable
properties of probability distributions such as their mean and variance. The
following formalizes this point.

Definition 8.1. A statistical functional ¢ is a mapping from a subset of
probability distributions &7, (R) € Z(R) to the reals, written

v Z,R)>R.

We call the particular scalar ¥(v) associated with a probability distribution v a
Sfunctional value and the set 22, (R) the domain of the functional. A

Example 8.2. The mean functional maps probability distributions to their
expected values. As before, let

PR =lve PR): E [1Z] <o)

be the set of distributions with finite first moment. For v € £2|(R), the mean
functional is

m = E 2.

The restriction to £ (R) is necessary to exclude from the definition distributions
without a well-defined mean. A

The purpose of this chapter is to study how functional values of the return
distribution can be approximated using dynamic programming procedures and
incremental algorithms. In general, we will be interested in a collection of
such functionals that exhibit desirable properties: for example, because they
can be jointly determined by dynamic programming or because they provide
complementary information about the return function. We call such a collection
a distribution sketch.

Definition 8.3. A distribution sketch (or simply sketch) ¢ : Z,(R) - R is a
vector-valued function specified by a tuple (1, ..., ¢,,) of statistical functionals.
Its domain is

Py®) =) Zy(®),

i=1
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and it is defined as

YO =W (), .. ¥m(), vEZYR).
Its image is
I={y(v):ve Z,(R)}CR™.

We also extend this notation to return-distribution functions:
ym =Wmx):xeX), ne PR, A

Example 8.4. The quantile functionals are a family of statistical function-
als indexed by 7 € (0, 1) and defined over Z(R). The t-quantile functional is
defined in terms of the inverse cumulative distribution function of its argument
(Definition 4.12):

Y =F,\(1).
A finite collection of quantile functionals (say, for 7y, ..., T, € (0, 1)) constitutes
a sketch. A

Example 8.5. To prove the convergence of categorical temporal-difference
learning (Section 6.10), we introduced the isometry I : .%c,, — Ry defined as

I0)=(Fu6):ie(l,...,m), 8.1

where (6;)7", is the set of locations for the categorical representation. This
isometry is also a sketch in the sense of Definition 8.3. If we extend its domain
to be Z(R), Equation 8.1 still defines a valid sketch but it is no longer an
isometry: it is not possible to recover the distribution v from its functional
values 7 (v). A

8.2 Moments

Moments are an especially important class of statistical functionals. For an
integer p € N*, the pth moment of a distribution v € &7,(R) is given by

w0 = E [27].
In particular, the first moment of v is its mean, while the variance of v is the
difference between its second moment and squared mean:

() = ()’ . (8.2)

Moments are ubiquitous in mathematics. They form a natural way of capturing
important aspects of a probability distribution, and the infinite sequence of
moments (u p(v));o= | uniquely characterizes many probability distributions of
interest; see Remark 8.3.
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Our goal in this section is to describe a dynamic programming approach to
determining the moments of the return distribution. Fix a policy &, and consider
a state x € X and action a € A. The pth moment of the return distribution 1" (x, a)
is given by

E. [(G"(x @),
where as before, G"(x, a) is an instantiation of 77" (x, a). Although we can also
study dynamic programming approaches to learning the pth moment of state-
indexed return distributions,

E. [(G" Y],
this is complicated by a potential conditional dependency between the reward R
and next state X’ due to the action A. One solution is to assume independence
of R and X’, as we did in Section 5.4. Here, however, to avoid making this

assumption, we work with functions indexed by state-action pairs.
To begin, let us fix m € N*. The m-moment function M™ is

M™(x,a,i) =E[(G"(x, )| = ui(7" (x,a)), fori=1,...,m. (8.3)

As with value functions, we view M™ as the function (or vector) in RX*Axm
describing the collection of the first m moments of the random return. In
particular, M”*(-,-, 1) is the usual state-action value function. As elsewhere in
the book, to ensure that the expectation in Equation 8.3 is well defined, we
assume that all reward distributions have finite pth moments, for p=1,...,m.
In fact, it is sufficient to assume that this holds for p = m (Assumption 4.29(m)).

As with the standard Bellman equation, from the state-action random-
variable Bellman equation

G'(x,a)=R+yG"(X',A"), X=x,A=a

we can derive Bellman equations for the moments of the return distribution. To
do so, we raise both sides to the ith power and take expectations with respect
to both the random return variables G™ and the random transition (X = x,A =
a,R, X", A"):

E,[(G"(x,a) 1 =E[(R+yG"(X',A")) | X=x,A=a].

From the binomial expansion of the term inside the expectation, we obtain

EA(G(x, @)1 =B | (;)RJG"(X', AY | X=x,A=a
Jj=0
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Since R and G"(X’, A”) are independent given X and A, we can rewrite the above
as

M*(x, a,i) = Zyi_j(;)E,r[Rj | X=x,A=a|E[M*"(X',A",i — )| X=x,A=d],
=0

where by convention we take M™(x’,a’,0) =1 for all x’ € X and ¢’ € A. Thisis a
recursive characterization of the ith moment of a return distribution, analogous
to the familiar Bellman equation for the mean. The recursion is cast into the
familiar framework of operators with the following definition.

Definition 8.6. Let m € N*. The m-moment Bellman operator TG,: RAXAxm _,
R i given by

(T, M)(x, a,i) = (8.4)

i

Zvi‘j( -)En[Rf | X=x A=alE,[MX'.A"i~ )| X=x,A=a]. &
- J
Jj=0

The collection of moments (M™(x,a,i): (x,a)e XX A,i=1,...,m) is a fixed
point of the operator 7] . In general, the m-moment Bellman operator is not a
contraction mapping with respect to the L™ metric (except, of course, for m=1;
see Exercise 8.1). However, with a more nuanced analysis, we can still show

that 77 has a unique fixed point to which the iterates
Mier1 =T, My (8.5)

converge.

Proposition 8.7. Let me N*. Under Assumption 4.29(m), M”™ is the
unique fixed point of 77 . In addition, for any initial condition M, €
RX>Axm the iterates of Equation 8.5 converge to M™. A

Proof. We begin by constructing a suitable notion of distance between m-
moment functions RX*Am For M € RX*Axm et

[IMl|lwi= sup |M(x,a,i)|, fori=1,...,m
(x,a)eXXA

IMllwj, fori=2,...,m.
1

ol—
B

IMlloo,<; = sup

j=1,..

Eachof || - || (fori=1,...,m)and || - ||l <; (fori=2, ..., m) is a semi-norm; they

fulfill the requirements of a norm, except that neither ||M||o; = 0 nor ||M||e <; =0
implies that M = 0. From these semi-norms, we construct the pseudo-metrics

(M, M) = |M = M||eo,i,
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noting that it is possible for the distance between M and M’ to be zero even
when M is different from M’.

The structure of the proof is to argue that Tgn ) is a contraction with modulus y
with respect to || - ||,; and then to show inductively that it satisfies an inequality
of the form

IT7 )M = T7 Ml < ClIM = M llwci + Y IM = M'lleoi,  (8.6)

for each i=2, ..., m, and some constant C; that depends on Pg. Chaining these
results together then leads to the convergence statement, and uniqueness follows
as an immediate corollary.

To see that T(’:n ) is a contraction with respect to || - |1, let M € R
write M) = (M(x, a, i) : (x, a) € X x A) for the function in R**? corresponding
to the ith moment function estimates given by M. By inspecting Equation 8.4
with i =1, it follows that

XXAxm , and

(TGw

where T7 is the usual Bellman operator. Furthermore, ||M||c,1 = [|M(1)lle, and
so the statement that 77 | is a contraction with respect to the pseudo-metric

M)(l) :THM(I)’

implied by || -||w.1 is equivalent to the contractivity of 77 on RX*A with the
respect to the L™ norm, which was shown in Proposition 4.4.
To see that T(’:n ) satisfies the bound of Equation 8.6 for i > 1, let L € R be such

that
|ER'|X=x,A=a]|<L, forallx,aeXxAandi=1,...,m.
Observe that
(77, M)(x,a,i) = (T}, M')(x,a. i)

i-1 .
=‘ yij(l,)IE,, [R/|X=x,A=a]x
=Y

Z Px(x" | x,a)n(a’ | XYM - M")(X,d',i—j)

x'eX
aeA

i—

IA

i . , . ,
4 ’(j)'lEn [R1X =2x,A=a]| XIIM = M'llso.ci + 7'M = M|l
j=1

i-1 .
i—j[ ! 7 i ’
<L § Y ](j)llM—M lloo,<i +¥'IM = M|,
=1

<2 =2)LIM = Mlloo <i + ¥ IIM = M| -
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Taking C; = (2' —2)L, we have
IT5yM = T7y M lleoi S CIIM = M’ ||o i + Y/ IM = M||co i, fori=2,....m.
To chain these results together, first observe that
1My = M7loo,1 — 0.

We next argue inductively that if, for a given i <m, (M})x>0 converges to M™ in
the pseudo-metric induced by || - ||c <, then also

[IM;, — M"||o; — 0, and hence
1My = M"||co <i+1) = O.

Let y; =|My — M"|| <; and zx = || M} — M”||;. Then the generalized contraction
result states that z;,; < C;y, +¥'zx. Taking the limit superior on both sides yields
lim sup z < limsup [Ciyx +7'zx] = ' limsup .,

k—o0 k—o0 k—oo0
where we have used the result y, — 0. From this, we deduce lim sup,_,, zx <0,
but since (zx)r>0 1S a nonnegative sequence, we therefore have z; — 0. This
completes the inductive step, and we therefore obtain ||M; — M™||; — 0, as
required. O

In essence, Proposition 8.7 establishes that the m-moment Bellman operator
behaves in a similar fashion to the usual Bellman operator, in the sense that its
iterates converge to the fixed point M™. From here, we may follow the deriva-
tions of Chapter 5 to construct a dynamic programming algorithm for learning
these moments®? or those of Chapter 6 to construct the corresponding incre-
mental algorithm (Section 8.8). Although the proof above does not demonstrate
the contractive nature of the moment Bellman operator, for m = 2, this can be
achieved using a different norm and analysis technique (Exercise 8.4).

8.3 Bellman Closedness

In preceding chapters, our approach to distributional reinforcement learning
considered approximations of the return distributions that could be tractably
manipulated by algorithms. The m-moment Bellman operator, on the other
hand, is not directly applied to probability distributions — compared to say,
a m-categorical distribution, there is no immediate procedure for drawing a
sample from a collection of m moments. Compared to the categorical and

62. When the reward distributions take on a finite number of values, in particular, the expectations
of Definition 8.6 can be implemented as sums.
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Figure 8.1
A sketch is Bellman closed if there is an operator 77 such that in the diagram above, the
composite functions ¢ o 7™ and 7 ; o ¢ coincide.

quantile projected operators, however, the m-moment operator yields an error-
free dynamic programming procedure — with sufficiently many iterations and
under some finiteness assumptions, we can determine the moments of the
return function to any degree of accuracy. The concept of Bellman closedness
formalizes this idea.

Definition 8.8. A sketch ¢ = (¥, ..., ¥,,) is Bellman closed if, whenever its
domain Z,(R)¥ is closed under the distributional Bellman operator:

ne Z,R)Y = T e Z,R),
there is an operator TLZ : Il); - 112( such that
(T ) =T u(n) forall pe Z,R)".
The operator 7’(/’/’ is said to be the Bellman operator for the sketch . A

As was demonstrated in the preceding section, the collection of the m first
moments (u, . ..,My,) is a Bellman-closed sketch. Its associated operator is the
m-moment operator T(’fn).

When a sketch ¢ is Bellman closed, the operator 7 mirrors the application
of the distributional Bellman operator to the return-distribution function 7; see
Figure 8.1. The concept of Bellman closedness is related to that of a diffusion-
free projection (Chapter 5), and we will in fact establish an equivalence between
the two in Section 8.4. In addition, Bellman-closed sketches are particularly
interesting from a computational perspective because they support an exact
dynamic programming procedure, as the following establishes.

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



Statistical Functionals 241

Proposition 8.9. Let y = (i, ..., ;) be a Bellman-closed sketch and sup-
pose that @w(R)X is closed under 77”. Then for any initial condition
Mo € @MR)X , and sequences (17x)r>0, (Sr)r>0 defined by

Mt =T s So=¥(m0), Skt =Ty sk,

we have, for k>0,

Sk =y () -
In addition, the functional values s =y(7") of the return-distribution
function are a fixed point of the operator 7. A

Proof. Both parts of the result follow immediately from the definition of the
operator 7 J/T . First suppose that s; = (1), for some k > 0. Then note that

Sert =Ty sk =Ty w(m) = (T i) = Y (i) -

Thus, by induction, the first statement is proven. For the second statement, we
have

=Y Or) = (T ) =Ty =Ty s" O

Of course, dynamic programming is only feasible if the operator 77 can
itself be implemented in a computationally tractable manner. In the case of the
m-moment operator, we know this is possible under similar assumptions as
were made in Chapter 5.

Proposition 8.9 illustrates how, when the sketch ¢ is Bellman closed, we can
do away with probability distributions and work exclusively with functional
values. However, many sketches of interest fail to be Bellman closed, as the
following examples demonstrate.

Example 8.10 (The median functional). A median of a distribution v is its
0.5-quantile F;'(0.5). Perhaps surprisingly, there is in general no way to
determine the median of a return distribution based solely on the medians
at the successor states. To see this, consider a state x that leads to state y;
with probability 1/3 and to state y, with probability 2/3, with zero reward. The
following are two scenarios in which the median returns at y; and y, are the
same, but the median at x is different (see Figure 8.2):

63. As usual, there might be multiple values of z for which Pz.,(Z <z) =0.5; recall that F -1 takes
the smallest such value.
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Figure 8.2

Ilustration of Example 8.10. (a) A Markov decision process in which state x leads to
states y; and y, with probability !/3 and 2/3, respectively. (b) Case 1, in which the median
of n(x) matches the median of 1(y,). (¢) Case 2, in which the median of 7n(x) differs from
the median of 7(y,).

Case 1. The return distributions at y; and y, are Dirac deltas at 0 and 1,
respectively, and these are also the medians of these distributions. The median
at x is also 1.

Case 2. The return distributions at y; and y, are a Dirac delta at 0 and the
uniform distribution on [0.5, 1.5], respectively, and have the same medians as
in Case 1. However, the median at x is now 0.75. A

Example 8.11 (At-least functionals). For ve #(R) and z€ R, let us define
the at-least functional

Vs (v) = Pz (Z>2) >0},

measuring whether v assigns positive probability to values in [z, c0). Now
consider a state x that deterministically leads to y, with no reward, and suppose
that there is a single action a available. The statement “it is possible to obtain a
return of at least 10 at state y” corresponds to

Y107 () =1. (8.7)
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If Equation 8.7 holds, can we deduce whether or not a return of at least 10 is
possible at state x? The answer is no. Suppose that y = 0.9, and consider the
following two situations:
Case 1. 17" (y) = 610 Then ¢r>10(7"(v)) = 1, 7" (x) = 69 and 4> 10(7" (x)) = 0.
Case 2. 7"(y) =020. Then ¥»10(7"(y)) =1 still. However, 1"(x) =383 and
Y=1007"(x)) = 1. A

What goes wrong in the examples above is that we do not have sufficient
information about the return distribution at the successor states to compute the
functional values for the return distribution of state x. Consequently, we cannot
use an iterative procedure to determine the functional values of 77", at least not
without error.

As it turns out, m-moment sketches are somewhat special in being Bellman
closed. As the following theorem establishes, any sketch whose functionals
are expectations of functions must encode the same information as a moment
sketch.

Theorem 8.12. Let ¢ =(¢y,...,¥,) be a sketch. Suppose that i is Bell-
man closed and that for each i =1, ..., m, there is a function f; : R — R for
which

vi)= E [f(2)].
Then, ¢ is equivalent to the first n-moment functionals for some n <m, in

the sense that there are real-valued coeflicients (b;;) and (c;;) such that for
any ve Z,(R)n Z,,(R),

lﬁi(V):Zbijﬂj(V)"'bio, i=1,...,m;
=1

,uj(v):Zc,-jw[(v)+coj, j=1,...,n. A
i=1

\. J

The proof is somewhat lengthy and is given in Remark 8.2 at the end of the
chapter.

As a corollary, we may deduce that any sketch that can be expressed as
an invertible function of the first m moments is also Bellman closed. More
precisely, if ¢’ is a sketch that is an invertible transformation of the sketch ¢
corresponding to the first m moments, say ¢’ =h o s, then ¢’ is Bellman closed
with corresponding Bellman operator 1o T o h~'. Thus, for example, we may
deduce that the sketch corresponding to the mean and variance functionals is
Bellman closed, since the mean and variance are expressible as an invertible
function of the mean and uncentered second moment. On the other hand, many
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other statistical functionals (including quantile functionals) are not covered by
Theorem 8.12. In the latter case, this is because there is no function f: R - R
whose expectation for an arbitrary distribution v recovers the 7th quantile of v
(Exercise 8.5). Still, as established in Example 8.10, quantile sketches are not
Bellman closed.

8.4 Statistical Functional Dynamic Programming

When a sketch ¢ is not Bellman closed, we lack an operator TLZ that emu-
lates the combination of the distributional Bellman operator and this sketch.
This precludes a dynamic programming approach that bootstraps its functional
value estimates directly from the previous estimates. However, approximate
dynamic programming with arbitrary statistical functionals is still possible if we
introduce an additional imputation step ¢ that reconstructs plausible probability
distributions from functional values. As we will now see, this allows us to apply
the distributional Bellman operator to the reconstructed distributions and then
extract the functional values of the resulting return function estimate.

Definition 8.13. An imputation strategy for the sketch y: Z,(R) = R" is a
function ¢ : 1, = &, (R). We say that it is exact if for any valid functional values
(S1, ..., Sm) €1y, we have

Yi(S1y ooy Sm)) =85, i=1,...,m.

Otherwise, we say that it is approximate.
By extension, we write t(s) € @w(R)X for the return-distribution function
corresponding to the collection of functional values s € 1&,\’ . A

In other words, if ¢ is an exact imputation strategy for the sketch ¢ =
(W1, ..., ¥m), then for any valid values s1, ..., s, of the functionals ¢, ..., ¥,
we have that «(sy, ..., s,,) is a probability distribution with the required values
under each functional. In a certain sense, ¢ is a pseudo-inverse to the vector-
valued map ¢ : v (1(v), ..., ¥, (v)). Note that a true inverse to ¢ does not
exist, as i generally does not capture all aspects of the distribution v.

Once an imputation strategy has been selected, it is possible to write down an
approximate dynamic programming algorithm for the functional values under
consideration. An abstract framework is given in Algorithm 8.1. In effect, such
an algorithm recursively computes the iterates

See1 =Y(T7U(s1) (8.8)

from an initial sg € Ij . Procedures that implement the iterative process described
by Equation 8.8 are referred to as statistical functional dynamic programming
(SFDP) algorithms. When the sketch  is Bellman closed and its imputation
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strategy ¢ is exact, the sequence of iterates (s )0 converges to y(17"), so long
as ¥ is continuous (with respect to a Wasserstein metric).

Algorithm 8.1: Statistical functional dynamic programming

Algorithm parameters: statistical functionals ¥, ..., ¥,
imputation strategy ¢,
initial functional values ((s;(x))!, : x € X),
desired number of iterations K

fork=1,...,K do
> Impute distributions
n < ((s1(x), ..., su(x)) : x€X)
> Apply distributional Bellman operator
<T"n
foreach state x€ X do
fori=1,...,mdo
> Update statistical functional
values
si(x) < ¥i(7(x))

end for

end foreach
end for
return ((s;(x)", : x€ X)

: : 0 ; _ 2i-1 P
Example 8.14. For the quantile functionals (y7)7, with 7;= é—m for i=
1,...,m, an exact imputation strategy is
1 m
e ) — ) Oy 8.9
(@1 ) — Z} a (8.9)
. m
This follows because the %—quantile of i E 04, 1s precisely g;.
Note that when 7y,...,7, € (0, 1) are arbitrary levels with quantile values
(q1,---,qm), however, it is generally not true that Equation 8.9 is an exact
imputation strategy for the corresponding quantile functionals. A

Example 8.15. Categorical dynamic programming can be interpreted as an
SFDP algorithm. Indeed, the parameters py, ..., p,, found by the categorical

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



246 Chapter 8

projection correspond to the values of the following statistical functionals:

.;/,.C(v):ZE (s Z-6)], i=1,....m (8.10)
where (h;)!" | are the triangular and half-triangular kernels defining the cate-
gorical projection on (6;)!" | (Section 5.6). An exact imputation strategy in this
case is the function that returns the unique distribution supported on (6;)7", that
matches the estimated functional values p; = z,bic(v), i=1,...,m:

m

Proee s P) > D P - A
i=1

Mathematically, an exact imputation strategy always exists, because we
defined imputation strategies in terms of valid functional values. However, there
is no guarantee that an efficient algorithm exists to compute the application of
this strategy to arbitrary functional values. In practice, we may favor approx-
imate strategies with efficient implementations. For example, we may map
functional values to probability distributions from a representation .# by opti-
mizing some notion of distance between functional values. The optimization
process may not yield an exact match in .% (one may not even exist) but can
often be performed efficiently.

Example 8.16. Let y¢, ...,y be the categorical functionals from Equation

8.10. Suppose we are given the corresponding functional values py,..., p, of a
probability distribution v:

pi=yi(v), i=1l,....m.

An approximate imputation strategy for these functionals is to find the n-quantile
distribution (n possibly different from m)

1 n
V92—26g,.
ni:l

that best fits p; according to the loss

m

L£O)= " |pi-vi o). @.11)
i=1

Exercise 8.7 asks you to demonstrate that this strategy is approximate for m > 2.
Although in this context, we know of an exact imputation strategy based on
categorical distributions, this illustrates that it is possible to impute distributions
from a different representation. A
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8.5 Relationship to Distributional Dynamic Programming

In Chapter 5, we introduced distributional dynamic programming (DDP) as a
class of methods that operates over return-distribution functions. In fact, every
statistical functional dynamic programming is also a DDP algorithm (but not
the other way around; see Exercise 8.8). This relationship is established by
considering the implied representation

F={us):sel,} S PR)

and the projection I1# =t oy (see Figure 8.3).

Figure 8.3

The interpretation of SFDP algorithms as distributional dynamic programming algo-
rithms. Traversing along the diagram from 7 to 1" corresponds to dynamic programming
implementing a projected Bellman operator, while the path from s to s” corresponds to
statistical functional dynamic programming (SFDP).

From this correspondence, we may establish the relationship between Bell-
man closedness and the notion of a diffusion-free projection developed in
Chapter 5.

Proposition 8.17. Let i be a Bellman-closed sketch. Then for any choice
of exact imputation strategy ¢ : I, — &, (IR), the projection operator 1z =
wy is diffusion-free. A

Proof. We may directly check the diffusion-free property (omitting parentheses
for conciseness):

T M5 =T w S T © T30 L T =577,

where steps marked (a) follow from the identity Y7 ™ = Tll’f Y, and (b) follows
from the identity Y = ¢ for any exact imputation strategy ¢ for . O

Imputation strategies formalize how one might interpret functional values
as parameters of a probability distribution. Naturally, the chosen imputation
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strategy affects the approximation artifacts from distributional dynamic pro-
gramming, the rate of convergence, and whether the algorithm converges at
all.

Compared with representation-based algorithms of the style introduced in
Chapter 5, working with statistical functionals allows us to design the projection
I1# in two separate pieces: a sketch ¢ and an imputation strategy ¢. In particular,
this makes it possible to learn statistical functionals that would be difficult to
directly capture in a probability distribution representation. As the next section
demonstrates, this allows us to create new kinds of distributional reinforcement
learning algorithms.

8.6 Expectile Dynamic Programming

Expectiles form a family of statistical functionals parameterized by a level
7€(0, 1). They extend the notion of the mean of a distribution (7 =0.5) similar
to how quantiles extend the notion of a median. Expectiles have classically
found application in econometrics and finance as a form of risk measure (see the
bibliographical remarks for further details). Based on the principles of statistical
functional dynamic programming, expectile dynamic programming® uses an
approximate imputation strategy in order to iteratively estimate the expectiles
of the return function.

Definition 8.18. For a given 7€ (0, 1), the T-expectile of a distribution v e

WQ(R) is
Yi(v)=argmin ER.(z;v), (8.12)
z€eR
where
ER:(z:v)= E [ILiz<; — 71X (Z-2)"] (8.13)
is the expectile loss. A

The loss appearing in Definition 8.18 is strongly convex (Boyd and Vanden-
berghe 2004) and bounded below by 0. As a consequence, Equation 8.12 has a
unique minimizer for a given T; this verifies that the corresponding expectile is
uniquely defined.

To understand the relationship to the mean functional and develop some
intuition for the statistical property than an expectile encodes, observe that the
mean of a distribution v € &2,(R) can be expressed as

p1(v)=argmin E [(Z - 2.
R Z~v

64. The incremental analogue is called expectile temporal-difference learning (Rowland et al. 2019).
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Similar to how a quantile is derived from a loss that weights errors asymmetri-
cally (depending on whether the realization from Z is smaller or greater than
), the expectile loss for 7 € (0, 1) is the asymmetric version of the above. For 7
greater than 1/2, one can think of the expectile as an “optimistic”” summary of
the distribution — a value that emphasizes outcomes that are greater than the
mean. Conversely, for 7 smaller than !/2, the corresponding expectile is in a
sense “pessimistic.”

Expectile dynamic programming (EDP) estimates the values of a finite set
of expectile functionals with values 0 <7 <--- <7, <1. For a distribution
ve P, (R), let us write

ei=yr(v).

Given the collection of expectile values ey, ..., e,,, EDP uses an imputation
strategy that outputs an n-quantile probability distribution that approximately
has these expectile values.®

The imputation strategy finds a suitable reconstruction by finding a solution to
a root-finding problem. To begin, this strategy outputs a n-quantile distribution
v, with n possibly different from m:

1 n
17 Sl Z 60] .
n 4
Jj=1
Following Definition 8.13, for this imputation to be exact, the expectiles of ¥ at
T1,..., T should be equal to ey, . .., ey
Vi@ =e, i=1,....m.

This constraint implies that the derivatives of the expectile loss, instantiated
with 71, ..., 7, and evaluated with ¥, should all be O:

0, ERT,.(z;f/) =0, i=1,...,m. (8.14)
z=e;
Written out in full for the choice of ¥ above, these derivatives take the form
N ISR )
6; ERT[(Z; V) - = ; jZ:]: E(Ei —Qj)|]].{g/.<g[; —Til, i=1,...,m.

An alternative to the root-finding problem expressed in Equation 8.14 is the
following optimization problem:
m

minimise " (az ER,(z:9)

i=1

2
) . (8.15)

65. Of course, this particular form for the imputation strategy is a design choice; the reader is
invited to consider what other imputation strategies might be sensible here.
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A practical implementation of this imputation strategy therefore applies an opti-
mization algorithm to the objective in Equation 8.15, or a root-finding method
to Equation 8.14, viewed as functions of 6, ..., 6,. Because the optimization
algorithm may return a solution that does not exactly satisfy Equation 8.14,
this method is an approximate (rather than exact) imputation strategy. It can
be used in the impute distributions step of Algorithm 8.1, yielding a dynamic
programming algorithm that aims to approximately learn return-distribution
expectiles. If the root-finding algorithm is always able to find ¥ exactly sat-
isfying Equation 8.14, then the imputation strategy is exact in this instance;
otherwise, it is approximate. A specific implementation is explored in detail in
Exercise 8.10.

8.7 Infinite Collections of Statistical Functionals

Thus far, our treatment of statistical functionals has focused on finite collec-
tions of statistical functionals — what we call a sketch. From a computational
standpoint, this is sensible since, to implement an SFDP algorithm, one needs
to be able to operate on individual functional values. On the other hand, in
Section 8.3, we saw that many sketches are not Bellman closed and must be
combined with an imputation strategy in order to perform dynamic program-
ming. An alternative, which we will study in greater detail in Chapter 10, is to
implicitly parameterize an infinite family of statistical functionals.

Many (though not all) infinite families of functionals provide a lossless
encoding of probability distributions and are consequently Bellman closed
— that is, knowing the values taken on by these functionals is equivalent to
knowing the distribution itself. We encode this property with the following
definition.

Definition 8.19. Let ¥ be a set of statistical functionals. We say that ¥ char-
acterizes probability distributions over the real numbers if, for each v € Z(R),
there is a unique collection of functional values (y(v) : y € V). A

The following families of statistical functionals all characterize probability
distributions over R.

The cumulative distribution function. The functionals mapping distribu-
tions v to the probabilities P, (Z < z), indexed by z € R. Closely related are
upper-tail probabilities,

v Pz (Z22),
and the quantile functionals
v F L),

indexed by 7€ (0, 1).
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The characteristic function. Functionals of the form
v E[“4]eC,
Z~v

indexed by u € R (and where i> = —1). The corresponding collection of statistical
values is the characteristic function of v, denoted y, .

Moments and cumulants. The infinite collection of moment functionals
(ip),,- does not unconditionally characterize the distribution v: there are distinct
distributions that have the same sequence of moments. However, if the sequence
of moments does not grow too quickly, uniqueness is restored. In particular, a
sufficient condition for uniqueness is that the underlying distribution v has a
moment-generating function

uz
ur B e™],

which is finite in an open neighborhood of u = 0; see Remark 8.3 for further
details. Under this condition, the moment-generating function itself also charac-
terizes the distribution, as does the cumulant-generating function, defined as
the logarithm of the moment-generating function,

o5 161).

The cumulants (kp)., are defined through a power series expansion of the
cumulant-generating function

o Kpit!
log (01} = >} 2
p=l 7

Under the condition that the moment-generating function is finite in an open
neighborhood of the origin, the sequences of cumulants and moments are
determined by one another, and so the sequence of cumulants is another
characterization of the distribution under this condition.

Example 8.20. Consider the return-variable Bellman equation
G"(x,a) 2R +yG™(X',A"), X=x,A=a.

If for each u € R we apply the functional v — ZIE [¢"?] to the distribution of the

random variables on each side, we obtain the characteristic function Bellman
equation:

Xi]"(x,a)(u) = En [eiu(R+yG”(X’,A’)) | X=x, A= a]
— E’r [eiuR | X= x,A — a] En [eiqu"(X/,A/) | X= x,A _ a]

= xPr(iva) (@) Ex Dopoo an(yw) | X =x,A=a].
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This is a different kind of distributional Bellman equation in which the addi-
tion of independent random variables corresponds to a multiplication of their
characteristic functions. The equation highlights that the characteristic function
of v evaluated at u depends on the next-state characteristic functions evaluated
at yu. This shows that for a set S CR, the sketch (v y, (1) : u € S) cannot be
Bellman closed unless S is infinite or S = {0}. Exercise 8.12 asks you to give a
theoretical analysis of a dynamic programming approach based on characteristic
functions. A

Another way to understand collections of statistical functionals that are
characterizing (in the sense of Definition 8.19) is to interpret them in light of
our definition of a probability distribution representation (Definition 5.2). Recall
that a representation .% is a collection of distributions indexed by a parameter
0:

F ={vge Z(R):0€0}.
Here, the functional values associated with the set of statistical functionals ¥
correspond to the (infinite-dimensional) parameter 6, so that

Fy=PR).

This clearly implies that %y is closed under the distributional Bellman operator
7™ (Section 5.3) and hence that approximation-free distributional dynamic
programming is (mathematically) possible with Zy.

8.8 Moment Temporal-Difference Learning*

In Section 8.2, we introduced the m-moment Bellman operator, from which an
exact dynamic programming algorithm can be derived. A natural follow-up is to
apply the tools of Chapter 6 to derive an incremental algorithm for learning the
moments of the return-distribution function from samples. Here, an algorithm
that incrementally updates an estimate M € R of the m first moments of
the return function can be directly obtained through the unbiased estimation
approach, as the corresponding operator can be written as an expectation. Given
a sample transition (x, a, r, x’, a’), the unbiased estimation approach yields the
update rule (fori=1,...,m)

M(x,a,i)—(1-a)M(x,a,i)+a

Zy"—f(’,)rfM(x’,a’,i— j)] . (8.16)
= M
where again we take M(-,-,0) = 1 by convention.

Unlike the TD and CTD algorithms analyzed in Chapter 6, this algorithm is
derived from an operator, T(’fn X which is not a contraction in a supremum-norm
over states. As a result, the theory developed in Chapter 6 cannot immediately
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be applied to demonstrate convergence of this algorithm under appropriate
conditions. With some care, however, a proof is possible; we now give an
overview of what is needed.

The proof of Proposition 8.7 demonstrates that the behavior of 77 is closely
related to that of a contraction mapping. Specifically, the behavior of T in
updating the estimates of ith moments of returns is contractive if the lower
moment estimates are sufficiently close to their correct values. To turn these
observations into a proof of convergence, an inductive argument on the moments
being learnt must be made, as in the proof of Proposition 8.7. Further, the
approach of Chapter 6 needs to be extended to deal with a vanishing bias term
in the update to account for this “near-contractivity” of 77 : to this end one
may, for example, begin from the analysis of Bertsekas and Tsitsiklis (1996,
Proposition 4.5).

Before moving on, let us remark that in practice, we are likely to be interested
in centered moments such as the variance (m = 2); these take the form

E|( D yR -0 (v, @) | Xo=xA0=a],
t=0

These can be derived from their uncentered counterparts; for example, the vari-
ance of the return distribution 77" (x, a) is obtained from the first two uncentered
moments via Equation 8.2.

It is also possible to perform dynamic programming on centered moments
directly, as was shown in the context of the mean and variance in Section 5.4
(Exercise 8.14 asks you to derive the Bellman operators for the more general
case of the first m centered moments). Given in terms of state-action pairs, the
Bellman equation for the return variances M™(-,,2) € RX*A ig

M"(x,a,2)=Var,(R| X=x,A=a) + (8.17)
Y (Var( @ (X', A) [ X = x. A=) + B[ M"(X', A", 2) | X =x,A=al):

contrast with Equation 5.20.

One challenge with deriving an incremental algorithm for learning the vari-
ance directly is that unbiasedly estimating some of the variance terms on the
right-hand side requires multiple samples. For example, an unbiased estimator
of

Var,(Q" (X", A | X=x,A=qa)
in general requires two independent realizations of X’, A’ for a given source
state-action pair x, a. Consequently, unbiased estimation of the corresponding
operator application with a single transition is not feasible in this case. Despite
the fact that the first m centered and uncentered moments of a probability
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distribution can be recovered from one another, there is a distinct advantage
associated with working with uncentered moments when learning from samples.

8.9 Technical Remarks

Remark 8.1. Theorem 8.12 illustrates how dynamic programming over func-
tional values must incur some approximation error, unless the underlying sketch
is Bellman closed. One way to avoid this error is to augment the state space
with additional information: for example, the return accumulated so far. We in
fact took this approach when optimizing the conditional value-at-risk (CVaR)
of the return in Chapter 7; in fact, risk measures are statistical functionals that
may also take on the value —co (see Definition 7.14). A

Remark 8.2 (Proof of Theorem 8.12). It is sufficient to consider a pair of
states, x and y, such that x deterministically transitions to y with reward r.
Because ¢ is Bellman closed, we can identify an associated Bellman operator
T;. For a given return function 17 whose state-indexed collection of functional
values is s =¥(7n), let us write (T‘;/r 5);(x) for the ith functional value at state x,
fori=1,...,m. By construction and definition of the operator 77, (Tl;,r s)i(x)is a
function of the functional values at y as well as the reward » and discount factor
v, and so we may write

(Ty5)i(x) = gi(r,y, Y1) -, Ym(M()))

for some function g;. We next argue that g; is affine®® in the inputs
vi1(mB)), ..., Ym(n()). This is readily observed as each functional ¢y, ..., ¥, is
affine in its input distribution,

Yilav+ (1 —a)') = E [f(D)]

Z~av+(1—-a)v
=a ELf(@1+(1-a) E[f(2)]
=)+ (1 =) (v),

and
(T 9)i(x) = LB it +y2)]

is also affine as a function of 7. This affineness would be contradicted if g; were
not also affine. Hence, there exist functions 8; : R x[0,1) >R fori=1,...,m

66. Recall that a function /: M — M’ between vector spaces M and M’ is affine if for u;, up € M,
A€(0, 1), we have h(Au; + (1 — Dun) = Ah(uy) + (1 = Dh(uy).
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such that

m

§i(r, Y. 1), -, b @) = Bo(r, y) + Zﬁi(n VW),
i=1
and therefore
JE Wirevzn= E | 120] D).

where fy(z) = 1. Taking 7n(y) to be a Dirac delta ¢, then gives the following
identity:

filr+y2) =) B fiQ@).
j=0

We therefore have that the finite-dimensional function space spanned by
fos fi, -5 fn (Where fy is the constant function equal to 1) is closed under
translation (by r€R) and scaling (by y €[0, 1)). Engert (1970) shows that
the only finite-dimensional subspaces of measurable functions closed under
translation are contained in the span of finitely many functions of the form
7> 7t exp(Az), with £€ N and 1€ C. Since we further require closure under
scaling by y € [0, 1), we deduce that we must have A =0 in any such function,
and the subspace must be equal to the space spanned by the first » monomials
(and the constant function).

To conclude, since each monomial z— 7 fori=1,...,nis expressible as a
linear combination of fp, ..., f,, the corresponding expectations E,_,[Z] are
expressible as linear combinations of the expectations Ez.,[f;(Z)], for any
distribution v. The converse also holds, and so we conclude that the sketch
encodes the same distributional information as the first # moments. A

Remark 8.3. The question of whether a distribution is characterized by its
sequence of moments has been a subject of study in probability theory for
over a century. The sufficient condition on the moment-generating function
described in Section 8.8 means that the characteristic function of such a dis-
tribution can be written as a power series with scaled moments as coefficients,
ensuring uniqueness of the distribution; see, for example, Billingsley (2012)
for a detailed discussion. Lin (2017) gives a survey of known sufficient condi-
tions for characterization, as well as examples where characterization does not
hold. A

8.10 Bibliographical Remarks

8.1. Statistical functionals are a core notion in statistics; see, for example,
the classic text by van der Vaart (2000). In reinforcement learning, specific
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functionals such as moments, quantiles, and CVaR have been of interest for
risk-sensitive control (more on this in the bibliographical remarks of Chapter 7).
Chandak et al. (2021) consider the problem of off-policy Monte Carlo policy
evaluation of arbitrary statistical functionals of the return distribution.

8.2, 8.8. Sobel (1982) gives a Bellman equation for return-distribution moments
for state-indexed value functions with deterministic policies. More recent work
in this direction includes that of Lattimore and Hutter (2012), Azar et al. (2013),
and Azar et al. (2017), who make use of variance estimates in combination with
Bernstein’s inequality to improve the efficiency of exploration algorithms, as
well as the work of White and White (2016), who use estimated return variance
to set trace coefficients in multistep TD learning methods. Sato et al. (2001),
Tamar et al. (2012), Tamar et al. (2013), and Prashanth and Ghavamzadeh
(2013) further develop methods for learning the variance of the return. Tamar
et al. (2016) show that the operator T(ﬂz) is a contraction under a weighted
norm (see Exercise 8.4), develop an incremental algorithm with a proof of
convergence using the ODE method, and study both dynamic programming
and incremental algorithms under linear function approximation (the topic of
Chapter 9).

8.3-8.5. The notion of Bellman closedness is due to Rowland et al. (2019),
although our presentation here is a revised take on the idea. The noted connec-
tion between Bellman closedness and diffusion-free representations and the
term “statistical functional dynamic programming” are new to this book.

8.6. The expectile dynamic programming algorithm is new to this book but
is directly derived from expectile temporal-difference learning (Rowland et
al. 2019). Expectiles themselves were introduced by Newey and Powell (1987)
in the context of testing in econometric regression models, with the asymmetric
squared loss defining expectiles already appearing in Aigner et al. (1976).
Expectiles have since found further application as risk measures, particularly
within finance (Taylor 2008; Kuan et al. 2009; Bellini et al. 2014; Ziegel
2016; Bellini and Di Bernardino 2017). Our presentation here focuses on the
asymmetric squared loss, requiring a finite second-moment assumption, but an
equivalent definition allows expectiles to be defined for all distributions with a
finite first moment (Newey and Powell 1987).

8.7. The study of characteristic functions in distributional reinforcement learn-
ing is due to Farahmand (2019), who additionally provides error propagation
analysis for the characteristic value iteration algorithm, in which value iteration
is carried out with characteristic function representations of return distributions.
Earlier, Mandl (1971) studied the characteristic function of the return in Markov
decision processes with deterministic immediate rewards and policies. Chow
et al. (2015) combine a state augmentation method (see Chapter 7) with an
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infinite-dimensional Bellman equation for CVaR values to learn a CVaR-optimal
policy. They develop an implementable version of the algorithm by tracking
finitely many CVaR values and using linear interpolation for the remainder, an
approach related to the imputation strategies described earlier in the chapter.
Characterization via the quantile function has driven the success of several large-
scale distributional reinforcement learning algorithms (Dabney et al. 2018a;
Yang et al. 2019), and is the subject of further study in Chapter 10.

8.11 Exercises

Exercise 8.1. Consider the m-moment Bellman operator 7’ (m) (Definition 8.6).
For M € RX*#m_ define the norm
[[M||copax = max sup M(x,a,i).
i€y} yex
acA
By means of a counterexample, show that T(’;n ) is not a contraction mapping in
the metric induced by || - [|co max- A

Exercise 8.2. Let £ > 0. Determine a bound on the computational cost (in O(-)
notation) of performing iterative policy evaluation with the m-moment Bellman
operator to obtain an approximation M” such that
max sup |M”(x,a,i)— M"(x,a,i)| <e.
i€f{l,....m} xeX

acA
You may find it convenient to refer to the proof of Proposition 8.7. A

Exercise 8.3. Equation 5.2 gives the value function V" as the solution of the
linear system of equations

V=r"+vyP"V.
Provide the analogous linear system for the moment function M”. A

Exercise 8.4. The purpose of this exercise is to show that 77, is a contraction

(2)
mapping on R in a weighted L* norm, as shown by Tamar et al. (2016).

Let M € RY™*2 be a moment function estimate (specifically, for the first two
moments). For each a € (0, 1), define the a-weighted norm on R¥**<2 by

IM]le = allM)lleo + (1 = )M )|l »
where M(;) = M(-, -, i) € R"7. For any M, M’ € R¥"2_ show that
T35, (M=M)lo < allyP (M) — M{;)lle
+(1 =) 2yC.P (M) = M{})) +¥* P (M) = M{y)llcs »
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where P is the state-action transition operator, defined by

POwa= Y, Pkaorad)Ow,d),
(x',a)EXXA

and C, is the diagonal reward operator
(CO)(x,a)=E[R|X =x,A=a]Q(x,a).

Writing A4 > 0 for the Lipschitz constant of C,P™ with respect to the L™ metric,
deduce that

T2, (M ~ M),
<(ay +2(1 = @)y )My — M{ylleo + (1 = @)y*[|M2) = My llco -
Hence, deduce that there exist parameters a € (0, 1), 8 € [0, 1) such that
T3y (M = M)lo <BIM — Mo,
as required. A
Exercise 8.5. Consider the median functional
vis F10.5).

Show that there does not exist a function f: R — R such that, for any v € R,

Ef@)1=F,'05). A
Exercise 8.6. Consider the subset of probability distributions endowed with a

probability density f,. Repeat the preceding exercise for the differential entropy
functional

yio - f £ log (£,())dz. A
z€R

Exercise 8.7. For the imputation strategy of Example 8.16:

(i) show that for m = 2, the imputation strategy is exact, for any n € N*.
(i) show that for m>2, this imputation strategy is inexact. Hint. Find a
distribution v for which ¥ («(p1, ..., pm)) # pi, for some i=1,...,m. A

Exercise 8.8. In Section 8.4, we argued that every statistical functional dynamic
programming algorithm is a distributional dynamic programming algorithm.
Explain why the converse is false. Under what circumstances may we favor
either an algorithm that operates on statistical functionals or one that operates
on probability distribution representations? A

Exercise 8.9. Consider an imputation strategy ¢ for a sketch . We say the (i, ¢)
pair is mean-preserving if, for any probability distribution v € Z(R),

Vv =wh(v)
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satisfies
IE/[Z] :ZIEJ [Z].

Show that in this case, the operator
YoT ot
is also mean-preserving. A

Exercise 8.10. Using your favorite numerical computation software, implement
the expectile imputation strategy described in Section 8.6. Specifically:

(i) Implement a procedure for approximately determining the expectile values
el,...,ey of a given distribution. Hint. An incremental approach in the style
of quantile regression, or a binary search approach, will allow you to deal
with continuous distributions.

(ii) Given a set of expectile values, ey,...,e,, implement a procedure that
imputes an n-quantile distribution

1 n
- > 0
n ; b
by minimizing the objective given in Equation 8.15.

Test your implementation on discrete and continuous distributions, and compare
it with the best m-quantile approximation of those distributions. Is one method
better suited to discrete distributions than the other? More generally, when
might one method be preferred over the other? A

Exercise 8.11. Formulate a variant of expectile dynamic programming that
imputes n-quantile distributions and whose (possibly approximate) imputation
strategy is mean-preserving in the sense of Exercise 8.9. A

Exercise 8.12 (*). This exercise applies the line of reasoning from Chapter 4
to characteristic functions and is based on Farahmand (2019). For a probability
distribution v, recall that its characteristic function y, is

Xv(u) — ZI@V [eiuZ] .

Now, for p €[1, c0), define the probability metric
dyy (V)= f ey () —x () Xw(u)l du

P

and its supremum extension to return functions

dipn)= sup di,(n(x,a),7 (x,a)).
(x,a)eXXA

(i) Determine a subset &, ,(R) C Z(R) on which d, ,, is a proper metric.
(ii) Provide assumption(s) under which the return function #" lies in &2, ,(R).
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(iii) Prove that for p > 2, the distributional Bellman operator is a contraction
mapping in d; », with modulus y”~!. A

Exercise 8.13 (*). Consider the probability metric

>
oo (v, v'):(fR—(X"(u) ;j(v/(u)) du)/ .

Show that d, is the Cramér distance {,. Hint. Use the Parseval-Plancherel
identity. A

Exercise 8.14. Let meN*. Derive a Bellman operator on R whose
unique fixed point M is the collection of centered moments:

M™(x,a,) =E|(G"(x.a)- Q"(x.@))|. i=1.....m. A

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



9 Linear Function Approximation

A probability distribution representation is used to describe return functions
in terms of a collection of numbers that can be stored in a computer’s mem-
ory. With it, we can devise algorithms that operate on return distributions in a
computationally efficient manner, including distributional dynamic program-
ming algorithms and incremental algorithms such as CTD and QTD. Function
approximation arises when our representation of the value or return function
uses parameters that are shared across states. This allows reinforcement learning
methods to be applied to domains where it is impractical or even impossible to
keep in memory a table with a separate entry for each state, as we have done
in preceding chapters. In addition, it makes it possible to make predictions
about states that have not been encountered — in effect, to generalize a learned
estimate to new states.

As a concrete example, consider the problem of determining an approxima-
tion to the optimal value function for the game of Go. In Go, players take turns
placing white and black stones on a 19 x 19 grid. At any time, each location of
the board is either occupied by a white or black stone, or unoccupied; conse-
quently, there are astronomically many possible board states.®” Any practical
algorithm for this problem must therefore use a succinct representation of its
value or return function.

Function approximation is also used to apply reinforcement learning algo-
rithms to problems with continuous state variables. The classic Mountain Car
domain, in which the agent must drive an underpowered car up a steep hill, is
one such problem. Here, the state consists of the car’s position and velocity
(both bounded on some interval); learning to control the car requires being able

67. A naive estimate is 3'%%!°, The real figure is somewhat lower due to symmetries and the
impossibility of certain states.

261
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Figure 9.1
A Markov decision process in which aliasing due to function approximation may result
in the wrong value function estimates even at the unaliased states x; and x,.

to map two-dimensional points to a desired action, usually by predicting the
return obtained following this action.®

While there are similarities between the use of probability distribution rep-
resentations (parameterizing the output of a return function) and function
approximation (parameterizing its input), the latter requires a different algorith-
mic treatment. When function approximation is required, it is usually because
it is infeasible to exhaustively enumerate the state space and apply dynamic
programming methods. One solution is to rely on samples (of the state space,
transitions, trajectories, etc.), but this results in additional complexities in the
algorithm’s design. Combining incremental algorithms with function approxi-
mation may result in instability or even divergence; in the distributional setting,
the analysis of these algorithms is complicated by two levels of approximation
(one for probability distributions and one across states). With proper care, how-
ever, function approximation provides an effective way of dealing with large
reinforcement learning problems.

9.1 Function Approximation and Aliasing

By necessity, when parameters are shared across states, a single parameter usu-
ally affects the predictions (value or distribution) at multiple states. In this case,
we say that the states are aliased. State aliasing has surprising consequences in
the context of reinforcement learning, including the unwanted propagation of
errors and potential instability in the learning process.

Example 9.1. Consider the Markov decision process in Figure 9.1, with four
nonterminal states xj, xp,y, and z, a single action, a deterministic reward
function, an initial state distribution &p, and no discounting. Consider an

68. Domains such as Mountain Car — which have a single initial state and a deterministic transition
function — can be solved without function approximation: for example, by means of a search
algorithm. However, function approximation allows us to learn a control policy that can in theory
be applied to any given state and has a low run-time cost.
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approximation based on three parameters wy,, wy,, and w,., such that
Vix)=wy, V)=wy, V) =V(@=wy.

Because the rewards from y and z are different, no choice of wy, can yield
V =V". As such, any particular choice of wy trades off approximation error at
y and z. When a reinforcement learning algorithm is combined with function
approximation, this trade-off is made (implicitly or explicitly) based on the
algorithm’s characteristics and the parameters of the learning process. For
example, the best approximation obtained by the incremental Monte Carlo
algorithm (Section 3.2) correctly learns the value of x; and x,:

V=2, V(xn)=0,

but learns a parameter wy, that depends on the frequency at which states y and
z are visited. This is because w); is updated toward 2 whenever the estimate
V(y) is updated and toward O whenever V(2) is updated. In our example, the
frequency at which this occurs is directly implied by the initial state distribution
&, and we have

Wy, =2 X Pr(X1 =y) + 0 x Pr(X| =2)
=280(x1) 9.1

When the approximation is learned using a bootstrapping procedure, aliasing
can also result in incorrect estimates at states that are not themselves aliased.
The solution found by temporal-difference learning, w,., is as per Equation 9.1,
but the algorithm also learns the incorrect value at x; and x;:

Vix)=V(x)=0+yx V(2)

=2&0(x1) -
Thus, errors due to function approximation can compound in unexpected ways;
we will study this phenomenon in greater detail in Section 9.3. A

In a linear value function approximation, the value estimate at a state x is
given by a weighted combination of features of x. This is in opposition to a
tabular representation, where value estimates are stored in a table with one
entry per state.®” As we will see, linear approximation is simple to implement
and relatively easy to analyze.

Definition 9.2. Let neN*. A state representation is a mapping ¢ : X — R".
A linear value function approximation V,, € RX is parameterized by a weight

69. Technically, a tabular representation can also be expressed using the trivial collection of indicator
features. In practice, the two are used in distinct problem settings.
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vector w € R” and maps states to their expected return estimates according to
V() = p(x)"w.

A feature ¢;(x)eR, i=1,...,nis an individual element of ¢(x). We call the
vectors ¢; € RY basis functions. A

As its name implies, a linear value function approximation is linear in the
weight vector w. That is, for any wi, w,; e R”, @, € R, we have

Vawwﬂwz = a'le +ﬁ VWz .
In addition, the gradient of V,,(x) with respect to w is given by
Vi Viu(x) = ¢(x) .

As we will see, these properties affect the learning dynamics of algorithms that
use linear value function approximation.

We extend linear value function approximation to state-action values in the
usual way. For a state representation ¢ : X X A — R”", we define

Ow(x,a)=d(x,a)"w.

A practical alternative is to use a distinct set of weights for each action and a
common representation ¢(x) across actions. In this case, we use a collection of
weight vectors (w, : a € A), with w, € R", and write

Ow(x, a)= ¢(X)TW¢1 .

Remark 9.1 discusses the relationship between these two methods.

9.2 Optimal Linear Value Function Approximations

In this chapter, we will assume that there is a finite (but very large) number
of states. In this case, the state representation ¢ : X — R”" can expressed as a
feature matrix ® € RY" whose rows are the vectors ¢(x), x € X. This yields the
approximation
Vy=0w.

The state representation determines a space of value function approximations
that are constructed from linear combinations of features. Expressed in terms of
the feature matrix, this space is

Fo={Ddw:weR"}.
We first consider the problem of finding the best linear approximation to a value
function V”*. Because ¥, is a n-dimensional linear subspace of the space of

value functions R¥, there are necessarily some value functions that cannot be
represented with a given state representation (unless n = Ny). We measure the
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discrepancy between a value function V" and an approximation V,, = ®w in
£-weighted L? norm, for & € Z(X):

Ve =Vllez = (D eV - Vi)
xeX
The weighting ¢ reflects the relative importance given to different states. For
example, we may weigh states according to the frequency at which they are
visited, or we may put greater importance on initial states. Provided that £(x) >0
for all x € X, the norm || - ||¢» induces the ¢-weighted L? metric on R¥:7°

dep(V, V) =|IV =V'||z.

The best linear approximation under this metric is the solution to the
minimization problem
min [[V* = V,lles . 9.2)
weR"

One advantage of measuring approximation error in a weighted L?> norm, rather
than the L™ norm used in the analyses of previous chapters, is that a solution
w* to Equation 9.2 can be easily determined by solving a least-squares system.

Proposition 9.3. Suppose that the columns of the feature matrix @ are
linearly independent and &(x) > O for all x € X. Then, Equation 9.2 has a
unique solution w* given by

W' =(@TED) ' OTEVT, 9.3)

where Z € R¥X is a diagonal matrix with entries (£(x) : x € X). A

Proof. By a standard calculus argument, any optimum w must satisfy

Vi )L ERV) - () ) =0

xeX

— D ED(V(0) =60 W)p(0) =0.

xeX
Written in matrix form, this is

OTE(@W-V")=0
= O EOow=0"EV".
70. Technically, ||-|l¢2 is only a proper norm if £ is strictly positive for all x; otherwise, it is

a semi-norm. Under the same condition, d is proper metric; otherwise, it is a pseudo-metric.
Assuming that £(x) > 0 for all x addresses uniqueness issues and simplifies the analysis.
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Because @ has rank n, then so does ®TZ®: for any u € R” with u # 0, we have
Ou=v+#0and so

u @ TEQu=v"Ey

= > Ev’ >0,
xeX
as £(x)>0 and v(x)*>>0 for all xe X, and ),y v(x)> >0. Hence, ®TED is
invertible and the only solution w* to the above satisfies Equation 9.3. O

9.3 A Projected Bellman Operator for Linear Value Function
Approximation

Dynamic programming finds an approximation to the value function V” by
successively computing the iterates

Vier =T"Vy.

As we saw in preceding chapters, dynamic programming makes it easy to derive
incremental algorithms for learning the value from samples and also allows us to
find an approximation to the optimal value function Q*. Often, it is the de facto
approach for finding an approximation of the return-distribution function. It is
also particularly useful when using function approximation, where it enables
algorithms that learn by extrapolating to unseen states.

When dynamic programming is combined with function approximation, we
obtain a range of methods called approximate dynamic programming. In the case
of linear value function approximation, the iterates (V)i>0 are given by linear
combinations of features, which allows us to apply dynamic programming to
problems with larger state spaces than can be described in memory. In general,
however, the space of approximations ¥, is not closed under the Bellman
operator, in the sense that

VeFs = TVeF,.

Similar to the notion of a distributional projection introduced in Chapter 5, we
address the issue by projecting, for V € R¥, the value function 77V back onto
F4. Let us define the projection operator I1; ¢ : RY — R¥ as

(Mg V(%) = é(x)"w* suchthat w*€argmin]||V - Villeo -
weR?
This operator returns the approximation V,,- = ®w* that is closest to V € RX
in the £-weighted L? norm. As established by Proposition 9.3, when & is fully
supported on X and the basis functions (¢;);_, are linearly independent, then this
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projection is unique.”! By repeatedly applying the projected Bellman operator
14T from an initial condition V € 4, we obtain the iterates

Visr =Ty TV . 9.4)

Unlike the approach taken in Chapter 5, however, it is usually impractical
to implement Equation 9.4 as is, as there are too many states to enumerate.
A simple solution is to rely on a sampling procedure that approximates the
operator itself. For example, one may sample a batch of K states and find the
best linear fit to 77V} at these states. In the next section, we will study the
related approach of using an incremental algorithm to learn the linear value
function approximation from sample transitions. Understanding the behavior
of the exact projected operator Iy 7™ informs us about the behavior of these
approximations, as it describes in some sense the ideal behavior that one expects
from both of these approaches.

Also different from the setting of Chapter 5 is the presence of aliasing across
states. As a consequence of this aliasing, we have limited freedom in the choice
of projection if we wish to guarantee the convergence of the iterates of Equation
9.4. To obtain such a guarantee, in general, we need to impose a condition on
the distribution £ that defines the projection Il .. We will demonstrate that
the projected Bellman operator is a contraction mapping with modulus y with
respect to the &-weighted L? norm, for a specific choice of £. Historically, this
approach predates the analysis of distributional dynamic programming and is in
fact a key inspiration for our analysis of distributional reinforcement learning
algorithms as approximating projected Bellman operators (see bibliographical
remarks).

To begin, let us introduce the convention that the Lipschitz constant of an
operator with respect to a norm (such as L™) follows Definition 5.20, applied to
the metric associated with the norm. In the case of L™, this metric defines the
distance between u, u’ € RY by

lle =1t loo -

Now recall that the Bellman operator 77 is a contraction mapping in L™ norm,
with modulus y. One reason this holds is because the transition matrix P”"
satisfies

IP"ulloo <lullow, ~ forallue RY;

71. If only the first of those two conditions hold, then there may be multiple optimal weight vectors.
However, they all result in the same value function, and the projection remains unique.
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we made use of this fact in the proof of Proposition 4.4. This is equivalent to
requiring that the Lipschitz constant of P” satisfy

1PNl <1.

Unfortunately, the Lipschitz constant of Iy, in the L* norm may be greater
than 1, precluding a direct analysis in that norm (see Exercise 9.5). We instead
prove that the Lipschitz constant of P in the £-weighted L? norm satisfies the
same condition when ¢ is taken to be a steady-state distribution under policy 7.

Definition 9.4. Consider a Markov decision process and let 7 be a policy
defining the probability distribution P, over the random transition (X, A, R, X").
We say that £ € P (X) is a steady-state distribution for x if for all x" € X,
E6)= ) EOPH(X =¥ | X =), A
xeX

Assumption 9.5. There is a unique steady-state distribution &, and it satisfies
&r(x)>0forall xe X. A

Qualitatively, Assumption 9.5 ensures that approximation error at any state
is reflected in the norm || - ||, »; contrast with the setting in which &; is nonzero
only at a handful of states. Uniqueness is not strictly necessary but simplifies the
exposition. There are a number of practical scenarios in which the assumption
does not hold, most importantly when there is a terminal state. We discuss how
to address such a situation in Remark 9.2.

Lemma 9.6. Let 7: X — Z(A) be a policy and let &, be a steady-state distri-
bution for this policy. The transition matrix is a nonexpansion with respect to
the &,-weighted L2 metric. That s,

1P llg, 2 =1. A
Proof. A simple algebraic argument shows that if U € R is such that U(x) = 1
for all x, then
PU=U.

This shows that [|P”||¢, » > 1. Now for an arbitrary U € RX, write

1P UIE 5 = )" &P U)X))’

xeX

= & Y P 10U
xeX xeX

L 60 Y P W)Y
xeX xeX
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= D (U)Y Y &P (| x)

x'eX xeX

® ’ ’

2 &)U
xeX

= U ,.

where (a) follows by Jensen’s inequality and (b) by Definition 9.4. Since
1P Ullg, 2
1P, 2 = sup === <1,

vert Ul 2
this concludes the proof. O

Lemma 9.7. For any & € (X) with £(x) > 0, the projection operator I, ¢ is a
nonexpansion in the £-weighted L? metric, in the sense that

Mg ellzz=1. A

The proof constitutes Exercise 9.4.

Theorem 9.8. Let 7 be a policy and suppose that Assumption 9.5 holds;
let &, be the corresponding steady-state distribution. The projected Bellman
operator Iy - T™ is a contraction with respect to the &,-weighted L? norm
with modulus 7, in the sense that for any V, V' € RX,

e, TV =Tl e, T"V' |l 2 ANV = V' [le, 2 -

As a consequence, this operator has a unique fixed point

VT =Ty, T"V", 9.5)
which satisfies
~ 1
||Vﬂ - Vﬂ”._gmz < F”Hq}gﬂ V' — Vﬂ”fnl . (9.6)
-

In addition, for an initial value function Vj € R, the sequence of iterates

Vier =Ty, TV, 9.7)

converges to this fixed point. A

Proof. The contraction result and consequent convergence of the iterates in
Equation 9.7 to a unique fixed point follow from Lemmas 9.6 and 9.7, which,
combined with Lemma 5.21, allow us to deduce that

e, T Mle, 2 <7y -
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Because Assumption 9.5 guarantees that || - ||, » induces a proper metric, we
may then apply Banach’s fixed-point theorem. For the error bound of Equation
9.6, we use Pythagoras’s theorem to write

~ 2 ~ 2 2
IVE =Vl 2 =IVT =g g, VAl 5 + Mg, V= V7L 5
N 2 2
=g, TV =Ty g, TV Il o + Mg, VE = V7
<YV = V7llg o + Mg, VI = VT 5.

since ||[; £, T™||¢, 2 <. The result follows by rearranging terms and taking the
square root of both sides. O

Theorem 9.8 implies that the iterates (V;)i>o are guaranteed to converge
when the projection is performed in &,-weighted L? norm. Of course, this does
not imply that a projection in a different norm may not result in a convergent
algorithm (see Exercise 9.8), but divergence is a practical concern (we return to
this point in the next section). A sound alternative to imposing a condition on
the distribution £ is to instead impose a condition on the feature matrix ®@; this
is explored in Exercise 9.10.

When the feature matrix @ forms a basis of RX (i.e., it has rank Ny), it is
always possible to find a weight vector w* for which

oW =T"V,
for any given V € RY. As a consequence, for any £ € 22(X) we have
My T"=T",

and Theorem 9.8 reduces to the analysis of the (unprojected) Bellman operator
given in Section 4.2. On the other hand, when n < Ny, the fixed point of Equation
9.5 is in general different from the minimum-error solution Ils¢ V* and is
called the temporal-difference learning fixed point. Similar to the diffusion
effect studied in Section 5.8, successive applications of the projected Bellman
operator result in compounding approximation errors. The nature of this fixed
point is by now well studied in the literature (see bibliographical remarks).

9.4 Semi-Gradient Temporal-Difference Learning

We now consider the design of a sample-based, incremental algorithm for
learning the linear approximation of a value function V”. In the context of
domains with large state spaces, algorithms that learn from samples have an
advantage over dynamic programming approaches: whereas the latter require
some form of enumeration and hence have a computational cost that depends
on the size of X, the computational cost of the former instead depends on the
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size of the function approximation (in the linear case, on the number of features
n).

To begin, let us consider learning a linear value function approximation using
an incremental Monte Carlo algorithm. We are presented with a sequence of
state-return pairs (xg, gx)r>0, With the assumption that the source states x; are
realizations of independent draws from the distribution & and that each g is a
corresponding independent realization of the random return G™(x;). As before,
we are interested in the optimal weight vector w* for the problem

min [V = Vyllea,  Vi(x) = g(x)"w. 9.8)
weR?
Of note, the optimal approximation V- is also the solution to the problem
min E[IG" = Villgal - 9.9)

Consequently, a simple approach for finding w. is to perform stochastic gradient
descent with a loss function that reflects Equation 9.9. For x € X and z e R, let
us define the sample loss

L) =~ ¢ w)’
whose gradient with respect to w is
Vi Lw) = =2(z = ¢(x) " w)e(x) .

Stochastic gradient descent updates the weight vector w by following the (nega-
tive) gradient of the sample loss constructed from each sample. Instantiating
the sample loss with x = x; and z = g, this results in the update rule

we—w+ a(gr — Plx) T w)p(xe) (9.10)

where a; € [0, 1) is a time-varying step size that also subsumes the constant
from the loss. Under appropriate conditions, this update rule finds the optimal
weight vector w* (see, e.g., Bottou 1998). Exercise 9.9 asks you to verify that
the optimal weight vector w* is a fixed point of the expected update.

Let us now consider the problem of learning the value function from a
sequence of sample transitions (xy, a, ¢, x,’()kzo, again assumed to be indepen-
dent realizations from the appropriate distributions. Given a weight vector w,
the temporal-difference learning target for linear value function approximation
is

re+yV(x) =r + yd(xp) Tw.
We use this target in lieu of g; in Equation 9.10 to obtain the semi-gradient
temporal-difference learning update rule

wew+ag (re+ o) "w = (xi) " w) glxe) -11)

TD error
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in which the temporal-difference (TD) error appears, now with value function
estimates constructed from linear approximation. By substituting the Monte
Carlo target g; for the temporal-difference target, the intent is to learn an
approximation to V* by a bootstrapping process, as in the tabular setting. The
term “semi-gradient” reflects the fact that the update rule does not actually
follow the gradient of the sample loss

(r +yp(x) Tw — d(x) W),

which contains additional terms related to ¢(x") (see bibliographical remarks).

We can understand the relationship between semi-gradient temporal-
difference learning and the projected Bellman operator Il 7" by way of an
update rule defined in terms of a second set of weights W, the target weights.
This update rule is

W w+ ap(r+ Y)W = () Tw)p(xe) - 9.12)

When W = w, this is Equation 9.11. However, if W is a separate weight vector,
this is the update rule of stochastic gradient descent on the sample loss

(rk+y$() T = $(x) W)’
Consequently, this update rule finds a weight vector w* that approximately
minimizes
IT"Vig = Ville
and Equation 9.12 describes an incremental algorithm for computing a single
step of the projected Bellman operator applied to Vy; its solution w* satisfies

Ow* = H¢,§T” Vﬂ .

This argument suggests that semi-gradient temporal-difference learning tracks
the behavior of the projected Bellman operator. In particular, at the fixed point
V7 = W of this operator, semi-gradient TD learning (applied to realizations
from the sample transition model (X, A, R, X”), with X ~ &) leaves the weight

vector unchanged, in expectation.
Er [(R+yp(X)TW = ¢(X) "W)p(X)] =0.

In semi-gradient temporal-difference learning, however, the sample target
e +y$(x;)"w depends on w and is used to update w itself. This establishes
a feedback loop that, combined with function approximation, can result in
divergence — even when the projected Bellman operator is well behaved. The
following example illustrates this phenomenon.
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Figure 9.2

(a) A Markov decision process for which semi-gradient temporal-difference learning can
diverge. (b) Approximation error (measured in unweighted L? norm) over the course of
100 runs of the algorithm with @ =0.01 and the same initial condition wy = (1,0, 0) but
different draws of the sample transitions. Dashed (top) and dotted (bottom) lines indicate
runs with £(x) = 1/2 and !/11, respectively.

Example 9.9 (Baird’s counterexample (Baird 1995)). Consider the Markov
decision process depicted in Figure 9.2a and the state representation

¢(x0)=(1,3,2) ¢(y)=(4.3,3).

Since the reward is zero everywhere, the value function for this MDP is V™ =0.
However, if X; ~ & with £(x) = &(y) = 1/2, the semi-gradient update

Wit = wi + (0 +yp(X) Twi = ¢(X) Twi)p(Xi)

diverges unless wy = 0. Figure 9.2b depicts the effect of this divergence on the
approximation error: on average, the distance to the fixed point ||®wy —Ol|¢»
grows exponentially with each update. Also shown is the approximation error
over time if we take £ to be the steady-state distribution

) =11 &(y)=191,

in which case the approximation error becomes close to zero as k — oo. This
demonstrates the impact of the relative update frequency of different states on
the behavior of the algorithm.

On the other hand, note that the basis functions implied by ¢ span RX and
thus

My TV =T"V

for any Ve R2. Hence, the iterates Vi, = I T"V) in this case converge to
0 for any initial V€ R?. This illustrates that requiring the convergence that
the sequence of iterates derived from the projected Bellman operator is not
sufficient to guarantee the convergence of the semi-gradient iterates. A
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Example 9.9 illustrates how reinforcement learning with function approx-
imation is a more delicate task than in the tabular setting. If states are
updated proportionally to their steady-state distribution, however, a convergence
guarantee becomes possible (see bibliographical remarks).

9.5 Semi-Gradient Algorithms for Distributional Reinforcement
Learning

With the right modeling tools, function approximation can also be used to
tractably represent the return functions of large problems. One difference with
the expected-value setting is that it is typically more challenging to construct
an approximation that is linear in the true sense of the word. With linear
value function approximations, adding weight vectors is equivalent to adding
approximations:
Vi +w (x)= Vi, () + Vi, (x).

In the distributional setting, the same cannot apply because probability dis-
tributions do not form a vector space. This means that we cannot expect a
return-distribution function representation to satisfy

T o0 (X) 2 T, (2) + Ty (2) (9.13)

the right-hand side is not a probability distribution (it is, however, a signed
distribution: more on this in Section 9.6). An alternative is to take a slightly
broader view and consider distributions whose parameters depend linearly on
w. There are now two sources of approximation: one due to the finite parameter-
ization of probability distributions in .%#, another because those parameters are
themselves aliased. This is an expressive framework, albeit one under which
the analysis of algorithms is significantly more complex.

Linear QTD. Let us first derive a linear approximation of quantile temporal-
difference learning. Linear QTD represents the locations of quantile distri-
butions using linear combinations of features. If we write w e R™" for the
matrix whose columns are wy, ..., w,, € R", then the linear QTD return function
estimate takes the form

&
nw(x) = E z; 6¢(X)Twl' .
i=

One can verify that n,,(x) is not a linear combination of features, even though
its parameters are. We construct the linear QTD update rule by following the
negative gradient of the quantile loss (Equation 6.12), taken with respect to the
parameters wy, ..., w,,. We first rewrite this loss in terms of a function p.:

pr(A) =L <o) — 7| X|A|
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so that for a sample z € R and estimate 6 € R, the loss of Equation 6.12 can be
expressed as
Liz<o—TIX|z2=0l=p(z—0).

We instantiate the quantile loss with 8= ¢(x) "'w; and T=1; = % to obtain the

loss
L,(w) = pr,(z= () wi) . 9.14)
By the chain rule, the gradient of this loss with respect to w; is
V(2 = () Twi) = =(1; = L{z < ¢(x) "wiD(x). 9.15)

As in our derivation of QTD, from a sample transition (x, a, r, x"), we construct
m sample targets:
gi=r+yd(xX)'w;, j=1,....m.

By instantiating the gradient expression in Equation 9.15 with z= g; and taking
the average over the m sample targets, we obtain the update rule

Wi — W; — a% Z Vw,vp'r,v(gj - ¢(X)Twi) ’
=

which is more explicitly

m

l T
Wi wita D (i = gy < ¢ wil) gx). (9.16)

J=1

quantile TD error

Note that, by plugging g; into the expression for the gradient (Equation 9.15),
we obtain a semi-gradient update rule. That is, analogous to the value-based
case, Equation 9.16 is not equivalent to the gradient update

Wi Wi = ozn% i Vi e (1 +y0 () W) = 6(x)Twi),
=

because in general

Vi, (1 + ¥0 () Twi = 90 Twi) # (i = Lgi < 40 wil) ()

Linear CTD. To derive a linear approximation of categorical temporal-
difference learning, we represent the probabilities of categorical distributions
using linear combinations of features. Specifically, we apply the softmax func-
tion to transform the parameters (¢(x) "w;)?", into a probability distribution. We

write
P wi
pilxw) = - —— . ©.17)
3 0w,
J=1
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Recall that the probabilities (p;(x; w))?, correspond to m locations (6;)?" . The
softmax transformation guarantees that the expression

m
M(x)= ) pilx; w)dy,
i=1

describes a bona fide probability distribution. We thus construct the sample
target 7(x):

700 = Te(bry)amu(X) = Tle| > pila's W)y |

i=1

Dide; »

1

Il
—_

where p; denotes the probability assigned to the location 6; by the sample target
71(x). Expressed in terms of the CTD coefficients (Equation 6.10), the probability
piis

m

Pi= ) Gi(pi(sw).
j=1

As with quantile regression, we adjust the weights w by means of a gradient
descent procedure. Here, we use the cross-entropy loss between 7,,(x) and

7(x):"
Lw)== ), pilog pilx; w). (9.18)
i=1
Combined with the softmax function, Equation 9.18 becomes
Lovy== " pi(9(0) wi—log H" "),
i=1 =1

With some algebra and again invoking the chain rule, we obtain that the gradient
with respect to the weights w; is

Vi, Lw) = =(pi = pi(x; w)p(x) .
By adjusting the weights in the opposite direction of this gradient, this results
in the update rule
wi —wi+a (i = pi(x; w)) p(x). (9.19)
——————
CTD error

72. The choice of cross-entropy loss is justified because it is the matching loss for the softmax
function, and their combination results in a convex objective (Auer et al. 1995; see also Bishop
2006, Section 4.3.6).
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While interesting in their own right, linear CTD and QTD are particularly
important in that they can be straightforwardly adapted to learn return-
distribution functions with nonlinear function approximation schemes such
as deep neural networks; we return to this point in Chapter 10. For now, it is
worth noting that the update rules of linear TD, linear QTD, and linear CTD
can all be expressed as

Wi < wi + agip(x),

where g; is an error term. One interesting difference is that for both linear
CTD and linear QTD, g; lies in the interval [—1, 1], while for linear TD, it
is unbounded. This gives evidence that we should expect different learning
dynamics from these algorithms. In addition, combining linear TD or linear
QTD to a tabular state representation recovers the corresponding incremen-
tal algorithms from Chapter 6. For linear CTD, the update corresponds to a
tabular representation of the softmax parameters rather than the probabilities
themselves, and the correspondence is not as straightforward.

Analyzing linear QTD and CTD is complicated by the fact that the return
functions themselves are not linear in wy, . .., w,,. One solution is to relax the
requirement that the approximation 7,,(x) be a probability distribution; as we
will see in the next section, in this case the distributional approximation behaves
much like the value function approximation, and a theoretical guarantee can be
obtained.

9.6 An Algorithm Based on Signed Distributions*

So far, we made sure that the outputs of our distributional algorithms were valid
probability distributions (or could be as interpreted as such: for example, when
working with statistical functionals). This was done explicitly when using the
softmax parameterization in defining linear CTD and implicitly in the mixture
update rule of CTD in Chapter 3. In this section, we consider an algorithm that
is similar to linear CTD but omits the softmax function. As a consequence of
this change, this modified algorithm’s outputs are signed distributions, which
we briefly encountered in Chapter 6 in the course of analyzing categorical
temporal-difference learning.

Compared to linear CTD, this approach has the advantage of being both
closer to the tabular algorithm (it finds a best fit in £, distance, like tabular
CTD) and closer to linear value function approximation (making it amenable
to analysis). Although the learned predictions lack some aspects of probability
distributions — such as well-defined quantiles — the learned signed distributions
can be used to estimate expectations of functions, including expected values.
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To begin, let us define a (finite) signed distribution v as a weighted sum of
two probability distributions:

v=A41vi + Vo ﬂl,AQGR,Vl,VQGe@(R). (9.20)

We write .# (R) for the space of finite signed distributions. For v € .Z(R)
decomposed as in Equation 9.20, we define its cumulative distribution function
F, and the expectation of a function f: R — R as

F,(2)=A41F, (2 + A2F,,(2), zeR
ZI@V[f(Z)] =4 Z]EI [f@D]+ 12 ZIR Lf(@D]. 9.21)

Exercise 9.14 asks you to verify that these definitions are independent of the
decomposition of v into a sum of probability distributions. The fotal mass of v
is given by
k(v)=A1 + Ay.

We make these definitions explicit because signed distributions are not proba-
bility distributions; in particular, we cannot draw samples from v. In that sense,
the notation Z ~ v in the definition of expectation is technically incorrect, but
we use it here for convenience.

Definition 9.10. The signed m-categorical representation parameterizes the
mass of m particles at fixed locations (6",

m
ﬁs,mz{Zpiégi:pieRforiz1,...,m,Zpi=1}. A
i=1 i=1

Compared to the usual m-categorical representation, its signed analogue
adds a degree of freedom: it allows the mass of its particles to be negative and
of magnitude greater than 1 (we reserve “probability” for values strictly in
[0, 1]). However, in our definition, we still require that signed m-categorical
distributions have unit total mass; as we will see, this avoids a number of
technical difficulties. Exercise 9.15 asks you to verify that v € Fg,, is a signed

distribution in the sense of Equation 9.20.
Recall from Section 5.6 that the categorical projection Il : Z(R) — Zc,, is
defined in terms of the triangular and half-triangular kernels 4, : R — [0, 1], i =

1,...,m. We use Equation 9.21 to extend this projection to signed distributions,
written Il : 4 (R) = s ,,,. Given v € .# (R), the masses of I1.v = 3.7, p;dg, are
given by

pi=E [h(s,'(Z=0))],

where as before, g;,l =0;,1 — 6; (i<m), and we write Z]E in the sense of Equation
~V

9.21. We also extend the notation to signed return-distribution functions in the
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usual way. Observe that if v is a probability distribution, then I1,v matches our
earlier definition. The distributional Bellman operator, too, can be extended
to signed distributions. Let 17 € .2 (R)X be a signed return function. We define
T MR — 4 R):

(T7m)(x) = Ex[(bry)sn(X) | X = x].

This is the same equation as before, except that now the operator constructs
convex combinations of signed distributions.

Definition 9.11. Given a state representation ¢: X — R" and evenly spaced
particle locations 6, ...,0,,, a signed linear return function approximation
Ny € ﬁsxm is parameterized by a weight matrix w € R™™ and maps states to
signed return function estimates according to

m

S 1
o) = D pilx oy, il w) = ¢(x) wi + E(l =Y 60 w;), (9.22)
i=1 =1

where w; is the ith column of w. We denote the space of signed return functions
that can be represented in this form by %, s . A

Equation 9.22 can be understood as approximating the mass of each particle
linearly and then adding mass to all particles uniformly to normalize the signed
distribution to have unit total mass. It defines a subset of signed m-categorical
distributions that are constructed from linear combinations of features. Because
of the normalization, and unlike the space of linear value function approxima-
tions constructed from ¢, %, is not a linear subspace of .# (R). However,
for each x € X, the mapping

w17, (x)

is said to be affine, a property that is sufficient to permit theoretical analysis
(see Remark 9.3).

Using a linearly parameterized representation of the form given in Equa-
tion 9.22, we seek to build a distributional dynamic programming algorithm
based on the signed categorical representation. The complication now is that the
distributional Bellman operator takes the return function approximation away
from our linear parameterization in two separate ways: first, the distributions
themselves may move away from the categorical representation, and second, the
distributions may no longer be representable by a linear combination of features.
We address these issues with a doubly projected distributional operator:

Iy e e, ILT™,

where the outer projection finds the best approximation to I[1I.7”" in F4g,,. By
analogy with the value-based setting, we define “best approximation” in terms
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of a £&-weighted Cramér distance, denoted £ :
B = f (Fy(@)— Fy )z,
R

a1 = ) E@DBH, 7 (%),

xeX
Iy ¢ ¢,n = arg min 5?,2(’77 n).

NeFpsm
Because we are now dealing with signed distributions, the Cramér distance
{’g(v, V') is infinite if the two input signed distributions v, v" do not have the same
total mass. This justifies our restriction to signed distributions with unit total
mass in defining both the signed m-categorical representation and the linear
approximation. The following lemma shows that the distributional Bellman
operator preserves this property (see Exercise 9.16).

Lemma 9.12. Suppose that € .7 (R)" is a signed return-distribution function.
Then,
K(T™n)(x)) = Z Pr(X =X | X = Ok(n(x)).
x'eX
In particular, if all distributions of r have unit total mass — that is, x(17(x)) =1
for all x — then
(T ) =1. A

While it is possible to derive algorithms that are not restricted to outputting
signed distributions with unit total mass, one must then deal with added com-
plexity due to the distributional Bellman operator moving total mass from state
to state.

We next derive a semi-gradient update rule based on the doubly projected
Bellman operator. Following the unbiased estimation method for designing
incremental algorithms (Section 6.2), we construct the signed target

Hcﬁ(x) = Hc(br,y)#nw(x/) .

Compared to the sample target of Equation 6.9, here n,, is a signed return
function in 34‘5Xm

The semi-gradient update rule adjusts the weight vectors w; to minimize the
¢, distance between I1.7(x) and the predicted distribution 7,,(x). It does so by
taking a step in direction of the negative gradient of the squared ¢, distance’3

wi = Wi — @V, 0 (1,(x), TLij(x)) -

73. In this expression, 7(x) is used as a target estimate and treated as constant with regards to w.
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We obtain an implementable version of this update rule by expressing distri-
butions in g, in terms of m-dimensional vectors of masses. For a signed
categorical distribution
m
v= Z Piba; »
i=1

let us denote by peR™ the vector (py, ..., p,y); similarly, denote by p’ the
vector of masses for a signed distribution v'. Because the cumulative functions
of signed categorical distributions with unit total mass are constant on the
intervals [6;, 6;,1] and equal outside of the [0, 6,,] interval, we can write

EASE f (F\(2) - Fy(2)’dz
R

m—1

=6n » (F(6)=Fy(6))
i=1

=6ullCp-CP'll5, (9.23)
where || - ||, is the usual Euclidean norm and C € R™" is the lower-triangular
matrix

1 0 --- 00
1 1 0 0
c=|: . :
11 .- 1 0
11 -~ 11

Letting p(x) and p(x) denote the vector of masses for the signed approximation
n(x) and the signed target I1.7j(x), respectively, we rewrite the above in terms
of matrix-vector operations (Exercise 9.17 asks you to derive the gradient of €§
with respect to w;):

Wi — Wi + a5 (P(x) — p(x)) T CTCe¢p(x), (9.24)

where &; € R™ is a vector whose entries are
1
=l ——.
ij {i=j} m

By precomputing the vectors CTCé;, this update rule can be applied in O(m?* +
mmn) operations per sample transition.
9.7 Convergence of the Signed Algorithm*

We now turn our attention to establishing a contraction result for the doubly
projected Bellman operator, by analogy with Theorem 9.8. We write

My R ={Avi+ Lva 1 A, L eR, A+ b =1,vi,va€ Z;,(R)},
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for finite signed distributions with unit total mass and finite Cramér distance
from one another. In particular, note that .Zs ,, C .#;, 1(R).

Theorem 9.13. Suppose Assumption 4.29(1) holds and that Assump-
tion 9.5 holds with unique stationary distribution &;. Then the pro-
jected operator g ¢, o X177 : My, 1 (R)¥ - My, 1 (R)¥ is a contraction with
respect to the metric ¢, ,, with contraction modulus y"*. A

This result is established by analyzing separately each of the three operators
that composed together constitute the doubly projected operator Iy ¢ ., II.7".

Lemma 9.14. Under the assumptions of Theorem 9.13, 77" : .4, (R) =
M, |(R) is a y'*-contraction with respect to €, . A

Lemma 9.15. The categorical projection operator I1 : 4, 1(R) —» Fs,, is a
nonexpansion with respect to £;. A

Lemma 9.16. Under the assumptions of Theorem 9.13, the function approxima-
tion projection operator I ¢ ¢, ﬁS/\,’m - fSXm is a nonexpansion with respect
to fgmz. A

The proof of Lemma 9.14 essentially combines the reasoning of Proposi-
tion 4.20 and Lemma 9.6 and so is left as Exercise 9.18. Similarly, the proof of
Lemma 9.15 follows according to exactly the same calculations as in the proof
of Lemma 5.23, and so it is left as Exercise 9.19. The central observation is
that the corresponding arguments made for the Cramér distance in Chapter 5
under the assumption of probability distributions do not actually make use of
the monotonicity of the cumulative distribution functions and so extend to the
signed distributions under consideration here.

Proof of Lemma 9.16. Let n,n’ € ﬁSX and write p(x), p’(x) for the vector of

masses of (x) and 7’ (x), respectivelil. From Equation 9.23, we have

& 2= ECBm), 7 ()

xeX

= &WsllCp(x) - Cp' (W)

xeX
2
=Gullp - p/”E@CTC >
where 2@ CTC is a positive semi-definite matrix in R™MXXm = yith = =

diag(&,) e RM™X | and p, p’ e R¥™ are the vectorized probabilities associated
with i, 77’. Therefore, I, ¢ ¢, can be interpreted as a Euclidean projection under
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the norm || ||zgc7¢ and hence is a nonexpansion with respect to the corre-
sponding norm; the result follows as this norm precisely induces the metric
Ce 0. O

Proof of Theorem 9.13. We use similar logic to that of Lemma 5.21 to com-
bine the individual contraction results established above, taking care that the
operators to be composed have several different domains between them. Let
1,1 € M, )(R)YX. Then note that

(@)

le, oMy g, o, TIT 0, Uy g, TIT ™) <l o (T "1, TLT 7 77')
(b) T ./
<le (T, T71)

(c) ,
<yt (1),

as required. Here, (a) follows from Lemma 9.16, since I1.7"n,I1.77n €
9‘5\”"1. (b) follows from Lemma 9.15 and the straightforward corollary that
Ce, o, ') < e, 2(m,17) for n,n’ € M, )(R). Finally, (c) follows from
Lemma 9.14. ]

The categorical projection is a useful computational device as it allows Il ¢ ¢,
to be implemented strictly in terms of signed m-categorical representations,
and we rely on it in our analysis. Mathematically, however, it is not strictly
necessary as it is implied by the projection onto the .% s ,,,; this is demonstrated
by the following Pythagorean lemma.

Lemma 9.17. For any signed m-categorical distribution v € %, (for which
v=TII.v) and any signed distribution v’ € .#;, 1 (R),
G0V =60+ 6T, V). (9.25)
Consequently, for any n € #;, 1(R),
e o, T =gz, T ™n. A

Equation 9.25 is obtained by a similar derivation to the one given in Remark
5.4, which proves the identity when v and v’ are the usual m-categorical
distributions.

Just as in the case studied in Chapter 5 without function approximation, it
is now possible to establish a guarantee on the quality of the fixed point of the
operator Iy ¢ o IIcT™.
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Proposition 9.18. Suppose that the conditions of Theorem 9.13 hold, and
let 77 be the resulting fixed point of the projected operator Iy ¢ ¢, IIcT™.
We have the following guarantee on the quality of 77 compared with the
(br¢,, %4 s,m)-optimal approximation of 77": namely, ITy ¢ ¢, 77"

Ce 2 (7 gz 0,1)

N

Le 207", 175) <

Proof. We calculate directly:

%,2(77”, 5

(a) N
=0 SO0 My o 1) + €2 (Mg g, o, T Ty g, 1, TIAT)

® A
= 6, 201" Mo, Tl + € o (T, IT 7 Ty g, TIT )

(0) .
<G 207 Ny g 1) + v (7 7

. 1
= 52”,2(77”, ) < mfi,z(fl”, Uy g0l

where (a) follows from the Pythagorean identity in Lemma 9.17 and a similar
identity concerning I, ¢, ,, (b) follows since 7" is fixed by 77 and #7 is fixed
by Hyg, 0, 1IcT™, and (c) follows from y”*-contractivity of Iy, »,IIc7™ in
g, O

This result provides a quantitative guarantee on how much the approximation
error compounds when 77 is computed by approximate dynamic programming.
Of note, here there are two sources of error: one due to the use of a finite
number m of distributional parameters and another due to the use of function
approximation.

Example 9.19. Consider linearly approximating the return-distribution func-
tion of the safe policy in the Cliffs domain (Example 2.9). If we use a
three-dimensional state representation ¢(x)=[1, x,, r.] where x,, x. are the
row and column indices of a given state, then we observe aliasing in the
approximated return distribution (Figure 9.3). In addition, the use of a signed
distribution representation results in negative mass being assigned to some
locations in the optimal approximation. This is by design; given the limited
capacity of the approximation, the algorithms find a solution that mitigates
errors at some locations by introducing negative mass at other locations. As
usual, the use of a bootstrapping procedure introduces diffusion error, here quite
significant due to the low-dimensional state representation. A
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Figure 9.3

Signed linear approximations of the return distribution of the initial state in Example 2.9.
(a=b) Ground-truth return-distribution function and categorical Monte Carlo approxima-
tion, for reference. (c) Best approximation from %, based on the state representation
¢(x) =1, x,, r.] where x,, x. are the row and column indices of a given state, with (0, 0)
denoting the top-left corner. (d) Fixed point of the signed categorical algorithm.

9.8 Technical Remarks

Remark 9.1. For finite action spaces, we can easily convert a state represen-
tation ¢(x) to a state-action representation ¢(x, @) by repeating a basic feature
matrix ® € RY", Let N4 be the number of actions. We build a block-diagonal
feature matrix ® x5 € RA*XN2) that contains N4 copies of ®:

® 0 - 0
(I)X7ﬂ:: . . . .
00 - @

The weight vector w is also extended to be of dimension n/N g, so that

Ou(x,a) = (Px aw)(x, a)
as before. This is equivalent to but somewhat more verbose than the use of

per-action weight vectors. A

Remark 9.2. Assumption 9.5 enabled us to demonstrate that the projected
Bellman operator Il T™ has a unique fixed point, by invoking Banach’s fixed
point theorem. The first part of the assumption, on the uniqueness of &, is
relatively mild and is only used to simplify the exposition. However, if there
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is a state x for which &;(x) =0, then || - ||¢, » does not define a proper metric on
R" and Banach’s theorem cannot be used. In this case, there might be multiple
fixed points (see Exercise 9.7).

In addition, if we allow &, to assign zero probability to some states, the
norm || - ||, » may not be a very interesting measure of accuracy. One common
situation where the issue arises is when there is a terminal state x that is
reached with probability 1, in which case

tlim P.(X;=xg)=1.

It is easy to see that in this case, &, puts all of its probability mass on xg, SO
that Theorem 9.8 becomes vacuous: the norm || - ||¢, » only measures the error at
the terminal state. A more interesting distribution to consider is the distribution
of states resulting from immediately resetting to an initial state when xg is
reached. In particular, this corresponds to the distribution used in many practical
applications. Let & be the initial state distribution; without loss of generality,
let us assume that &)(xz) = 0. Define the substochastic transition operator
, 0 if X' =xg,
Prold|xa)= { Px(x' | x,a) otherwise.

In addition, define a transition operator that replaces transitions to the terminal
state by transition to one of the initial states, according to the initial distribution

&o:
PxeX | X,a)=Pxa(X' | X,a) + Ly 415 Px(xg | X, )é0(X") .
One can show that the Bellman operator 77, (defined from Py &) satisfies

TLV=T"V

for any V € RY for which V(xz) =0 and that the steady-state distribution &
induced by Px ¢, and a policy 7 is such that

there exists €N, P (X; =x) >0 = £5(x)>0.

Let P7; be the transition matrix corresponding to Px o (x" | x,a) and the policy
m. Exercise 9.21 asks you to prove that

I1PHlle, 2 <1,
from which a modified version of Theorem 9.8 can be obtained. A

Remark 9.3. Let M and M’ be vector spaces. A mapping O: M — M’ is said
to be affine if, for any U, U’ € M and @ € [0, 1],

OU+(1-a)U)=a0U + (1 —a)OU’ .
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When n,, is a signed linear return function approximation parameterized by w,
the map
W 17,,(X)

is affine for each x € X, as we now show. It is this property that allows us to
express the ¢, distance between v, v’ € Zg,, in terms of a difference of vectors
of probabilities (Equation 9.23), needed in the proof of Lemma 9.16.

Let w,w’ € R be the parameters of signed return functions of the form of
Equation 9.22. For these, write p,,(x) for the vector of masses determined by w:

1
Pw(X)=wT d(x) + Ee(l —e"w' ¢(x)),

where e is the m-dimensional vector of ones. We then have
i ) Twi=e wTg(),
i=1
and similarly for w’. Hence,
Paws(1-ap () = (@w + (1 —a)w') " ¢(x) — n%eeT(aW +(1—a)w') ¢(x)

= apw(x) + (1 - a’)pw’(x) .

We conclude that w +— n,,(x) is indeed affine in w. A

9.9 Bibliographical Remarks

9.1-9.2. Linear value function approximation as described in this book is in
effect a special case of linear regression where the inputs are taken from a
finite set (¢(x)).cx and noiseless labels; see Strang (1993), Bishop (2006),
and Murphy (2012) for a discussion on linear regression. Early in the history
of reinforcement learning research, function approximation was provided by
connectionist systems (Barto et al. 1983; Barto et al. 1995) and used to deal
with infinite state spaces (Boyan and Moore 1995; Sutton 1996). An earlier-still
form of linear function approximation and temporal-difference learning was
used by Samuel (1959) to train a strong player for the game of checkers.

9.3. Bertsekas and Tsitsiklis (1996, Chapter 6) studies linear value function
approximation and its combination with various reinforcement learning meth-
ods, including TD learning (see also Bertsekas 2011, 2012). Tsitsiklis and Van
Roy (1997) establish the contractive nature of the projected Bellman operator
I T™ under the steady-state distribution (Theorem 9.8 in this book). The
temporal-difference fixed point can be determined directly by solving a least-
squares problem, yielding the least-squares TD algorithm (LSTD; Bradtke and
Barto 1996), which is extended to the control setting by least-squares policy
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iteration (LSPI; Lagoudakis and Parr 2003). In the control setting, the method is
also called fitted Q-iteration (Gordon 1995; Ernst et al. 2005; Riedmiller 2005).

Bertsekas (1995) gives an early demonstration that the TD fixed point is in

general different from (and has greater error than) the best approximation to
V*, measured in &-weighted L? norm. However, it is possible to interpret the
temporal-difference fixed point as the solution to an oblique projection problem
that minimizes errors between consecutive states (Harmon and Baird 1996;
Scherrer 2010).
9.4. Barnard (1993) provides a proof that temporal-difference learning is not
a true gradient-descent method, justifying the term semi-gradient (Sutton and
Barto 2018). The situation in which ¢ differs from the steady-state (or sampling)
distribution of the induced Markov chain is called off-policy learning; Example
9.9 is a simplified version of the original counterexample due to Baird (1995).
Baird argued for the direct minimization of the Bellman residual by gradient
descent as a replacement to temporal-difference learning, but this method suffers
from other issues and can produce undesirable solutions even in mild scenarios
(Sutton et al. 2008a). The GTD line of work (Sutton et al. 2009; Maei 2011)
is a direct attempt at handling the issue by using a pair of approximations (see
Qu et al. 2019 for applications of this idea in a distributional context); more
recent work directly considers a corrected version of the Bellman residual (Dai
et al. 2018; Chen and Jiang 2019). The convergence of temporal-difference
learning with linear function approximation was proven under fairly general
conditions by Tsitsiklis and Van Roy (1997), using the ODE method from
stochastic approximation theory (Benveniste et al. 2012; Kushner and Yin 2003;
Ljung 1977).

Parr et al. (2007), Parr et al. (2008) and Sutton et al. (2008b) provide a domain-
dependent analysis of linear value function approximation, which is extended
by Ghosh and Bellemare (2020) to establish the existence of representations
that are stable under a greater array of conditions (Exercises 9.10 and 9.11).
Kolter (2011) studies the space of temporal-difference fixed point as a function
of the distribution &.

9.5. Linear CTD and QTD were implicitly introduced by Bellemare et
al. (2017a) and Dabney et al. (2018b), respectively, in the design of deep
reinforcement learning agents (see Chapter 10). Their presentation as given
here is new.

9.6-9.7. The algorithm based on signed distributions is new to this book. It
improves on an algorithm proposed by Bellemare et al. (2019b) in that it adjusts
the total mass of return distributions to always be 1. Lyle et al. (2019) give
evidence that the original algorithm generally underperforms the categorical
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algorithm. They further establish that, in the risk-neutral control setting, distri-
butional algorithms cannot do better than value-based algorithms when using
linear approximation. The reader interested in the theory of signed measures is
referred to Doob (1994).

9.10 Exercises

Exercise 9.1. Use the update rules of Equation 9.10 and 9.11 to prove the
results from Example 9.1. A

Exercise 9.2. Prove that for a linear value function approximation V,, = ®w,
we have, for any w,w’ e R" and o, S € R,

Vaw+ﬁw’ =aV, +BVy, Vi Vi(x) = ¢(-x) A
Exercise 9.3. In the statement of Proposition 9.3, we required that

(1) the columns of the feature matrix @ be linearly independent;
(i) &(x)>0 for all xe X.

Explain how the result is affected when either of these requirements is omitted.
A

Exercise 9.4. Prove Lemma 9.7. Hint. Apply Pythagoras’s theorem to a well-
chosen inner product. A

Exercise 9.5. The purpose of this exercise is to empirically study the con-
tractive and expansive properties of the projection in L? norm. Consider an
integer-valued state space xe X ={1,..., 10} with two-dimensional state rep-
resentation ¢(x) = (1, x), and write Il for the L? projection of a vector v € RX
onto the linear subspace defined by ¢. That is,

gy =0(@ D) DTy,

where O is the feature matrix.
With this representation, we can represent the vector u(x) =0 exactly, and
hence Ilgu = u. Now consider the vector u” defined by

u'(x) =log x.
With a numerical experiment, show that
TLyu’ —gull, <’ —ull,  but  |[Mgu’ — Myulleo > [l — ulle. A

Exercise 9.6. Provide an example Markov decision process and state represen-
tation that result in the left- and right-hand sides of Equation 9.6 being equal.
Hint. A diagram might prove useful. A
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Exercise 9.7. Following Remark 9.2, suppose that the steady-state distribution
&r is such that &;(x) = 0 for some state x. Discuss the implications on the analysis
performed in this chapter, in particular on the set of solutions to Equation 9.8
and the behavior of semi-gradient temporal-difference learning when source
states are drawn from this distribution. A

Exercise 9.8. Let & be some initial distribution and 7 a policy. Define the
discounted state-visitation distribution
E)=(1=pé(¥) +7 ) Pe(X' =¥ | X = 0&(x), forall ¥’ € X.
xeX
Following the line of reasoning leading to Lemma 9.6, show that the projected
Bellman operator I1,: 7" is a y"* contraction in the &-weighted L? metric:

1Tz <y A

Exercise 9.9. Let &€ 22(X). Suppose that the feature matrix ® € R*" has
linearly independent columns and &(x) > O for all x € X. Show that the unique
optimal weight vector w* that is a solution to Equation 9.2 satisfies

E[(G"X) = o) w)(X0)]=0. X~ A

Exercise 9.10 (*). This exercise studies the divergence of semi-gradient
temporal-difference learning from a dynamical systems perspective. Recall
that Z € R¥*¥X is the diagonal matrix whose entries are &(x).

(i) Show that in expectation and in matrix form, Equation 9.11 produces the
sequence of weight vectors (wy)x>0 given by

Wil = Wi + @ E(r + Y P Owy — Dwy).
(ii) Assume that oy = @ > 0. Express the above as an update of the form
Wie1 =Awyg + b, (926)

where A € R™" and b e R".

(iii) Suppose that the matrix C = ®TE(yP" — I)® has eigenvalues that are all
real. Show that if one of these is positive, then A has at least one eigenvalue
greater than 1.

(iv) Use the preceding result to conclude that under those conditions, there
exists a wg such that ||wy||, — oo.

(v) Suppose now that all of the matrix C’s eigenvalues are real and nonpositive.
Show that in this case, there exists an « € (0, 1) such that taking o, = @, the
sequence (DPwy )0 converges to the temporal-difference fixed point. A

Exercise 9.11 (*). Suppose that the state representation is such that

(i) the matrix P*® € R has columns that lie in the column span of ®, and
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(i1) the matrix has columns that are orthogonal with regards to the &-weighted
inner product. That is,
OED=1.
Show that in this case, the eigenvalues of the matrix
OTE(yP" - D

are all nonpositive, for any choice of £ € Z(X). Based on the previous exercise,
conclude on the dynamical properties of semi-gradient temporal-difference
learning with this representation. A

Exercise 9.12. Using your favorite numerical computation software, implement
the Markov decision process from Baird’s counterexample (Example 9.9) and
the semi-gradient update

Wie1 = Wi + a(yd(x)wi — p(x)wi)d(xi)

for the state representation of the example and a small, constant value of a.
Here, it is assumed that X; has distribution & and X,’< is drawn from the transition
kernel depicted in Figure 9.2.

(1) Vary &(x) from O to 1, and plot the norm of the value function estimate,
[IVklle,2, as a function of k.

(ii) Now replace ¢(X;)wi by ¢(X;)Wr, where Wi = Wi_t mod L for some integer
L>1. That is, Wy is kept fixed for L iterations. Plot the evolution of [[Vi|l¢»
for different values of L. What do you observe? A

Exercise 9.13. Repeat Exercise 3.3, replacing the uniform grid encoding the
state with a representation ¢ defined by

¢(x) = (1, sin(xy), cos(xy), ..., sin(xy), cos(xs)) ,

where (x1, x) denote the Cart—Pole state variables. Implement linear CTD and
QTD and use these with the state representation ¢ to learn a return-distribution
function approximation for the uniform and forward-leaning policies. Visualize
the learned approximations at selected states, including the initial state, and com-
pare them to ground-truth return distributions estimated by the nonparametric
Monte Carlo algorithm (Remark 3.1). A

Exercise 9.14. Recall that given a finite signed distribution v expressed as a
sum of probability distributions v = A1v; + Ayv, (with 21, 4; €R, vy, v, € Z(R)),
we defined expectations under v in terms of sums of expectations under v; and
v,. Verify that this definition is not dependent on the choice of decomposi-
tion of v into a sum of probability distributions. That is, suppose that there
also exist 4}, 4, e Rand v{,v} € P(R) with v = Ajv) + A5V, Show that for any
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(measurable) function f: R — R with
ZIRI [(f (D] < oo, ZINI*I%[IJ‘(Z)I] < oo, Z{E% [(1f (D] < oo, ZIN%,Z[IJ‘(Z)I] <oo,
we have

A E f@1+ 0 B f@1=4 Ef@1+4 Ef@)]. o

~V)

Exercise 9.15. Show that any m-categorical signed distribution v € Fs, can
be written as the weighted sum of two m-categorical (probability) distributions
Vi, V2 € F C,m- A

Exercise 9.16. Suppose that we consider a return function 5 € .7 (R)X defined
over signed distributions (not necessarily with unit total mass). Show that

(T M) = D Pr(X = x| X = 0)k(n(x'))
x'eX
Conclude that if n € fsxm then
k(T M) =1 A

Exercise 9.17. Consider two signed m-categorical distributions v,v' € Zg,,.
Denote their respective vectors of masses by p, p’ € R™. Prove the correctness
of Equation 9.24. That is, show that

Vi 50,V = =26,(p" = ) CTCEi(x) . A

Exercise 9.18. Prove Lemma 9.14. A

Exercise 9.19. Prove Lemma 9.15. A

Exercise 9.20. Prove Lemma 9.17. A
Exercise 9.21. Following the discussion in Remark 9.2, show that

1Pl <1 A
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1 O Deep Reinforcement Learning

As a computational description of how an organism learns to predict, temporal-
difference learning reduces the act of learning, prediction, and control to
numerical operations and mostly ignores how the inputs and outputs to these
operations come to be. By contrast, real learning systems are but a component
within a larger organism or machine, which in some sense provides the inter-
face between the world and the learning component. To understand and design
learning agents, we must also situate their computational operations within a
larger system.

In recent years, deep reinforcement learning has emerged as a framework
that more directly studies how characteristics of the environment and the archi-
tecture of an artificial agent affect learning and behavior. The name itself comes
from the combination of reinforcement learning techniques with deep neural
networks, which are used to make sense of low-level perceptual inputs, such
as images, and also structure complex outputs (such as the many degrees of
freedom of a robotic arm). Many of reinforcement learning’s recent applied
successes can be attributed to this combination, including superhuman perfor-
mance in the game of Go, robots that learn to grasp a wide variety of objects,
champion-level backgammon play, helicopter control, and autonomous balloon
navigation.

Much of the recent research in distributional reinforcement learning, includ-
ing our own, is rooted in deep reinforcement learning. This is no coincidence,
since return distributions are naturally complex objects, whose learning is facil-
itated by the use of deep neural networks. Conversely, predicting the return also
translates into practical benefits, often in the guise of accelerated and more sta-
ble learning. In this context, the distributional method helps the system organize
its inputs into features that are useful for further learning, a process known as
representation learning. This chapter surveys some of these ideas and discusses
practical considerations in introducing distributional reinforcement learning to
a larger-scale system.

293
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Figure 10.1

(a) The deep neural network at the heart of the DQN agent architecture. The network
takes as inputs four preprocessed images and outputs the predicted state-action value
estimates. (b) The replay buffer provides the sample transitions used to update the main
(online) network (Equation 10.2). A second target network is used to construct sample
targets and is periodically updated with the weights of the online network. Example input
to the network is visualized with frames from the Atari game Ms. Pac-Man (published
by Midway Manufacturing).

10.1 Learning with a Deep Neural Network

The term deep neural network (or simply deep network) designates a fairly
broad class of functions built from a composition of atomic elements (called
neurons or hidden units), typically organized in layers and parameterized by
weight vectors and one or many activation functions. The function’s inputs
are transformed by the first layer, whose outputs become the inputs of the
second layer, and so on. Canonically, the weights of the network are adjusted to
minimize a given loss function by gradient descent. In that respect, one may
view linear function approximation as a simple neural network architecture that
maps inputs to outputs by means of a single, nonadjustable layer implementing
the chosen state representation.

More sophisticated architectures include: convolutional neural networks
(LeCun and Bengio 1995), particularly suited to learning functions that exhibit
some degree of translation invariance; recurrent networks (Hochreiter and
Schmidhuber 1997), designed to deal with sequences; and attention mechanisms
(Bahdanau et al. 2015; Vaswani et al. 2017). The reader interested in further
details is invited to consult the work of Goodfellow et al. (2016).

By virtue of their parametric flexibility, deep neural networks have proven
particularly effective at dealing with reinforcement learning problems with
high-dimensional structured inputs. As an example, the DQN algorithm (Deep
Q-Networks; Mnih et al. 2015) applies the tools of deep reinforcement learning
to achieve expert-level game play in Atari 2600 video games. More properly
speaking, DQN is a system or agent architecture that combines a deep neural

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



Deep Reinforcement Learning 295

network with a semi-gradient Q-learning update rule and a few algorithmic
components that improve learning stability and efficiency. DQN also contains
subroutines to transform received observations into a useful notion of state and
to select actions to be enacted in the environment. We divide the computation
performed by DQN into four main subtasks:

(a) preprocessing observations (Atari 2600 images) into an input vector,
(b) predicting future outcomes given such an input vector,

(c) behaving on the basis of these predictions, and finally

(d) learning to improve the agent’s predictions from its experience.

Preprocessing. The Arcade Learning Environment or ALE (Naddaf 2010;
Bellemare et al. 2013a) provides a reinforcement learning interface to the Stella
Atari 2600 emulator (Mott et al. 1995-2023). This interface produces 210 x 160,
7-bit pixel images in response to one of eighteen possible joystick motions
(combinations of an up-down motion, a left-right motion, and a button press). A
single emulation step or frame lasts 1/60th of a second, but the agent only selects
a new action every four frames, what might be more appropriately called a
time step (that is, fifteen times per emulated second; for further implementation
details, see Machado et al. (2018)).

In order to simplify the learning process and make it more suitable for rein-
forcement learning, DQN transforms or preprocesses the images and rewards it
receives from the ALE. Every time step, the DQN agent converts the most recent
frame to 7-bit grayscale (preserving luminance). It combines this frame with
the immediately preceding one, similarly converted, by means of a max-pooling
operation that takes the pixel-wise maximum of the two images. The result
is then downscaled to a smaller 84 x 84 size, and pixel values are normalized
from O (black) to 1 (white). The four most recent images (spanning a total of 16
frames, a little over 1/4th of a second) are concatenated together to form the
input vector, of size 84 x 84 x 4.7 In essence, DQN uses this input vector as a
surrogate for the state x.

The Arcade Learning Environment also provides an integer reward indicating
the change in score (positive or negative) between consecutive time steps. DQN
applies an operation called reward clipping, which keeps only the sign of the
provided reward (—1, 0, or 1). The result is what we denote by r.

Prediction. DQN uses a five layer neural network to predict the expected
return from the agent’s current state (see Figure 10.1a). The network’s input is
the stack of frames produced by the preprocessor. This input is successively

74. In many games, these images do not provide a complete picture of the game state. In this case,
the problem is said to be partially observable. See, for example, Kaelbling et al. (1998).
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transformed by three convolutional layers that extract features from the image,
and then by a fully connected layer that applies a linear transformation and
a nonlinearity to the output of the final convolutional layer. The result is a
512-dimensional vector, which is then linearly transformed into N4 = 18 values
corresponding to the predicted expected returns for each action. If we denote by
w the entire collection of weights of the neural network, then the approximation
Q,,(x, a) denotes the resulting prediction made by DQN. Here, x is described by
the input image stack and a indexes into the network’s N4-dimensional output
vector.

Behavior and experience. DQN acts according to an e-greedy policy derived
from its approximation Q,,. More precisely, this policy assigns 1 —& of its
probability mass to a greedy selection rule that breaks ties uniformly at random.
Provided that Q,, assigns a higher value to better actions, acting greedily results
in good performance. The remaining € probability mass is divided equally
among all actions, allowing for some exploration of unseen situations and
eventually improving the network’s value estimates from experience.

Similar to the online setting described by Algorithms 3.1 and 3.2, the sample
produced by the agent’s interactions with the Arcade Learning Environment is
used to improve the network’s value predictions (see Learning below). Here,
however, the transitions are not provided to the learning algorithm as they
are experienced but are instead stored in a circular replay buffer. The replay
buffer stores the last 1 million transitions experienced by the agent; as the
name implies, these are typically replayed multiple times as part of the learning
process. Compared to learning from each piece of experience once and then
discarding it, using a replay buffer has been empirically demonstrated to result
in greater sample efficiency and stability.

Learning. Every four time steps, DQN samples a minibatch of thirty-two
sample transitions from its replay buffer, uniformly at random. As with linear
approximation, these sample transitions are used to adjust the network weights
w with a semi-gradient update rule. Given a second target network with weights
w and a sample transition (x, a, , x"), the corresponding sample target is

r+ymax Qp(x’,a’). (10.1)
a’eA

Canonically, the discount factor is chosen to be y = 0.99.

In deep reinforcement learning, the update to the network’s parameters is
typically expressed first and foremost in terms of a loss function £ to be
minimized. This is because automatic differentiation can be used to efficiently
compute the gradient V,,£(w) by means of the backpropagation algorithm
(Werbos 1982; Rumelhart et al. 1986). In the case of DQN, the sample target is
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used to construct the squared loss
L0 =(r+ymax 0s(x'.a) = Qu(x.a)".

Taking the gradient of £ with respect to w, we obtain the semi-gradient update
rule:

wew+a(r+y max 0s(X,d") = Qu(x,a))V,, Oy(x,a). (10.2)

In practice, the actual loss to be minimized is the average loss over the sampled
minibatch. Consequently, the semi-gradient update rule adjusts the weight vector
on the basis of all sampled transitions simultaneously. After a specified number
of updates have been performed (10,000 in the original implementation), the
weights w of the main network (also called online network) are copied over to
the target network; the process is illustrated in Figure 10.1b. As discussed in
Section 9.4, the use of a target network allows the semi-gradient update rule
to behave more like the projected Bellman operator and mitigates some of the
convergence issues of semi-gradient methods.

Equation 10.2 generalizes the semi-gradient rule for linear value function
approximation (Equation 9.11) to nonlinear schemes; observe that if Q,,(x, a) =
¢(x,a)™w, then

Vi Qu(x,a) = ¢(x,a).
In practice, more sophisticated adaptive gradient descent methods (see,
e.g., Tieleman and Hinton 2012; Kingma and Ba 2015) are used to accel-
erate convergence. Additionally, the Huber loss is a popular alternative to the
squared loss. For k >0, the Huber error function is defined as
%uz, if |u| <k

(}-{K(u) = {

k(|u| - %K), otherwise .

DQN'’s Huber loss instantiates this error function with « = 1:
Lw)=H(r+ymax 0s(x',a) = Qu(x,)).
a'eA

The Huber loss corresponds to the squared loss for small errors but behaves like
the L' loss for larger errors. In effect, this puts a limit on the magnitude of the
updates to the weight vector, which in turn reduces instability in the learning
process.

Viewed as an agent interacting with its environment, DQN operates by acting
in the world according to its state-action value function estimates, collecting new
experience along the way. It then uses this experience to produce an improved
policy that is used to collect better experience and so on. Given sufficient
training time, this approach can learn fairly complex behavior from pixels and
rewards alone, including behavior that exploits computer bugs in some of Atari
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Figure 10.2

The extension of DQN to the distributional setting uses a deep neural network that outputs
m distribution parameters per action. The same network architecture is used for both
C51 (categorical representation) and QR-DQN (quantile representation). Example input
to the network is visualized with frames from the Atari game Ms. Pac-MaN (published
by Midway Manufacturing).

2600 games. Although it is possible to achieve the same behavior by using a
fixed state representation and learning a linear value approximation (Machado
et al. 2018), in practice, doing so without a priori knowledge of the specific
game being played is computationally demanding and eventually does not scale
as effectively.

10.2 Distributional Reinforcement Learning with Deep Neural
Networks

We extend DQN to the distributional setting by mapping state-action pairs to
return distributions rather than to scalar values. A simple approach is to change
the network to output one m-dimensional parameter vector per action (equiva-
lently, one N X m-dimensional parameter matrix, as illustrated in Figure 10.2).
These vectors are then interpreted as the parameters of return distributions,
by means of a probability distribution representation (Section 5.2). The target
network is modified in the same way.

By making different choices of distribution representation or rule for updat-
ing the parameters of these distributions, we obtain different distributional
algorithms. The C51 algorithm, in particular, is based on the categorical repre-
sentation, while the QR-DQON algorithm is based on the quantile representation.
Their respective update rules follow those of linear CTD and linear QTD in
Section 9.5, and here we emphasize the differences from the linear approach.
We begin with a description of the C51 algorithm.
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Prediction. C51 owes its name to its use of a 51-categorical representation
in its original implementation (Bellemare et al. 2017a), but the name generally
applies for any such agent with m >2. Given an input state x, its network outputs
a collection of softmax parameters ((¢;(x, a))?", : a € A). These parameters are
used to define the state-action categorical distributions:

nw(x,a) = Z pi(x, a; w)dg, ,
i=1

where p;(x, a;w) is a probability given by the softmax distribution:

ePiaw)
pilx,a;w) = — .
3 epileaw)
j=1
The standard implementation of C51 parameterizes the locations 6, ..., 6,, in

two specific ways: first, #; and —6,, are chosen to be negative of each other,
so that the support of the distribution is symmetric around 0. Second, it is
customary to take m to be an odd number so that the central location 9% is zero.
The canonical choice is 8; = —10 and 6,, = 10; we will study the effect of this
choice in Section 10.4. Even though the largest theoretically achievable return
1S Vyax = Iffy =100, the choice of 6,, = 10 is sensible because in most Atari
2600 video games, the player’s score only changes infrequently. Consequently,
the reward is zero on most time steps and the largest return actually observed
is typically much smaller than the analytical maximum (the same argument
applies to Vy and 6;).

Behavior. C51 is designed to optimize for the risk-neutral objective. The
value function induced by its distributional predictions is

m

Ouxa)= E )[ZJ=;p,-<x,a;w>9i,

Z~nw(x,a

and similarly for Q. The agent acts according to an e-greedy policy defined
from the main network’s state-action value estimates Q,,(x, a).

Learning. The sample target is obtained from the combination of an update
and projection step. Following Section 9.5, given a transition (x, a, r, x"), the
sample target is given by

(6@ = > B, =Te((bry)ima(, as(x')))
j=1

where

ap(x') = arg max 0y (¥, ')
aeA
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is the greedy action for the induced state-action value function Q. As in the
linear setting, this sample target is used to formulate a cross-entropy loss to be
minimized (Equation 9.18):

Lw)y=- ) pjlogpi(x,a;w).

m
j=1
Updating the parameters w in the direction of the negative gradient of this loss

yields the (first-order) semi-gradient update rule

wewta Z (Pi = pi(x, a; W) Vubi(x, a; w) .
i=1
It is useful to contrast the above with the linear CTD semi-gradient update rule
(Equation 9.19):

wi —wi + (P — pi(x, a; w)$(x, a).
With linear CTD, the update rule takes a simple form where one computes the
per-particle categorical TD error (p; — pi(x, a; w)) and moves the weight vector
w; in the direction ¢(x, a) in proportion to this error. This is possible because
the softmax parameters ¢;(x, a; w) = ¢(x, a)"w; are linear in ¢ and consequently

Vipi(x, a;w) = ¢(x, a) ,
similar to the value-based setting. When using a deep network, however, the
weights at earlier layers affect the entire predicted distribution and it is not
possible to perform per-particle weight updates independently.
QR-DQN. QR-DQN uses the same neural network as C51 but interprets

the output vectors as parameters of a m-quantile representation, rather than a
categorical representation:

1 m
nw(x,a) = - Z 86,0eam)-
P

Its induced value function is simply
1 m
Qu(x,a)=— Z‘ 0(x, a;w).

Given a sample transition (x, a, r, x") and levels 7y, ..., 7, the parameters are
updated by performing gradient descent on the Huber quantile loss

1,
Low)=— PH(r+90,(x , ag(xX'); W) — Oi(x, as w)) ,
Q=1

where p! (1) = [T <oy — 7IH (1) .
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The Huber quantile loss behaves like the quantile loss (Equation 6.12) for
large errors but like the expectile loss (the single-sample equivalent of Equa-
tion 8.13) for sufficiently small errors. This loss is minimized by a statistical
functional between a quantile and expectile. The Huber quantile loss can be
interpreted as a smoothed version of the quantile regression loss (Sections 6.4
and 9.5), which leads to more stable behavior when combined with the nonlinear
function approximation and adaptive gradient descent methods used in deep
reinforcement learning.

10.3 Implicit Parameterizations

The value function Q" can be viewed as a mapping from state-action pairs to
real values. When there are finitely many actions and the state space is small
and finite, a tabular representation of this mapping is usually sufficient — in
this case, each entry in the table corresponds to the value at a given state and
action. Much like linear function approximation, neural networks improve on
the tabular representation by parameterizing the relationship between similar
states, allowing us to generalize the learned function to unseen states. It is
therefore useful to think of the inputs of DQN’s neural network as arguments
to a function and its outputs as the evaluation of this function. Under this
perspective, the network implements a function mapping X to R™, which can
be interpreted as the function Q,, : X X A — R by a further indexing into the
output vector.

Similarly, we can represent probability distributions as different kinds of
functions. For example, the probability density function f, of a suitable distri-
bution v € Z(R) is a mapping from R to [0, co) and its cumulative distribution
is a monotonically increasing function from R to [0, 1]. A distribution can also
be represented by its inverse cumulative distribution function F;!:(0,1) - R,
which we call quantile function in the context of this section. By extension,
a state-action return function can be viewed as a function of three arguments:
xeX, ae A, and a distribution parameter 7 € (0, 1). That is, we may represent
n by the mapping

(x,a,T)—F ;&ﬂ) (7).
Doing so gives rise to an implicit approach to distributional reinforcement
learning, which makes the distribution parameter an additional input to the
network.

To understand this idea, it is useful to contrast it with the two algorithms of
the previous section. Both C51 and QR-DQN take a half-and-half approach: the
state x is provided as input to the network, but the parameters of the distribution
(the probabilities p; or locations 6;, accordingly) are given by the network’s
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cos(Tmi)  Fully-connected Layer

Pre-processing Convolutional Layers Fully-connected Layers

Figure 10.3

The deep neural network used by IQN. IQN outputs a single scalar per action, corre-
sponding to the queried 7th quantile. The input 7 to the network is encoded using a
cosine embedding and multiplicatively combined with one of the network’s inner layers
(see Remark 10.1). Example input to the network is visualized with frames from the
Atari game Ms. Pac-Man (published by Midway Manufacturing).

outputs, one m-dimensional vector per action. This is conceptually simple and
has the advantage of leveraging probability distribution representations whose
behavior is theoretically well understood in the tabular setting. On the other
hand, the implied discretization of the return distributions incurs some cost,
for example, due to diffusion (Section 5.8). If instead we turn the distribution
parameter into an input to the network, we gain the benefits of generalization,
and in principle we can learn an approximation to the return function that is
only limited by the capacity of the neural network.

Prediction. The implicit quantile network (IQN) algorithm instantiates the
argument-as-inputs principle by parameterizing the quantile function within
the neural network (Figure 10.3). As before, one of the network’s inputs is a
description of the state x: in the case of a DQN-type architecture, the stack
of preprocessed Atari 2600 images. In addition, the network also receives as
input a desired level 7 € (0, 1). This level is encoded by the cosine embedding
(1) eRM:

@(1)= (cos(ﬂ‘ri))f.‘;’a T
In effect, the cosine embedding represents 7 as a real-valued vector, making
it easier for the neural network to work with. The network’s output is an Ng-
dimensional vector describing the evaluation of the quantile function F ;&,a)(-)
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at this 7. With this construction, the neural network outputs the approximation
-1
0,(x, @, T) = (X, T) "Wy 2 Fp ) (7),

where ¢,,(x, 7) € R" are learned features for the (x, 1) pair and w, € R" are per-
action weights. Remark 10.1 provides details on how ¢,,(x, 7) is implemented
in the network.

Behavior. Because IQN represents the quantile function implicitly, the
induced state-action value functions Q,, and Qy are approximated by a sam-
pling procedure, where as before w denotes the weights of the target network.
This approximation is obtained by drawing m levels 7, ..., 7, uniformly and
independently from the (0, 1) interval and averaging the output of the network

at these levels:
m

0. (x,a)~ % ; 0,(x,a,7;). (10.3)

As with the other algorithms presented in this chapter, IQN acts according to an
g-greedy policy derived from Q,,, with greedy action a,,(x).

Learning. Where QR-DQN aims to learn the quantiles of the return distri-
bution at a finite number of fixed levels, IQN aims to approximate the entire
quantile function of this distribution.”> Because each query to the network
returns the network’s prediction evaluated for a single level, learning proceeds
somewhat differently. First, a pair of levels 7 and 7’ is sampled uniformly from
(0, 1). These determine the level at which the quantile function is to be updated
and a level from which a sample target is constructed. For a given sample
transition (x, a, r, x’) and levels 7, 7/, the two-sample IQN loss is

Lo W)= pH(r +y05(x', 25(xX'), 7) = 6, (x, a, 7)) .

The variance of the sample gradient of this loss is reduced by averaging the
two-sample loss over many pairs of levels 4, ...,7,, and T’l, . T;nz:
l mi ny
L=+ - Z] ; Lo ().

Risk-sensitive control. An appealing side effect of using an implicit param-
eterization is that many risk-sensitive objectives can be computed simply by
changing the sampling distribution for Equation 10.3. For example, given a pre-
dicted quantile function 6,,(x, a, -) with instantiated random variable G,,(x, a),

recall that the CVaR of G,,(x, a) for a given level T€ (0, 1) is, in the integral

75. Of course, in practice, the predictions made by IQN might not actually correspond to the return
distribution of any fixed policy, because of approximation, bootstrapping, and issues arising in the
control setting (Chapter 7).
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form of Equation 7.20,

1 T
CVaR:(G,,(x,a)) = = f 6,,(x,a,)dt.
0

Similar to the procedure for estimating the expected value of G,,(x, @) (Equation
10.3), this integral can be approximated by sampling m levels 7,..., T, but
now from the (0, T) interval:

1 m
CVARH(Gy(x @)~ — > fh(x.ami). 7~ U0, 7).
i=1

Treating the distribution parameter as a network input opens up the possibility
for a number of different algorithms, of which IQN is but one instantiation.
In particular, in problems where actions are real-valued (for example, when
controlling a robotic arm), it is common to also make the action a an input to
the network.

10.4 Evaluation of Deep Reinforcement Learning Agents

To illustrate the practical value of deep reinforcement learning and the added
benefits from predicting return distributions, let us take a closer look at how
well the algorithms presented in this chapter can learn to play Atari 2600 video
games. As the Arcade Learning Environment provides an interface to more
than sixty different games, a standard evaluation procedure is to apply the same
algorithm across a large set of games and report its performance on a per-game
basis, as well as aggregated across games (see Machado et al. 2018 for a more
complete discussion). Here, performance is measured in terms of the in-game
score achieved during one play-through (i.e., an episode). One particularly
attractive feature of Atari 2600 games, from a benchmarking perspective, is that
almost all games explicitly provide such a score. Measuring performance in
terms of game score has the additional advantage that it allows us to numerically
compare the playing skill of learning agents to that of human players.

The goal of the learning agent is to improve its performance at a given game
by repeatedly playing that game — in more formal terms, to optimize the risk-
neutral control objective from sample interactions.”® The agent interacts with
the environment for a total of 200 million frames per game (about 925 hours of
game-play). Experimentally, we repeat this process multiple times in order to
evaluate the performance of the agent across different initial network weights

76. Note, however, that the in-game score differs from the agent’s actual learning objective, which
involves a discount factor (canonically, y = 0.99) and clipped rewards. This metric-objective mis-
match is well studied in the literature (e.g., van Hasselt et al. 2016a), and exists in part because
optimizing for the undiscounted, unclipped return with DQN produces unstable behavior.
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and realizations of the various sources of randomness. Following common
usage, we call each repetition a trial and the process itself training the agent.
Figure 10.4 (left) illustrates the overall progress made by DQN, C51, QR-DQN,
and IQN over the course these interactions, evaluated every 1 million frames.
Quantitatively, we measure an agent’s performance in terms of an aggregate
metric called human-normalized interquartile mean score (HNIQM), which we
now define.

Definition 10.1. Denote by g the score achieved by a learning agent on a
particular game and by g" and g* the score achieved by two reference agents
(a human expert and the random policy). Assuming that g" > g®, we define the
human-normalized score as
8~ 8r
=8

In the standard evaluation protocol described here, a learning agent’s perfor-
mance during training corresponds to its average per-episode score, measured
from 500,000 frames of additional, evaluation-only interactions with the

HNs(g, 8", 8%) = A

environment.

Definition 10.2. Let &€ be a set of E games on which we have evaluated an
agent for K trials. For 1 <k < K and e € &, denote by s’; the human-normalized
score achieved on trial k:

k _ k H R
se - HNS(ge’ ge’ ge) 2

where g¥, g%, and g* are respectively the agent’s, human player’s, and random
policy’s score on game e. Suppose that (§,<)£XE denotes the vector of these
human-normalized scores, sorted so that §; < §;,;, foralli=1,..., KX E —1.
The human-normalized interquartile mean score is given by

=
R — Si ) 10.4
T 2.5 (10.4)

I=E()
where E is the integer nearest to % and E, =KE - E,. A

The normalization to human performance makes it possible to compare scores
across games; although it is also possible to evaluate agents in terms of their
mean or median normalized scores, these aggregates tend to be less representa-
tive of the full distribution of scores. As shown in Figure 10.4, it is accepted
practice (see, e.g., Agarwal et al. (2021)) to measure the degree of variability in
performance across trials and games using some empirically-determined confi-
dence interval. One should be mindful that such an interval, while informative,
does not typically guarantee statistical significance — for example, because there
are too few samples to aggregate or because these samples are not identically
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Figure 10.4

Top and bottom: Evaluation using the deterministic-action and sticky-action versions of
the Arcade Learning Environment, respectively. Left: Human-normalized interquartile
mean score (HNIQM; see main text) across fifty-seven Atari 2600 games during the
course of learning. A normalized score of 1.0 indicates human-level performance, on
aggregate. Per-game scores were obtained from five independent trials for each algorithm
X game configuration. Shading indicates bootstrapped 95 percent confidence intervals
(see main text). Right: Game scores obtained by different algorithms and a human
expert (dashed line); the scale of these scores is indicated at the top left of each graph;
dots indicate individual per-trial scores. The reported scores are measured at the end of
training.

distributed. Consequently, it is also generally recommended to report individual
game scores in addition to aggregate performance. Figure 10.4 (right) illustrates
this for a selected subset of games.

These results show that reinforcement learning, combined with deep neural
networks, can achieve a high level of performance on a wide variety of Atari
2600 games. Additionally, this performance improves with more training. This
is particularly remarkable given that the learning algorithm is only provided
game images as input, rather than game-specific features such as the location of
objects or the number of remaining lives. It is worth noting that although each
agent uses the same network architecture and hyperparameters’’ across Atari
2600 games, there are a few differences between the hyperparameters used by

77. Following common usage, we use the term “hyperparameter” to distinguish the learned
parameters (e.g., w) from the parameters selected by the user (e.g., m and 6y, . .., 0p).
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these agents; these differences match what is reported in the literature and are
the default choices in the code used for these experiments (Quan and Ostrovski
2020). The question of how to account for hyperparameters in scientific studies
is an active area of research (see, e.g., Henderson et al. 2018; Ceron and Castro
2021; Madeira Auratjo et al. 2021).

Historically, all four agents whose performance is reported here were trained
on what is called the deterministic-action version of the Arcade Learning Envi-
ronment, in which arbitrarily complicated joystick motions can be performed.
For example, nothing prevents the agent from alternating between the “left”
and “right” actions every four frames (fifteen times per emulated second). This
makes the comparison with human players somewhat unrealistic, as human play
involves a minimum reaction time and interaction with a mechanical device that
may not support such high-frequency decisions. In addition, some of the poli-
cies found by agents in the deterministic setting exploit quirks of the emulator
in ways that were clearly not intended by the designer.

To address this issue, more recent versions of the Arcade Learning Environ-
ment implement what is called sticky actions — a procedure that introduces a
variable delay in the environment’s response to the agent’s actions. Figure 10.4
(bottom panels) shows the results of the same experiment as above, but now
with sticky actions. The performance of the various algorithms considered here
generally remains similar, with some per-game differences (e.g., for the game
SPACE INVADERS).

Although Atari 2600 games are fundamentally deterministic, randomness is
introduced in the learning process by a number of phenomena, including side
effects of distributional value iteration (Section 7.4), state aliasing (Section 9.1),
the use of a stochastic e-greedy policy, and the sticky-actions delay added by the
Arcade Learning Environment. In many situations, this results in distributional
agents making surprisingly complex predictions (Figure 10.5). A common
theme is the appearance of bimodal or skewed distributions when the outcome
is uncertain — for example, when the agent’s behavior in the next few time steps
is critical to its eventual success or failure. Informally, we can imagine that
because the agent predicts such outcomes, it in some sense “knows” something
more about the state than, say, an agent that only predicts the expected return.
We will see some evidence to this effect in the next section.

Furthermore, incorporating distributional predictions in a deep reinforcement
learning agent provides an additional degree of freedom in defining the number
and type of predictions that an agent makes at any given point in time. C51, for
example, is parameterized by the number of particles m used to represent prob-
ability distributions as well as the range of its support (described by 6,,). Figure
10.6 illustrates the change in human-normalized interquartile mean (measured
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Figure 10.5

Example return distributions predicted by IQN agents in four Atari 2600 games: (a)
Space INvADERs (published by Atari, Inc.), (b) Pong (from VibEo Orympics, published by
Atari, Inc.), (¢) Ms. Pac-MaN (published by Midway Manufacturing), and (d) H.E.R.O.
(published by Atari, Inc.). In each panel, action-return distributions for the game state
shown are estimated for each action using kernel density estimation (over 1000 samples
7). The outlined distribution corresponds to the action with the highest expected return
estimate (chosen by the greedy selection rule).

at the end of training) that results from varying both of these hyperparameters.
These results illustrate the commonly reported finding that predicting distribu-
tions leads to improved performance, with more accurate predictions generally
helping. More generally, this illustrates that an agent’s performance depends
to a good degree on the chosen distribution representation; this is an example
of what is called an inductive bias. In addition, as illustrated by the results for
m =201 and larger values of 6, there is clearly a complex relationship between
an agent’s parameterization and its aggregate performance across Atari 2600
games.

The development of deep distributional reinforcement learning agent architec-
tures continues to be an active area of research. Recent advances have provided
further improvements to the game-playing performance of such agents in Atari
2600 video games, including fully parameterized quantile networks (FQF; Yang
et al. 2019), which extend the ideas underlying QR-DQN and IQN, and moment-
matching DQN (MM-DQN; Nguyen et al. 2021), which defines a training loss
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Aggregate performance (HNIQM) of C51 as a function of (a) the number of particles m
and (b) the largest return that can be predicted (6,,), for m = 51. Performance is averaged
over the last 10 million frames of training, and error bars indicate bootstrapped 95
percent confidence intervals (see main text).

via the MMD metric described in Chapter 4. Distributional reinforcement learn-
ing has also been combined with a variety of other deep reinforcement learning
techniques, as well as being used to improve exploration; we discuss some of
these techniques in the bibliographical remarks.

10.5 How Predictions Shape State Representations

Deep reinforcement learning algorithms adjust the weights w of their neural
network in order to minimize the error in their predictions. For example, DQN’s
semi-gradient update rule

wewtalr+y max Ow(x',a") = Q(x, @)V, Qu(x, @)

adjusts the network weights w in proportion to the temporal-difference error and
the first-order relationship between each weight and the action-value prediction
Q,,(x, a). One way to understand how predictions influence the agent’s behavior
is to consider how these predictions affect the parameters w.

In all agent architectures studied in this chapter, the algorithm’s predictions
are formed from linear combinations of the outputs of the hidden units at the
penultimate layer. Consequently, we may separate the network weights into
two sets: the weights that map inputs to the penultimate layer and the weights
that map this layer to predictions (Figures 10.1 and 10.2). In fact, we may think
of the output of the penultimate layer as a state representation ¢(x), where the
mapping ¢ : X — R”" is implemented by the earlier layers. Viewed this way, the
learning process simultaneously modifies the parameterized mapping ¢ and the
weights of the final layer in order to make better predictions.
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Left: Example frame from the game FReeway (published by Activision, Inc.). Center
and right: Reproduced from Such et al. (2019) with permission. Input images synthe-
sized to maximally activate individual hidden units in either a DQN or Rainbow (C51)
network. Each row represents a different hidden unit; individual columns correspond to
one of the four images provided as input to the networks.

We should also expect that the type and number of predictions made by
the agent should influence the nature of the state representation. To test this
hypothesis, Such et al. (2019) studied the patterns detected by individual hidden
units in the penultimate layer of trained neural networks. In their experiments,
input images were synthesized to maximize the output of a given hidden unit
(see, e.g., Olah et al. 2018, for a discussion of how this can be done). For
example, Figure 10.7 compares the result of this process applied to networks that
either predict action-value functions (DQN) or categorical return distributions
(Rainbow (Hessel et al. 2018), a variant of C51 enhanced with additional
algorithmic components). Across multiple Atari 2600 games, Such et al. found
that making distributional predictions resulted in state representations that
better reflected the structure of the Atari 2600 game being played: for example,
identifying horizontal elements (car lanes) in the game FREwAy (shown in the
figure).

Understanding how distributional reinforcement learning affects the state
representation implied by the network and how that representation affects per-
formance is an active area of research. One challenge is that deep reinforcement
learning architectures have a great deal of moving parts, many of which are
tuned by means of hyperparameters, and obtaining relevant empirical evidence
tends to be computationally demanding. In addition, changing the state repre-
sentation has a number of downstream effects on the learning process, including
changing the optimization landscape, reducing or amplifying the parameter
noise due to the use of an incremental update rule, and of course affecting the
quality of the best achievable value function approximation. Yet, the hope is that
understanding why making distributional predictions improves performance in
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domains such as the Arcade Learning Environment should shed light on the
design of more efficient deep reinforcement learning agents.

10.6 Technical Remarks

Remark 10.1. Figure 10.1 shows that the DQN neural network is composed of
three convolutional layers, a fully connected layer, and finally a linear mapping
to the output Q,,(x, a). One appeal of neural networks is that these operations can
be composed fairly easily to add capacity to the learning algorithm or combine
different inputs: for example, the cosine embedding discussed in Section 10.3.

Let us denote the input to the network by x € R™, where for simplicity of
exposition, we omit the structured nature of the input (in the case of DQN, it is
a 84 x 84 x 4 array of values; four square images). Thus, for i >0, we denote
by n; € N the size of the “flattened” input vector to layer i + 1. For i > 0, the ith
layer transforms its inputs using a function f; : R"' — R" parameterized by a
weight vector w;:

X = filxiciswy), >0,

In the case of DQN, fi, f>, and f; are convolutional, while f; is fully connected.
The latter is defined by a weight matrix Wy and bias vector b4 (which in our
notation are part of wy):

Ja(xswa) = [W]x+ba]™;

recall that for z€ R, [z]* = max(0, z). In the field of deep learning, this function
is called a rectified linear transformation (ReLU; Nair and Hinton 2010).

IQN augments this network by transforming the cosine embedding ¢(7) with
another fully connected layer with the same number of dimensions as the output
of the last convolutional layer (n3):

x3p = f3((T); W3p) -
The output of these two layers is then composed by element-wise multiplication:
X3¢ =X3 0 X3 ,
which becomes the input to the original network’s final layer:
X4 = fa(X3e3W4)

itself linearly transformed into the quantile function estimate for (x, a, 7). The
reader interested in further details should consult the work of Dabney et
al. (2018a). A
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10.7 Bibliographical Remarks

Beyond Atari 2600 games, the general effectiveness of deep reinforcement
learning is well established in the literature. Perhaps the most famous example
to date is AlphaGo (Silver et al. 2016), a computer Go program that learned to
play better than the world’s best Go players. Further evidence that distributional
predictions improve the performance of deep reinforcement learning agents
can be found in experiments on a variety of domains, including the cooperative
card game Hanabi (Bard et al. 2020), stratospheric balloon flight (Bellemare
et al. 2020), robotic manipulation (Bodnar et al. 2020; Cabi et al. 2020; Vecerik
et al. 2019), simulated race car control (Wurman et al. 2022), and magnetic
control of plasma (Degrave et al. 2022).

10.1. Early reinforcement learning research has close ties with the study of
connectionist systems; see, for example, Barto et al. (1983) and Bertsekas
and Tsitsiklis (1996). Tesauro (1995) combined temporal-difference learning
with a single-layer neural network to produce TD-Gammon, a grandmaster-
level Backgammon player and early deep reinforcement learning algorithm.
Neural Fitted Q-iteration (Riedmiller 2005) implements many of the ingredients
later found in DQN, including replaying past experience (Lin 1992) and the
use of a target network; the method has been successfully used to control a
soccer-playing robot (Riedmiller et al. 2009).

The Arcade Learning Environment (Bellemare et al. 2013a), itself based
on the Stella emulator (Mott et al. 1995-2023), introduced Atari 2600 game-
playing as a challenge domain for artificial intelligence. Early results on the
Arcade Learning Environment included both reinforcement learning (Bellemare
et al. 2012a, 2012b) and planning (Bellemare et al. 2013b; Lipovetzky et
al. 2015) solutions. The DQN algorithm demonstrated the ability of deep neural
networks to effectively tackle this domain (Mnih et al. 2015). Since then, deep
reinforcement learning has been applied to produce high-performing policies
for a variety of video games and image-based control problems (e.g., Beattie
et al. 2016; Levine et al. 2016; Kempka et al. 2016; Bhonker et al. 2017; Cobbe
et al. 2020). Machado et al. (2018) study the relative performance of linear
and deep methods in the context of the Arcade Learning Environment. See
Francois-Lavet et al. (2018) and Arulkumaran et al. (2017) for reviews of deep
reinforcement learning and Graesser and Keng (2019) for a practical overview.
Montfort and Bogost (2009) give an excellent history of the Atari 2600 video
game console itself.
10.2-10.3. The C51, QR-DQN, and IQN agent architectures and algorithms
were respectively introduced by Bellemare et al. (2017a), Dabney et al. (2018b),
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and Dabney et al. (2018a). Open-source implementations of these three algo-
rithms are available in the Dopamine framework (Castro et al. 2018) and the
DQN Zoo (Quan and Ostrovski 2020). The idea of implicitly parameterizing
other arguments of the prediction function has been used extensively to deal with
continuous actions; see, for example, Lillicrap et al. (2016b) and Barth-Maron
et al. (2018).

There is by now a wide variety of deep distributional reinforcement learn-
ing algorithms, many of which outperform IQN. FQF (Yang et al. 2019)
approximates the return distribution with a weighted combination of Diracs
by combining the IQN architecture with a method for selecting which values
of 7€(0, 1) to feed into the network. MM-DQN (Nguyen et al. 2021) use an
architecture based on QR-DQN in combination with an MMD-based loss as
described in Chapter 4; typically, the Gaussian kernel has been found to provide
the best empirical performance, despite a lack of theoretical guarantees. Both
Freirich et al. (2019) and Doan et al. (2018) propose the use of generative
adversarial networks (Goodfellow et al. 2014) to model the reward distribution.
Freirich et al. also extend this approach to the case of multivariate rewards.
There are also several recent modifications to the QR-DQN architecture that
seek to address the quantile-crossing problem — namely, that the outputs of
the QR-DQN network need not satisfy the natural monotonicity constraints of
distribution quantiles. Yue et al. (2020) propose to use deep generative mod-
els combined with a postprocessing sorting step to obtain monotonic quantile
estimates. Zhou et al. (2021) parameterize the difference between successive
quantiles, rather than the quantile locations themselves, to enforce monotonic-
ity; this approach was extended by Luo et al. (2021), who directly parameterize
the quantile function via rational-quadratic splines. Developing and improving
deep distributional reinforcement learning agents continues to be an exciting
direction of research.

Several agents also incorporate a distributional loss in combination with
a variety of other deep reinforcement learning techniques. Munchausen-IQN
(Vieillard et al. 2020) combines IQN with a form of entropy regularization, and
Rainbow (Hessel et al. 2018) combines C51 with a variety of modifications
to DQN, including double Q-networks (van Hasselt et al. 2016b), prioritized
experience replay (Schaul et al. 2016), a value-advantage dueling architecture
(Wang et al. 2016), parameter noise for exploration (Fortunato et al. 2018),
and multistep returns (Sutton 1988). There has also been a wide variety of
work combining distributional RL with the actor-critic framework, typically
by modifying the critic to include distributional predictions; see, for exam-
ple, Tessler et al. (2019), Kuznetsov et al. (2020), and Duan et al. (2021) and
Nam et al. (2021).
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Several recent deep reinforcement learning agents have also leveraged return
distribution estimates to improve exploration. Nikolov et al. (2019) combine
C51 with information-directed exploration to obtain an agent that outperforms
IQN, as judged by human-normalized mean and median performance on Atari
2600. Mavrin et al. (2019) extract an estimate of parametric uncertainty from
distributions learned under QR-DQN and use this information to specify an
exploration bonus. Clements et al. (2020) similarly build on QR-DQN to esti-
mate both aleatoric and epistemic uncertainties and use these for exploratory
action selection. Zhang and Yao (2019) use the quantile representation learned
by QR-DQN to form a set of options, with policies that vary in their risk-
sensitivity, to improve exploration. Further use cases continue to be developed,
with Lin et al. (2019) decomposing the reward signal into independent streams,
all of which are then predicted.

10.4. The training and evaluation protocol presented here, including the idea
of a human-normalized score, is due to Mnih et al. (2015); more generally,
Bellemare et al. (2013a) propose the use of a normalization scheme in order to
compare agents across Atari 2600 games. The sticky-actions mechanism was
proposed by Machado et al. (2018), who give evidence that a naive trajectory
optimization algorithm (see also Bellemare et al. 2015) can achieve scores
comparable to DQN when evaluated with the deterministic version of the ALE.
Our use of the interquartile mean to compare score follows the recommendations
of Agarwal et al. (2021), who also highlight reproducibility concerns when
evaluating across multiple-domain games. See also Henderson et al. (2018).
The experiments reported here were performed using the DQN Zoo (Quan and
Ostrovski 2020).

10.5. The success of distributional reinforcement learning algorithms on large
benchmarks such as the Arcade Learning Environment is often attributed to
their use as auxiliary tasks (Jaderberg et al. 2017). Auxiliary tasks are ancillary
predictions made by the neural network that stabilize learning, shape the state
representation implied by the neural network, and improve end performance
(Lample and Chaplot 2017; Kartal et al. 2019; Agarwal et al. 2020; Laskin
et al. 2020; Guo et al. 2020; Lyle et al. 2021). Their effect on the penultimate
layer of the network is discussed more formally by Chung et al. (2018), Belle-
mare et al. (2019a), and Le Lan et al. (2022). Dabney et al. (2020a) argue that
representation learning plays a particularly acute role in deep reinforcement
learning when considering the control problem, in which the policy under eval-
uation changes over time. General value functions (GVFs) provide a language
for describing auxiliary tasks and expressing an agent’s knowledge (Sutton et
al. 2011). Schlegel et al. (2021) extend some of these ideas to the deep learning
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setting, in particular considering how GVFs are useful features in the context of
sequential prediction.

As an alternative explanation for the empirical successes of distributional
reinforcement learning, Imani and White (2018) study the effect of distributional
predictions on optimisation landscapes.

10.8 Exercises

Many of the exercises in this chapter are hands-on and open-ended in nature
and require programming or applying published learning algorithms to stan-
dard reinforcement learning domains. More generally, these exercises are
designed to give the reader some experience in performing deep reinforce-
ment learning experiments. As a starting point, we recommend that the reader
use open-source implementations of the algorithms covered in this chapter. The
Dopamine framework’® (Castro et al. 2018) provides implementations of the
DQN, C51, QR-DQN, and IQN agents and support for the Acrobot domain.
DQN Zo00” (Quan and Ostrovski 2020) is a collection of open-source reference
implementations that were used to generate the results of this chapter.

Exercise 10.1. In this exercise, you will apply deep reinforcement learning
methods to the Acrobot domain (Sutton 1996). Acrobot is a two-link pendulum
where the state gives the joint angles of the two links and their corresponding
angular velocities. Because the inputs are vectors rather than images, the DQN
agent described in this chapter must be adapted to this domain by replacing the
convolutional layers by one or multiple fully connected layers and substituting a
simple state encoding for the image preprocessing (in Dopamine, this encoding
is given by what is called Fourier features (Konidaris et al. 2011)). Of course,
the reader is encouraged to think of possible alternatives to both of these choices.

(1) Train a DQN agent, varying the frequency at which the target network is
updated. Plot the value function over time, at the initial starting state and for
different update frequencies.

(i1) Train a DQN agent, but now varying the size of the replay buffer. Describe
the effect of the replay buffer size on the learning algorithm in this case.

(iii) Modify the DQN implementation to train from each transition as it is
received, rather than via the replay buffer. Compare this to the previous
results.

(iv) Starting from an implementation of the C51 agent, implement the signed
distributional algorithm from Section 9.6. Train both C51 and the signed

78. https://github.com/google/dopamine
79. https://github.com/deepmind/dqn_zoo
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algorithm on Acrobot. Visualize the return-distribution function predictions
made for the same initial state, over time. Plot the average undiscounted
return obtain by either algorithm over time. Explain your findings.

(v) Train both QR-DQN and IQN agents on Acrobot, and visualize the dis-
tributional predictions made for the same initial state. For IQN, this will
require querying the deep neural network for multiple values of 7. Visualize
those predictions at different points during an episode; do they behave as
expected? A

Exercise 10.2 (*). In this exercise, you will apply deep RL methods to the
MinAtar domain (Young and Tian 2019), which is a set of simplified versions
of Atari 2600 games (ASTERIX, BREAKOUT, FREEWAY, SEAQUEST, SPACE INVADERS).

(i) Using MinAtar’s built-in human-play example, play each game for ten
episodes and log your scores. How much variability do you see between
episodes? Plot the scores versus games played; does your performance
improve over time?

(i) Implement a random agent that takes actions uniformly at random. Evaluate
the random agent on each MinAtar game for at least ten episodes and log
the agent’s scores for each game and episode.

(iii) Train a C51 agent to play BrReakouT in MinAtar for 2 million frames
(approximately 2.5 hours on a GPU). Use the default hyperparameters for
the range of predicted returns (6, =—10 and 6,, = 10). Use your recorded
scores from above (for human and random players) to compute C51’s human-
normalized score. How do these compare with those reported for C51 on
the corresponding games in Atari 2600?

(iv) Based upon your performance and that of the random agent, compute a
reasonable estimate of the maximum achievable discounted return in each
game. Train C51, again for 2 million frames, using this maximum return
to set the particle locations. Compare this agent’s performance in terms of
human-normalized score with that of the default C51 agent above. How do
they compare?

(v) Train a QR-DQN agent on the MinAtari BREAKOUT game, evaluating in
terms of human-normalized score. Inspecting the learned return distributions,
how do these distributions compare with those learned by C51? Do any of
the quantile estimates exceed your estimated maximal discounted return?
Why might this happen?

(vi) Train DQN, C51, and QR-DQN agents with your preferred hyperparam-
eters, for 5 million frames with at least three seeds, on each of the five
MinAtar games. Compute the human-normalized interquartile mean score
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(HNIQM) for each method versus training steps. How do your results com-
pare with those see in Figure 10.4? Note that this exercise will require
significantly greater computational resources than others and will in general
require running multiple agents in parallel. A
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1 1 Two Applications and a Conclusion

We conclude by highlighting two applications of the core ideas covered in
earlier chapters, with the aim to give a sense of the range of domains to which
ideas from distributional reinforcement learning have been and may eventually
be applied.

11.1 Multiagent Reinforcement Learning

The core setting studied in this book is the interaction between an agent and its
environment. The model of the environment as an unchanging, static Markov
decision process is a good fit for many problems of interest. However, a notable
exception is the case in which the agent finds itself interacting with other
learning agents. Such settings arise in games, both competitive and cooperative,
as well as real-world interactions such as in autonomous driving.

Interactions between distinct agents lead to an incredibly rich space of learn-
ing problems. What is possible is governed by considerations such as how
many agents there are, whether their interests are aligned or competing, whether
they have the same information about the environment, whether they must act
concurrently or sequentially, and whether they can directly communicate with
each other. We choose to focus here on just one of many models for cooperative
multiagent interactions.

Definition 11.1 (Boutilier 1996). A multiagent Markov decision process
(MMDP) is a Markov decision process (X, A, &y, Px, Pg) in which the action
set A has a factorized structure A = Hﬁl A;, for some integer N € N* and finite
nonempty sets A;. We refer to N as the number of players in the MMDP. A

An N-player MMDP describes N agents interacting with an environment. At
each stage, agent i selects an action q; € A; (i=1, ..., N), knowing the current
state x € X of the MMDP, but without knowledge of the actions of the other
agents. All agents observe the reward resulting from the joint action (ay, ..., ay)

319
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and share the joint goal of maximizing the discounted sum of rewards arising in
the MMDP; their interests are perfectly aligned.

To compute a joint optimal policy for the agents, one approach is to treat
the problem as an MDP and use either dynamic programming or temporal-
difference learning methods to compute an optimal policy. These methods
assume centralized computation of the policy, which is then communicated to
the agents to execute.

By contrast, the decentralized control problem is for the agents to arrive
at a joint optimal policy through direct interaction with the environment and
without any centralized or interagent communication; this is pertinent when
communication between agents is impossible or costly, and a model of the
environment is not known. Thus, the agents jointly interact with the environment,
producing transitions of the form (x, (ay, ...,ay), r, x’); agent i observes only
(x, a;, r, x") and must learn from transitions of this form, without observing the
actions of other agents that influenced the transition.

Example 11.2. The partially stochastic climbing game (Kapetanakis and
Kudenko 2002; Claus and Boutilier 1998) is an MMDP with a single non-
terminal state (also known as a matrix game), two players, and three actions per
player. The reward distributions for each combination of the players’ actions
are shown on the left-hand side of Figure 11.1; the first player’s actions index
the rows of this matrix, and the second player’s actions index the columns. All
rewards are deterministic, except for the case of the central element, where
the distribution is uniform over the set {0, 14}. This environment represents a
coordination challenge for the two agents: the optimal strategy is for both to
take the first action, but if either agent deviates from this strategy (by exploring
the value of other actions, for example), negative rewards of large magnitude
are incurred. A

A concrete example of an approach to the decentralized control problem is
for each agent to independently implement Q-learning with these transitions
(Tan 1993). The center panels of Figure 11.1 show the result of the agents
using Q-learning to learn in the partially stochastic climbing game. Both agents
act using an e-greedy policy, with € decaying linearly during the interaction
(beginning at 1 and ending at 0), and use a step size of @ =0.001 to update their
action values. Due to the exploration the agents are undertaking, the first action
is judged as worse than the third action by both agents, and both quickly move
to using the third action, hence not discovering the optimal behavior for this
environment.

The failure of the Q-learning agents to reach the optimal behavior stems from
the fact that from the point of view of an individual agent, the environment it is
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Left: Table specifying reward distributions for the partially stochastic climbing game.
Right: Learned action values for each player—action combination under Q-learning (first
column) and a distributional algorithm (second column).

interacting with is no longer Markov; it contains other learning agents, which
may adapt their behavior as time progresses, and in particular in response to
changes in the behavior of the individual agent itself. Redesigning learning
rules such as Q-learning to take into account the changing behavior of other
agents in the environment is a core means of encouraging better cooperation
between agents in such settings in multiagent reinforcement learning.
Hysteretic Q-learning (Matignon et al. 2007; HQL) is a modification of
Q-learning that swaps the usual risk-neutral value update for a rule that instead
tends to learn an optimistic estimate of the value associated with an action.
Specifically, given an observed transition (x, a, r, x"), HQL performs the update

O(x,a) < Q(x,a) + (a]l{A >0} +B1{A< O})A ,
where A=r+7y ma))(( Q(x',a) — Q(x, a) is the TD error associated with the tran-
a’e

sition. Here, 0 <8 <« are asymmetric step size parameters associated with
negative and positive TD errors. By making larger updates in response to posi-
tive TD errors, the learnt Q-values end up placing more weight on high-reward
outcomes. In fact, this update can be shown to be equivalent to following the
negative gradient of the expectile loss encountered in Section 8.6:

O(x,a) — O(x,a) + (a + )| Lia<0) — TIA,

with 7=/e+g. The values learnt by HQL are therefore a kind of optimistic
summary of the agent’s observations. The motivation for learning values in this
way is that low-reward outcomes may be due to the exploratory behavior from
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other agents, which may be avoided as learning progresses, while rewarding
transitions may eventually occur more often, as other agents improve their
policies and are able to more reliably produce these outcomes. Matignon et
al. (2007) show that hysteretic Q-learning can lead to improved coordination
among decentralized agents compared to independent Q-learning in a range of
environments.

Distributional reinforcement learning provides a natural framework to build
optimistic learning algorithms of this form, by combining an algorithm for
learning representations of return distributions (Chapters 5 and 6) with a risk-
sensitive policy derived from these distributions (Chapter 7). To illustrate this
point, we compare the results of independent Q-learning on the partially stochas-
tic climbing game with the case where both agents use a distributional algorithm
in which distributions are updated using categorical TD updates. We take distri-
butions supported on {—30, —29, ..., 30} and define greedy actions defined in a
risk-sensitive manner; in particular, the greedy action is the one with the greatest
expectile at level 7, calculated from the categorical distribution estimates (see
Chapter 7), with 7 linearly decaying from 0.9 to 0.7 throughout the course of
learning.

Figure 11.1 shows the learnt action values by both distributional agents in
this setting; the exploration schedule and step sizes are the same as for the
independent Q-learning agents. This level of optimism means that action values
are not overly influenced by the exploration of other agents and is also not too
high so as to be distracted by the (stochastic) outcome of fourteen available
when both agents play the second action, and indeed the agents converge to the
optimal joint policy in this case. We remark, however, that the optimism level
chosen here is tuned to illustrate the beneficial effects that are possible with
distributional approaches to decentralized cooperative learning, and in general,
other choices of risk-sensitive policies will not lead to optimal behavior in this
environment. This is illustrative of a broader tension: while we would like to be
optimistic about the behavior of other learning agents, the approach inevitably
leads to optimism in aleatoric environment randomness (in this example, the
randomness in the outcome when both players select the second action). With
both distributional and nondistributional approaches to decentralized multiagent
learning, it is difficult to treat these sources of randomness differently from one
another.

The majority of work in distributional multiagent reinforcement learning
has focused on the case of large-scale environments, using deep reinforcement
learning approaches such as those described in Chapter 10. Lyu and Amato
(2020) introduce Likelihood Hysteretic IQN, which uses return distribution
learnt by an IQN architecture to adapt the level of optimism used in value
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function estimates throughout training. Da Silva et al. (2019) also found benefits
from using risk-sensitive policies based on learnt return distributions. In the
centralized training, decentralized execution regime (Oliehoek et al. 2008),
Sun et al. (2021) and Qiu et al. (2021) empirically explore the combination of
distributional reinforcement learning with previously established value function
factorization methods (Sunehag et al. 2017; Rashid et al. 2018; Rashid et
al. 2020). Deep distributional reinforcement learning agents have also been
successfully employed in cooperative multiagent environments without making
any use of learnt return distributions beyond expected values. The Rainbow
agent (Hessel et al. 2018), which makes use of the C51 algorithm described
in Chapter 10, forms a baseline for the Hanabi challenge (Bard et al. 2020).
Combinations of deep reinforcement learning with distributional reinforcement
learning have found application in a variety of multiagent problems to date;
we expect there to be further experimentally driven research in this area of
application and also remark that the theoretical understanding of how such
algorithms perform is largely open.

11.2 Computational Neuroscience

Machine learning and reinforcement learning often take inspiration from psy-
chology, neuroscience, and animal behavior. Examples include convolutional
neural networks (LeCun and Bengio 1995), experience replay (Lin 1992),
episodic control (Pritzel et al. 2017), and navigation by grid cells (Banino
et al. 2018). Conversely, algorithms developed for artificial agents have proven
useful as computational models for building theories regarding the mechanisms
of learning in humans and animals; some authors have argued, for example, on
the plausibility of backpropagation in the brain (Lillicrap et al. 2016a). As we
will see in this section, distributional reinforcement learning is also useful in this
regard and serves to explain some of the fine-grained behavior of dopaminergic
neurons in the brain.

Dopamine (DA) is a neurotransmitter associated with learning, motivation,
motor control, and attention. Dopaminergic neurons, especially those concen-
trated in the ventral tegmental area (VTA) and substantia nigra pars compacta
(SNc) regions of the midbrain, release dopamine along several pathways pro-
jecting throughout the brain — in particular, to areas known to be involved in
reinforcement, motor function, executive functions (such as planning, decision-
making, selective attention, and working memory), and associative learning.
Furthermore, despite their relatively modest numbers (making up less than 0.001
percent of the neurons in the human brain), they are crucial to the development
and functioning of human intelligence. This can be seen especially acutely by
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dopamine’s implication in a range of neurological disorders such as Parkinson’s
disease, attention-deficit hyperactivity disorder (ADHD), and schizophrenia.
The Rescorla—Wagner model (Rescorla and Wagner 1972) posits that the
learning of conditioned behavior in humans and animals is error-driven. That
is, learning occurs as the consequence of a mismatch between the learner’s
predictions and the observed outcome. The Rescorla—Wagner equation takes
the form of a familiar update rule:%°
VeVt+a@r-V), (11.1)

N——
error

where V is the predicted reward, r the observed reward, and @ an asymmetric
step size parameter. Here, the term « plays the same role as the step size
parameter introduced in Chapter 3 but describes the modeled rate at which the
animal learns rather than a parameter proper.’!

Rescorla and Wagner’s model explained, for example, classic experiments
in which rabbits learned to blink in response to a light cue predictive of an
unpleasant puff of air (an example of Pavlovian conditioning). The model also
explained a learning phenomenon called blocking (Kamin 1968): having learned
that the light cue predicts a puff of air, the rabbits did not become conditioned to
a second cue (an audible tone) when that cue was presented concurrently with
the light. This gave support to the theory of error-driven learning, as opposed to
associative learning purely based on co-occurrence (Pavlov 1927).

Temporal-difference learning is also a type of error-driven learning, one that
accounts for the temporally extended nature of prediction. In its simplest form,
TD learning is described by the equation

VeVra(r+yV' =V), (11.2)
TD error

which improves on the Rescorla—Wagner model by decomposing the learning
target into an immediate reward (observed) and a prediction V’ about future
rewards (guessed). Just as the Rescorla—Wagner equation explains blocking,
temporal-difference learning explains how cues can themselves generate pre-
diction errors (by a process of bootstrapping). This in turn gives rise to the
phenomenon of second-order conditioning. Second-order conditioning arises
when a secondary cue is presented anterior to the main cue, which itself predicts
the reward. In this case, the secondary cue elicits a prediction of the future
reward, despite only being paired with the main cue and not the reward itself.

80. This notation resembles, but is not quite the same as, that of previous chapters, yet it is common
in the field (see, e.g., Ludvig et al. 2011).

81. Admittedly, the difference is subtle.
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In one set of experiments, the dopaminergic (DA) neurons of macaque mon-
keys were recorded as they learned that a light is predictive of the availability
of a reward (juice, received by pressing a lever).3? In the absence of reward,
DA neurons exhibit a sustained level of activity, given by the baseline or fonic
firing rate. Prior to learning, when a reward was delivered, the monkeys’ DA
neurons showed a sudden, short burst of activity, known as phasic firing (Figure
11.2a, top). After learning, the DA neurons’ firing rate no longer deviated from
the baseline when receiving the reward (Figure 11.2a, middle). However, pha-
sic activity was now observed following the appearance of the cue (CS, for
conditional stimulus).

One interpretation for these learning-dependent increases in firing rate is
that they encode a positive prediction error. The increase in firing rate at the
appearance of the cue, in particular, gives evidence that the cue itself eventually
induces a reward-based prediction error (RPE). Even more suggestive of an
error-driven learning process, omitting the juice reward following the cue
resulted in a decrease in firing rate (a negative prediction error) at the time at
which a reward was previously received; simultaneously, the cue still resulted
in an increased firing rate (Figure 11.2a, bottom).

The RPE interpretation was further extended when Montague et al. (1996)
showed that temporal-difference learning predicts the occurrence of a partic-
ularly interesting phenomenon found in an early experiment by Schultz et
al. (1993). In this experiment, macaque monkeys learned that juice could be
obtained by pressing one of two levers in response to a sequence of colored
lights. One of two lights (green, the “instruction”) first indicated which lever to
press. Then, a second light (yellow, the “trigger”) indicated when to press the
lever and thus receive an apple juice reward — effectively providing a first-order
cue.

Figure 11.2b shows recordings from DA neurons after conditioning. When
the instruction light was provided at the same time as the trigger light, the
DA neurons responded as before: positively in response to the cue. When the
instruction occurred consistently one second before the trigger, the DA neurons
showed an increase in firing only in response to the earlier of the two cues.
However, when the instruction was provided at a random time prior to the
trigger, the DA neurons now increased their firing rate in response to both
events — encoding a positive error from receiving the unexpected instruction
and the necessary error from the unpredictable trigger. In conclusion, varying
the time interval between these two lights produced results that could not be

82. For a more complete review of reinforcement learning models of dopaminergic neurons and
experimental findings, see Schultz (2002), Glimcher (2011), and Daw and Tobler (2014).

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



326 Chapter 11

(@) Nopredeton Ao e (b) o
o | | {5 2
bt » | ¢

-1.5 -1.0 05 2 05s 0.5 0 05s

i CE) n

Reward predicted Instruction + Trigger
Reward occurs 99
10
\
Va 0=
’ -0.5 0 0.5 1.0 15s -0.5 0 05s
B A A
Reward predicted Instruction Trigger
No reward occurs
uul;-mLm‘Mu. kb, 10
. \
) i oE
-0.5 0 0.5 25 3.0 35s -0.5 0 05s
1 A A

a i ET]
ca e P Instruction Trigger

Figure 11.2

(a) DA activity when an unpredicted reward occurs, when a cue predicts a reward and it
occurs, and when a cue predicts a reward but it is omitted. The data are presented both
in raster plots showing firing of a single dopaminergic neuron and as peri-stimulus time
histograms (PSTHs) — histograms capturing neuron firing rate over time. Conditioned
stimulus (CS) marks the onset of the cue, with delivery or omission of reward indicated
by (R) or (no R). From Schultz et al. (1997). Reprinted with permission from AAAS. (b)
PSTHs averaged over a population of dopamine neurons for three conditions examining
temporal credit assignment. From Schultz et al. (1993), copyright 1993 Society for
Neuroscience.

completely explained by the Rescorla—Wagner model but were consistent with
TD learning.

The temporal-difference learning model of dopaminergic neurons suggests
that, in aggregate, these neurons modulate their firing rate in response to unex-
pected rewards or in response to an anticipated reward failing to appear. In
particular, the model makes two predictions: first, that deviations from the
tonic firing rate should be proportional to the magnitude of the prediction error
(because the TD error in Equation 11.2 is linear in r), and second, that the tonic
firing rate in a trained animal should correspond to the situation in which the
received reward matches the expected value (that is, r +yV’ =V, in which case
there is no prediction error).

For a given DA neuron, let us call reversal point the amount of reward ry
for which, if a reward r < r is received, the neuron expresses a negative error,
and if a reward r > ry is received, it expresses a positive error.3> Under the
TD learning model, individual neurons should show approximately identical
reversal points (up to an estimation error) and should weigh positive and neg-
ative errors equally (Figure 11.3a). However, experimental evidence suggests

83. Assuming that the return is r (i.e., there is no future value V”). We can more generally define
the reversal point with respect to an observed return, but this distinction is not needed here.
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Figure 11.3

(a) The temporal-difference learning model of DA neurons predicts that, while individual
neurons may show small variations in reversal point (e.g., due to estimation error), their
response should be linear in the TD error and weight positive and negative errors
equally. Neurons are sorted from top to bottom in decreasing order of reversal point.
(b) Measurements of the change in firing rate in response to each of the seven possible
reward magnitudes (indicated by marker and shading) for individual dopaminergic
neurons in mice (Eshel et al. 2015), sorted in decreasing order of imputed reversal point.

These measurements exhibit marked deviation from the linear error-response predicted
by the TD learning model.

otherwise — that individual neurons instead respond to the same cue in a man-
ner specific to each neuron and asymmetrically depending on the reward’s
magnitude (Figure 11.3b).

Eshel et al. (2015) measured the firing rate of individual DA neurons of
mice in response to a random reward 0.1,0.3, 1.2,2.5, 5, 10, or 20 uL of juice,
chosen uniformly at random for each trial. Figure 11.4a shows the change
in firing rate in response to each reward, after conditioning, as a function of
each neuron’s imputed reversal point (see Dabney et al. 2018 for details). The
analysis illustrates a marked asymmetry in the response of individual neurons
to reward; the neurons with the lowest reversal points, in particular, increase
their firing rate for almost all rewards.

We may explain this phenomenon by considering a per-neuron update rule
that incorporates an asymmetric step size, known as the distributional TD model.
Because the neurons’ change in firing rate does in general vary monotonically
with the magnitude of the reward, it is natural to consider an incremental
algorithm derived from expectile dynamic programming (Section 8.6). As
before, let ()], be values in the interval (0, 1), and (8;)", a set of adjustable
locations. Here, i corresponds to an individual DA neuron, such that 8; denotes
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the predicted future reward for which this neuron computes an error, and 7;
determines the asymmetry in its step size. For a sample reward r, the negative
gradient of the expectile loss (Equation 8.13) with respect to 6; yields the update
rule
0 — 0+ a|Lliy<q)—7il(r—6y), (11.3)
expectile error
Here, the term |1, <4, — 7;| constitutes an asymmetric step size.

Under this model, the reversal point of a neuron corresponds to the prediction
6;, and therefore a neuron’s deviation from its tonic firing rate corresponds to
the expectile error. In turn, the slope or rate at which the firing rate is reduced
or increased as a function of the error reflects in some sense the neuron’s “step
size” a|lig <4, — 7il. By measuring the slope of a neuron’s change in firing rate
for rewards smaller and larger than the imputed reversal point, one finds that
different neurons indeed exhibit asymmetric slopes around their reversal point
(Figure 11.4a).

Given the slopes @™ and @~ above and below the reversal point, respectively,
for an individual neuron, we can recover an estimate of the asymmetry parameter

7; according to

aJr

T rra

With this change of variables, one finds a strong correlation between indi-
vidual neurons’ reversal points (6;) and their inferred asymmetries (7;); see
Figure 11.4b. This gives evidence that the diversity in responses to rewards of
different magnitudes is structured consistent with an expectile representation of
the distribution learned through asymmetric scaling of prediction errors, that is,
evidence supporting the distributional TD model of dopamine.

As a whole, these results suggest that the behavior of dopaminergic neurons
is best modeled not with a single global update rule, such as in TD learning,
but rather a collection of update rules that together describe a richer prediction
about future rewards — a distributional prediction. While the downstream uses
of such a prediction remain to be identified, one can naturally imagine that
there should be behavioral correlates involving risk and uncertainty. Other open
questions around distributional RL in the brain include: What are the biological
mechanisms that give rise to the diverse asymmetric responses in DA neurons?
How, and to what degree, are DA neurons and those that encode reversal points
coupled, as required by the distributional TD model? Does distributional RL
confer representation learning benefits in biological agents as it does in artificial
agents?
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(a) Examples of the change in firing rate in response to various reward magnitudes for
individual dopaminergic (DA) neurons showing asymmetry about the reversal point.
Each plot corresponds to an individual DA neuron, and each point within, with error bars
showing standard deviation over trials, shows that neuron’s change in firing rate upon
receiving one of the seven reward magnitudes. Solid lines correspond to the piecewise
linear best fit around the reversal point. (b) Estimated asymmetries strongly correlate
with reversal points as predicted by distributional TD. For all measured DA neurons
(n=40), we show the estimated reversal point versus the cell’s asymmetry. We observe a
strong positive correlation between the two, as predicted by the distributional TD model.

11.3 Conclusion

The act of learning is fundamentally an anticipatory activity. It allows us to
deduce that eating certain kinds of foods might be hazardous to our health and
consequently avoid them. It helps the footballer decide how to kick the ball into
the opposite team’s net and the goalkeeper to prepare for the save before the
kick is even made. It informs us that studying leads to better grades; experience
teaches us to avoid the highway at rush hour. In a rich, complex world, many
phenomena carry a part of unpredictability, which in reinforcement learning
we model as randomness. In that respect, learning to predict the full range of
possible outcomes — the return distribution — is only natural: it improves our
understanding of the environment “for free,” in the sense that it can be done in
parallel with the usual learning of expected returns.

For the authors of this book, the roots of the distributional perspective lie
in deep reinforcement learning, as a technique for obtaining more accurate
representations of the world. By now, it is clear that this is but one potential
application. Distributional reinforcement learning has proven useful in settings
far beyond what was expected, including to model the behaviors of coevolving
agents and the dynamics of dopaminergic neurons. We expect this trend to
continue and look forward to seeing its greater application in mathematical

Downloaded from http://direct.mit.edu/books/oa-monograph-pdf/2111075/book_9780262374026.pdf by guest on 05 May 2025



330 Chapter 11

finance, engineering, and life sciences. We hope this book will provide a sturdy
foundation on which these ideas can be built.

11.4 Bibliographical Remarks

11.1. Game theory and the study of multiagent interactions is a research disci-
pline that dates back almost a century (von Neumann 1928; Morgenstern and
von Neumann 1944). Shoham and Leyton-Brown (2009) provide a modern
summary of a wide range of topics relating to multiagent interactions, and
Oliehoek and Amato (2016) provide a recent overview from a reinforcement
learning perspective. The MMDP model described here was introduced by
Boutilier (1996), and forms a special case of the general class of Markov games
(Shapley 1953; van der Wal 1981; Littman 1994). A commonly encountered
generalization of the MMDP is the Dec-POMDP (Bernstein et al. 2002), which
also allows for partial observations of the state. Lauer and Riedmiller (2000)
propose an optimistic algorithm with convergence guarantees in deterministic
MMDPs, and many other (nondistributional) approaches to decentralized con-
trol in MMDPs have since been considered in the literature (see, e.g., Bowling
and Veloso 2002; Panait et al. 2003; Panait et al. 2006; Matignon et al. 2007,
2012; Wei and Luke 2016), including in combination with deep reinforcement
learning (Tampuu et al. 2017; Omidshafiei et al. 2017; Palmer et al. 2018;
Palmer et al. 2019). There is some overlap between certain classes of these
techniques and distribution reinforcement learning in stateless environments,
as noted by Rowland et al. (2021), on which the distributional example in this
section is based.

11.2. A thorough review of the research surrounding computational models
of DA neurons is beyond the scope of this book. For the machine learning
researcher, Niv (2009) and Sutton and Barto (2018) provide a broad discus-
sion and historical account of the connections between neuroscience and
reinforcement learning; see also the primer by Ludvig et al. (2011) for a
concise introduction to the topic and the work by Daw (2003) for a neuroscien-
tific perspective on computational models. Other recent, neuroscience-focused
overviews are provided by Shah (2012), Daw and Tobler (2014), and Lowet
et al. (2020). Here we highlight a few key works due to their historical rele-
vance, as well as those that provide context into both compatible and competing
hypotheses surrounding dopamine-based learning in the brain.

As discussed in Section 11.2, Montague et al. (1996) and Schultz et al. (1997)
provided the early experimental findings that led to the formulation of the
temporal-difference model of dopamine. These results followed mounting evi-
dence of limitations in the Rescorla—Wagner model (Schultz 1986; Schultz and
Romo 1990; Ljungberg et al. 1992; Miller et al. 1995).
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Dopamine’s role in learning (White and Viaud 1991), motivation (Mogenson
et al. 1980; Cagniard et al. 2006), motor control (Barbeau 1974), and attention
(Nieoullon 2002) has been extensively studied and we recommend the interested
reader consult Wise (2004) for a thorough review.

We arrived at our claim of less than 0.001 percent of the brain’s neurons
being dopaminergic based upon the following two results. First, there are
approximately 86 + 8 billion neurons in the adult human brain (Azevedo et
al. 2009), with only 400,000 to 600,000 dopaminergic neurons in the midbrain,
which itself contains approximately 75 percent of all DA neurons in the human
brain (Hegarty et al. 2013).

Much of the work untangling the role of DA in the brain was borne out of
studying associated neurological disorders. The loss of midbrain DA neurons is
seen as the neurological hallmark of Parkinson’s disease (Hornykiewicz 1966;
German et al. 1989), while ADHD is associated with reduced DA activity
(Olsen et al. 2021), and the connections between dysregulation of the dopamine
system and schizophrenia have continued to be studied and refined for many
years (Braver et al. 1999; Howes and Kapur 2009).

Recently, Muller et al. (2021) used distributional RL to model reward-related
responses in the prefrontal cortex (PFC). This may suggest a more ubiquitous
role for distributional RL in the brain.

While the distributional TD model posits that DA neurons differ in their
sensitivity to positive versus negative prediction errors, several alternative
models have been proposed to explain the observed diversity in dopaminergic
response. Kurth-Nelson and Redish (2009) propose that the brain encodes value
with a distributed representation over temporal discounts, with a multitude of
value prediction channels differing in their discount factor. Such a model can
readily explain observations of purported hyperbolic discounting in humans
and animals. We also note that these neuroscientific models have themselves
inspired recent work in deep RL that combines multiple discount factors and
distributional predictions (Fedus et al. 2019).

Another line of research proposes to generalize temporal-difference learning
to prediction errors over reward-predictive features (Schultz 2016; Gardner et
al. 2018). These are motivated by findings in neuroscience, which have shown
that DA neurons may increase their firing in response to unexpected changes
in sensory features, independent of anticipated reward (Takahashi et al. 2017;
Stalnaker et al. 2019). This generalization of the TD model is grounded in
the concept of successor representations (Dayan 1993), but is perhaps more
precisely characterized as successor features (Barreto et al. 2017), where the
features are themselves predictive of reward.
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Tano et al. (2020) propose a temporal-difference learning algorithm for distri-
butional reinforcement learning which uses a variety of discount factors, reward
sensitivities, and multistep updates, allowing the population to make distribu-
tional predictions with a linear operator. The advantage of such a model is that it
is local, in the sense that there need not be any communication between the var-
ious value prediction channels, whereas distributional TD assumes significant
communication among the DA neurons. Relatedly, Chapman and Kaelbling
(1991) consider estimating the value function by decomposing it into the total
discounted probability of individual reward outcomes.
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Notation

Notation Description

R The set of real numbers

N, N* The set of natural numbers including (excluding)
zero: {0,1,2,...}

g The probability of one or many random variables
producing the given outcomes

2(Y) The space of probability distributions over a set Y

F,,F; 1 The cumulative distribution function (CDF) and
inverse CDF, respectively, for distribution v

Op Dirac delta distribution at 8 € R, a probability dis-
tribution that assigns probability 1 to outcome
0

N(u,o?) Normal distribution with mean u and variance o

U([a, b]) Uniform distribution over [a, b], with a, b € R

U{a,b,...}) Uniform distribution over the set {a, b, ...}

Z~v The random variable Z, with probability distribution
v

z,Z Capital letters generally denote random variables

and lowercase letters their realizations or expecta-
tions. Notable exceptions are V, Q, and P

xeX A state x in the state space X
aceA An action a in the action space A
reR A reward r from the set R

y Discount factor

Ri, Xi41 ~ P(-,- | X;, A;) Joint probability distribution of reward and next
states in terms of the current state and action
Px Transition kernel

333
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Notation

Notation Description

Pg Reward distribution function

& Initial state distribution

Xz A terminal state

Nx,Na, Ng Size of the state, action, and reward spaces (when
finite)

m A policy; usually stationary and Markov, mapping
states to distributions over actions

m* An optimal policy

k Iteration number or index of a sample trajectory

t
(Xt: Al’ Rt)IZO

Xo:-1
T

Px
Er

G
Var, Var,

Vi(x)
Q" (x,a)

z27
DZ|Y)
Gﬂ'

n

7" (x)
Sav

br,’Y

RMIN > RMAX B VMIN > VMAX

Time step or time index

A trajectory of random variables for state, action,
and reward produced through interaction with a
Markov decision process

A sequence of random variables

Length of an episode

The distribution over trajectories induced by a
Markov decision process and a policy 7

The expectation operator for the distribution over
trajectories induced by P,

A random-variable function or random return
Variance of a distribution generally and variance
under the distribution P,

The value function for policy r at state x€ X

The state-action value function for policy 7 at state
x € X and taking action a € A

Equality in distribution of two random variables
7,7

The conditional probability distribution of a random
variable Z given Y

The random-variable function for policy 7

A return-distribution function

The return-distribution function for policy r at state
xeX

Pushforward distribution passing distribution v
through the function f

Bootstrap function with reward r and discount y
Minimum and maximum possible reward and return
within an MDP
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Notation

Description

Ni(x)

{9]9 ...,Gm}

Sm

V7 (x), 777(x)

@,

I'(v,v)

Zp[R)
ZaR)

CVaR

Number of visits to state x € X up to but excluding
iteration k

Number of particles or parameters of the distribu-
tion representation

Support of a categorical distribution representation,
with 6; <6; fori< j

The gap between consecutive locations for the
support of a categorical representation with m
locations

An estimate of the value function or return distribu-
tion function at state x under policy 7

The step size in an update expression and the step
size used for iteration k

Denotes updating the variable A with the contents
of variable B

The categorical projection (Sections 3.5 and 5.6)
The quantile projection (Section 5.6)

The policy-evaluation Bellman operator and Bell-
man optimality operator, respectively

The policy-evaluation distributional Bellman oper-
ator and distributional optimality operator, respec-
tively

An operator O applied to a point U € M, where
(M, d) is a metric space.

Supremum norm on a vector space

p-Wasserstein distance

¢, distance between probability distributions
Cramér distance

The supremum extension of a probability metric d to
return-distribution functions, where the supremum
is taken over states

The set of couplings, joint probability distributions,
of v,v' € Z(R)

The set of distributions with finite pth moments
The set of distributions with finite d-distance to the
distribution § and finite first moment. Also referred
to as the finite domain of d

Conditional value at risk
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Notation

Notation

Description

SRR

5‘\c,m
Fom
10

Lz].[z]

A probability distribution representation

Empirical probability distribution representation
Normal probability distribution representation,
parameterized by mean and variance

m-categorical probability distribution representation
m-quantile probability distribution representation
A projection onto the probability distribution repre-
sentation %

Floor and ceiling operations, mapping z € R to the
nearest integer that is less or equal (floor), or greater
or equal (ceiling), than z

A probability metric, typically used for the purposes
of contraction analysis

Quantile regression loss function for target thresh-
old 7 €(0, 1) and location estimate § € R

An indicator function that takes the value 1 when u
is true and O otherwise; also 1{-}

Objective function for a control problem

Greedy policy operator, produces a policy that is
greedy with respect to a given action-value function
The Bellman and distributional Bellman optimality
operators derived from greedy selection rule G

A risk-sensitive control objective function, with risk
measure p

A statistical functional or sketch

Steady-state distribution under policy &

State representation for state x, a mapping ¢ : X —
Rn

Projection onto the linear subspace generated by ¢
with state weighting &

Space of signed probability measures over the reals
Weighted Cramér distance over return-distribution
functions, with state weighting given by &
Projection onto the linear subspace generated by ¢,
minimizing the {z, distance

Loss function

The Huber loss with threshold « >0
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convergence of, 141
Distributional optimality operator, 203
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linear function approximation, 271
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Markov property, 27, 42
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time-homogeneity, 27, 42

Markov reward process, 17
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Mean-preserving
probability distribution representation,
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projection, 74
sketch and imputation strategy, 258

Metric, 79
L™, 80
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£-weighted L2, 265
see also Probability metric
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Metric space, 79

Mixture distribution, 13

Moment function, 236

Moments, 235, 251

Monte Carlo algorithms, 53
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first-visit, 54
first-visit online incremental, 55
incremental, 174, 192, 271
nonparametric distributional, 70, 105
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59, 60, 195

Monte Carlo target, 55

Monte Carlo tree search, 53

Multiagent reinforcement learning, 319

Off-policy learning, 288
Online learning, 56
Operator, 77, 78, 80
affine, 200
contraction, 173
linear, 80
nonexpansion, 142
see also Distributional Bellman operator,
Bellman operator
Optimal policy, 69
Optimal value function, 69, 199
Optimistic policy iteration, 71

Partially stochastic climbing game, 320
Policy, 15

e-greedy, 303

greedy, 69, 202

history-dependent, 198

optimal, 198

risk-sensitive, 213

stationary Markov, 15, 198
Policy evaluation, 115
Prediction, 51
Probability of continuing, 40
Probability density function, 12
Probability distribution, 11
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Probability distribution representation,
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categorical, 59, 128, 298
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normal, 125
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uniform, 118
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Probability metric, 87
analysis, 141
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Cramér distance, 92
finite domain, 99
Kolmogorov—Smirnov, 92
£y, 92
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regular, 95
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total variation, 112
Wasserstein distance, 87
&-weighted Cramér distance, 279
Projected Bellman operator, 267
categorical temporal-difference learning,
165
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distributional dynamic programming,
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Index

for signed distributions, 280
from target network, 297
from target weights, 272
Projection
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deterministic categorical, 63
diffusion-free, 139, 247
onto distribution representation, 63
mean-preserving, 74, 203
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in probability metric d, 131
quantile, 132
stochastic categorical, 62
Projection operator, 130
for linear value function approximation,
266
signed linear return-distribution function,
279
Pushforward distribution, 36, 65

Q-learning, 69, 201
categorical, 70, 208
in DQN, 297
for multiagent reinforcement learning,
320

Quantile dynamic programming, 170
error due to diffusion, 147

Quantile loss, 189, 275, 300
Huber, 300

Quantile regression, 167, 188
asymmetric step size, 168

Quantile representation, 128, 300
implicit, 301

Quantile temporal-difference learning
(QTD), 167
with deep neural networks, 300
linear, 274
from projected Bellman operator, 168

Random trajectory, 16

Random variable, 11
probability distribution D(Z), 28

Random-variable Bellman equation, 30,
32, 83,236

Random-variable Bellman operator, 83,
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Representation learning, 293
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Rescorla—Wagner model, 324 Source state, 30, 54, 163, 173
Return, 19 State, 14
discounted, 19 aliasing, 262
existence, 19 distribution, 30
expected, 25 feature, 263
random, 11 terminal, 16, 45
random-horizon, 40, 47, 105, 112 State representation, 263
sample, 55 auxiliary tasks, 314
undiscounted, 19, 40 feature matrix, 264
undiscounted finite-horizon, 59 learning, 293, 309
Return distribution, 20, 62 for state-action pairs, 285
Return-distribution function, 5, 34, 58 tabular, 263
instantiation, 85 State-action value function, 27
nonstationary Markov optimal, 211 Statistical functional, 234
signed, 279 at-least, 242
Return-variable function, 30, 31 distribution sketch, 234
Reward, 15 domain, 234
Reward distribution, 15, 41 expectile, 248
bounded moments assumption, 101 functional value, 234
Risk measure, 213 mean, 234
coherent, 228 median, 241
conditional value-at-risk, 218 quantile, 235
entropic risk, 214 and risk measures, 254
mean-variance criterion, 214 Statistical functional dynamic
value-at-risk, 214 programming, 245
Risk-neutral control, 197 imputation step, 244
Risk-sensitive control, 214, 303, 322 Steady-state distribution, 268
Robbins—Monro conditions, 175, 180 Step size, 55, 174
Stochastic approximation theory, 163, 172
Sample experience, 56, 163 stability, 178
Sample return, 52 Stochastic gradient descent, 271
Sample target, 55, 163 analysis of TD algorithms, 179
from substitution, 164
Sample transition model, 30 Target network, 296
Sampling model, 163 Target weights, 272
Second-order conditioning, 324 Temporal-difference (TD)
Semi-gradient update rule, 270 error, 58
C51, 300 target, 57
categorical, 276 Temporal-difference (TD) learning, 56,
DQN, 297 162
quantile, 275 in the brain, 324
&-weighted Cramér distance, 280 convergence of, 183
Signed categorical dynamic programming, distributional, 327
279 as a dynamical system, 290
convergence of, 281 eigenstructure, 290
Signed distribution, 186, 277 expectile, 248

Softmax function, 150, 275, 298
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for moments, 252
online, 57
semi-gradient, 270
Termination time, 40
Trajectory, 16
distribution of, 27
sample, 52
Transition kernel, 15

Unbiased update, 164, 173
Update rule, 55
abstract, 163
CTD, 166
incremental Monte Carlo, 55
QTD, 169
Rescorla—Wagner, 324
TD learning, 57
see also Semi-gradient update rule

Value function, 26
induced, 202
optimal, 69, 199
optimal state-action, 199
0%, 199
state-action, 27

Value iteration, 199
characteristic, 256
distributional, 203
risk-sensitive, 220

Wasserstein distance, 87
contraction modulus of distributional
Bellman operator, 88

Weak convergence, 102

With probability 1, 20
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