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Abstract

This thesis consists of two independent projects, each contributing to
a central goal of artificial intelligence research: to build computer systems
that are capable of performing tasks and solving problems without problem-
specific direction from us, their designers. I focus on two formal learning
problems that have a strong mathematical grounding. Many real-world
learning problems can be cast as instances of one of these two problems.
Whenever our translation from the real to the formal accurately captures
the character of the problem, then the mathematical arguments we make
about algorithms in the formal setting will approximately hold in the real-
world as well.

The first project focuses on an open question in the theory of policy
gradient reinforcement learning methods. These methods learn by trial and
error and decide whether a trial was good or bad by comparing its outcome
to a given baseline. The baseline has no impact on the formal asymptotic
guarantees for policy gradient methods, but it does alter their finite-time
behaviour. This immediately raises the question: which baseline should we
use? I propose that the baseline should be chosen such that a certain esti-
mate used internally by policy gradient methods has the smallest error. I
prove that, under slightly idealistic assumptions, this baseline gives a good
upper bound on the regret of policy gradient methods. I derive closed-form
expressions for this baseline in terms of properties of the formal learning

problem and the computer’s behaviour. The quantities appearing in the
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closed form expressions are often unknown, so I also propose two algorithms
for estimating this baseline from only known quantities. Finally, I present
an empirical comparison of commonly used baselines that demonstrates im-
proved performance when using my proposed baseline.

The second project focuses on a recently proposed class of formal learn-
ing problems that is in the intersection of two fields of computing science
research: reinforcement learning and online learning. The considered prob-
lems are sometimes called online Markov decision processes, or Markov de-
cision processes with changing rewards. The unique property of this class is
that it assumes the computer’s environment is adversarial, as though it were
playing a game against the computer. This is in contrast to the more com-
mon assumption that the environment’s behaviour is determined entirely by
stochastic models. I propose three new algorithms for learning in Markov
decision processes with changing rewards under various conditions. I prove
theoretical performance guarantees for each algorithm that either comple-
ment or improve the best existing results and that often hold even under
weaker assumptions. This comes at the cost of increased (but still polyno-
mial) computational complexity. Finally, in the development and analysis
of these algorithms, it was necessary to analyze an approximate version of a
well-known optimization algorithm called online mirror ascent. To the best
of my knowledge, this is the first rigorous analysis of this algorithm and it

is of independent interest.
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Chapter 1

Introduction

This thesis focuses on a central goal of artificial intelligence: building com-
puter systems capable of performing tasks or solving problems without the
need for us, their designers, to treat each task or problem individually. That
is, we want algorithms that enable computers to learn for themselves how to
succeed at tasks and how to solve problems. I believe that a good approach
is to first focus on designing algorithms for formal learning problems that
we can mathematically reason about. Once we have a repertoire of formal
problems and well-understood algorithms, we can then solve a real-world
problem by first translating it into one of our formal learning problems and
then applying an algorithm designed for that formal problem. If our for-
mal model accurately captures the nature of the real-world problem, then
the mathematical arguments we make about our learning algorithms will
(nearly) hold in the real-world as well. I am not alone in this belief, and
this strategy is common in the artificial intelligence community.

To create truly general learning algorithms we should also automate the
modeling step, in which the real-world problem is approximated by a formal
one. This is a very exciting and interesting research problem, but it appears
to be quite difficult to make progress. Fortunately, even without automatic
modeling, it is still worthwhile to study and design algorithms for formal
learning problems. This is because it may be easier for a human to model

a problem than to solve it. A computing scientist equipped with a set



of descriptive formal learning problems and good learning algorithms can
then approach a difficult real-world problem by first modeling it formally
and then handing it off to a computer. Moreover, when we do eventually
have strategies for automatic modeling, it will be convenient to already have
algorithms for many formal learning problems.

This thesis describes two projects in pursuit of the strategy outlined
above. Both projects work towards answering interesting mathematical
questions arising in the design and analysis of algorithms for two different
formal learning problems. Both learning problems are formulated in the lan-
guage of reinforcement learning, which is an approach whereby the computer
learns by trial and error. Further, the algorithms studied in both projects
treat learning as mathematical optimization and are derived from an opti-
mization algorithm called gradient ascent. Finally, both projects measure
learning performance in terms of regret, which is roughly how much worse
the computer learner performed than if it had known the best strategy be-
fore hand. The title of the thesis, Policy Gradient Reinforcement Learning
Without Regret, mentions explicitly each of these three components, which
will be described in more detail in the remainder of the thesis.

The goal of the first project is to answer an open question about a fam-
ily of algorithms called policy gradient methods. The question is somewhat
technical, so for now I will only discuss it at a high level and postpone the de-
tailed description until Chapter 4. In the reinforcement learning framework,
the computer system receives a reward following each of its decisions and
its goal is to earn the most reward in the long run. Policy gradient meth-
ods learn to earn rewards by trial and error. After trying one behaviour
for a period of time, the algorithm compares the rewards it earned to a
given baseline. If the computer performed better than the baseline, then
the tendency to follow that behaviour again in the future is increased. Sim-
ilarly, if the computer performed worse than the baseline, the likelihood of
that behaviour is decreased. Surprisingly, the asymptotic formal guarantees
for policy gradient methods do not depend on what baseline they compare
against. The baseline does, however, influence the computer’s finite-time

behaviour, which leads immediately to the question: what baseline should



we use? This is the question addressed by the first project in this thesis.
The answer to this question depends on our goals for the computer system.
For example, some baselines may be computationally efficient to construct,
while others may allow the computer to learn more quickly.

The main contributions of my first project are as follows: for two specific
policy gradient algorithms, I propose that the baseline should be chosen to
minimize the mean-squared-error of an internally used gradient estimate. I
support this proposal by showing that under certain conditions, this choice
results in a good regret bound for the two policy gradient algorithms. I
present closed-form expressions showing how this baseline can be computed
from properties of the environment. This closed form expression depends
on properties of the environment that are usually unknown, so I also pro-
vide two new algorithms for estimating the baseline from interaction with
the environment. Finally, I present an empirical comparison between three
baselines that shows an empirical benefit to using my proposed baseline.

The second project combines aspects of reinforcement learning with as-
pects of another sub-field of computing science sometimes called online learn-
ing. The class of learning problems that are most commonly considered
in reinforcement learning are called Markov decision processes, which are
stochastic models describing how the computer’s environment behaves. In
contrast, problems from online learning typically use adversarial models,
where we imagine that the environment is playing a game against the com-
puter. In this project, we consider a class of learning problems called Markov
decision processes with changing rewards (MDPCR), which are very similar
to Markov decision processes where some stochastic pieces of the model are
replaced with adversarial counterparts. The goal of this project is to design
new efficient learning algorithms for this class of problems.

The main contributions of the second project, which were also presented
at ICML 2014 [DGS2014], are as follows: I show that learning in Loop-free
MDPCRs and Uniformly Ergodic MDPCRs can be reduced to another prob-
lem called online linear optimization. From this reduction, I derive three
new learning algorithms with sublinear regret bounds. There are trivial

algorithms that achieve regret bounds of the same order, but their compu-



tational complexity is exponential in the problem size. The three proposed
algorithms all have computational complexity that is polynomial in the prob-
lem size. Moreover, for the so-called bandit information setting, the regret
bound for the proposed algorithm holds under significantly weaker assump-
tions on the environment than existing algorithms. The three proposed
algorithms are of interest because of their low complexity and since their
analysis holds under weak conditions.

This thesis is organized as follows: (i) Chapter 2 introduces the reinforce-
ment learning framework, Markov decision processes, and Markov decision
processes with changing rewards. These are formal learning problems con-
sidered in this thesis; (ii) Chapter 3 introduces stochastic gradient descent
and mirror descent, which are the optimization tools that are used in all
algorithms studied in this thesis; (iii) Chapter 4 presents the first project,
which focuses on the baseline for policy gradient methods; (iv) Chapter 5
presents the second project, which focuses on designing new algorithms for
Markov decision processes with changing rewards; (v) and finally, Chapter 6

discusses directions for future research and gives concluding remarks.



Chapter 2

Reinforcement Learning and

Decision Processes

This chapter introduces the reinforcement learning framework, Markov deci-
sion processes, and Markov decision processes with changing rewards. Both
projects in this thesis work towards designing algorithms that effectively
learn how to make decisions in one or the other of these two decision prob-
lems. The first project focuses on Markov decision processes, and the second
project focuses on Markov decision processes with changing rewards.

The field of reinforcement learning is concerned with the following sit-
uation: A computer program, called the agent, is trying to achieve a well-
specified goal while interacting with its environment. For example, an agent
maintaining the inventory of a convenience store might be responsible for
choosing how much of each product to order at the end of each week. In
this setting, a natural goal for the agent is to maximize profits. If the agent
orders too little of a popular product, then profits may be lost due to missed
sales if it sells out. On the other hand, if the agent orders too much, profits
may be lost if the excess items expire before being sold. To perform well at
this task, the agent must interact with and anticipate the external world.

Every reinforcement learning problem has three components: states, ac-
tions, and rewards. In the above example, at the end of each week the

agent chooses an action (the amount of each product to order) based on the



environment’s current state (the store’s current inventory and any other ob-
servations available to the agent). Following each action, the agent receives
a scalar reward (the weekly profit), and the agent’s goal is to maximize some
measure of the long-term reward, such as the total profit over a fixed number
of weeks, or the average profit per week.

Reinforcement learning problems differ in the set of states, the set of
actions, and how the environment responds to the agent’s actions. Markov
decision processes and Markov decision processes with changing rewards are
formal models for how the agent’s actions affect the environment’s state and
rewards. We can mathematically reason about these formal models to make
strong theoretical claims about learning algorithms. The two models pre-
sented in this chapter are complementary and each can be used to accurately

model different kinds of real-world problems.

2.1 Markov decision processes

This section briefly describes Markov decision processes. The presentation
below is heavily influenced by my interactions with Rich Sutton, Andras
Gyorgy, and Csaba Szepesvéari, and the excellent books by Rich Sutton and
Andy Barto [SB1998] and by Csaba Szepesvari [Cs2010].

Markov decision processes are stochastic models in that they suppose
there are probability distributions that describe the outcomes of the agent’s
actions. For any set S, let Ag denote the set of probability distributions
over S.! With this, we have the following definition:

Definition 2.1. A Markov decision process (MDP) is a tuple (X, A, zgart, T)
where X is a finite set of states, A is a finite set of actions, Zgart € X is the

starting-state, and T : X x A — Ayxr is a transition probability kernel.

The interpretation of these quantities is as follows: Prior to choosing an

"When S is finite, we will consider probability measures with respect to the discrete
o-algebra. When S is the real line, we consider probability measures with respect to the
Borel g-algebra. Otherwise, S will be a product of finite sets and one or more copies of
the real line, in which case we consider the product o-algebra. The rest of this thesis does
not discuss measure theoretic results.



action (encoded as an element a € A), the agent observes the environment’s
state (encoded as an element x € X). For each state action pair (z,a), the
transition probability kernel gives a distribution over states and rewards,
denoted by T(z,a). The environment’s next state and the agent’s reward
are jointly distributed according to T(x,a) whenever the agent takes action
a from state x. When the agent begins interacting with the environment,
the environment is in state xsart. Typically, we consider the case when the
agent knows the sets of states, the set of actions, and the starting state, but
does not know the transition probability kernel.

We rarely need to work with the transition probability kernel directly.
For almost all purposes, given a state-action pair (x,a), we only care about
the marginal distribution over the next state and the expected reward.
Therefore, we use the following simpler notation: Let (x,a) be any state-
action pair and let (X', R) be randomly sampled from T(z,a). We define the
state transition probabilities by P(x,a,x’) = P(X' = 2’) and the expected
reward by r(x,a) = E[R]. The dependence of these functions on the pair
(x,a) is through the distribution of X’ and R.

Just as it is useful to have a model for how the environment behaves, it
is useful to have a model for how the agent chooses actions. For MDPs, a
natural choice is to suppose that the agent chooses actions according to a

Markov policy, which is a stochastic mapping from states to actions.

Definition 2.2. A (Markov) policy is a map 7 : X — A4 that assigns a
probability distribution over actions to each state. Let IT = II(X,.A) denote
the set of all Markov policies.

We say that an agent is following policy 7 if, whenever the environment
is in state =, she randomly chooses an action according to the distribution
m(x). We will denote by 7(x,a) the probability of choosing action a from
state .

Following any fixed policy w € II will produce a random trajectory of
states, actions, and rewards. The distribution on this trajectory depends
only on the policy m and the MDP transition probability kernel T. We will

denote a sample of this random trajectory by X7, AT, RT, X7, A%, R7, ....



The meaning of the time indexes is as follows: action A] was taken after
observing X7 and the reward produced by this action was RT. 2

At first glance it seems restrictive that Markov policies are only permit-
ted to choose actions based on the environment’s current state, rather than
the entire history of states, actions, and rewards. It turns out, however,
that in all the cases we consider, there is an optimal policy that chooses
actions as a deterministic function of the environment’s current state. This
is because, conditioned on the current state, the future of an MDP is inde-
pendent of the history. We consider the more general class of (stochastic)
Markov policies because they allow the agent to randomly choose actions,
which is useful for trial and error learning.

Reinforcement learning algorithms adapt their behaviour over time to
maximize reward. In principle, if the agent knew the environment’s transi-
tion probability kernel T before hand, the agent could compute an optimal
policy off-line prior to interacting with the environment. But, since the
probability kernel is unknown, the agent must use its interaction with the
environment to improve its policy. For example, a simple approach would
be to compute a maximum likelihood estimate of the transition probability
kernel based on the observed state transitions and rewards and to calculate
the optimal policy for the approximated kernel. In general, this approach
is too costly in terms of memory, computation, and interactions with the
environment, so we seek other approaches.

The only remaining aspect of an MDP left to formalize is the agent’s
learning objective. That is, what exactly is the agent trying to accomplish
while interacting with her environment? A formal learning objective is a map
J : II — R that maps each policy to a scalar measure of its performance.
The map J specifies precisely what we desire in a policy and is usually a
function of both the policy and the environment. Intuitively, the learning
objective should be to maximize some measure of the long-term reward the
agent receives. The two most commonly used learning objectives are: First,

maximizing the agent’s expected total reward in repeated attempts at a

2This is somewhat non-standard, and often R7 is taken to be the reward produced by
executing action A7_;.



task. Second, maximizing the long-term average reward per-action in a task
that continues indefinitely. The following subsections introduce these two
learning objectives, together with additional conditions on the environment

that make learning possible.

2.1.1 Total Reward in Episodic MDPs

The first formal learning objective that we consider is appropriate when the
agent repeatedly tries the same task, and each attempt takes finite time.
Each attempt is called an episode, and in this case, a natural formal goal
is for the agent to maximize the total reward she earns in each episode.
This objective is not appropriate when the agent’s experience isn’t naturally
divided into episodes, since the total reward over an infinite span of time is
generally also infinite. To accommodate this formal objective, we need to

introduce the notion of episodes into the MDP model.

Definition 2.3. An MDP (X, A, zgart, T) is said to be episodic if there
exists a unique state Tierm € X, called the terminal state, such that for
all actions a € A the transition kernel T(Zterm, @) places all of its mass on
(Zterm, 0). In other words, once the MDP enters state e, it remains there

indefinitely while producing no reward.

Since nothing interesting happens after an episodic MDP enters its ter-
minal state, we are free to restart the MDP and let the agent try again. We
could also model the restarts directly in the MDP by adding a transition
from the terminal state back to the starting state, but it is formally more
convenient to have a single infinite trajectory of states, actions, and rewards
for each episode (even if after some time it remains in the same state with
zero reward).

The total episodic reward learning objective is defined as follows:

Definition 2.4. Let M be an episodic MDP. The expected total reward is
a map Jiotal : I — R given by

Jeoa(7) = E [2 .



Let m € II be any policy for an episodic MDP and let
= inf {t S N : XZT = xterm}

be the (random) first time that an agent following policy 7 enters the ter-

minal state. Then we can rewrite the expected total reward as

T7—1
Jiotar (T) = E{ Z Rf],
t=1
since after time T™ the rewards are 0 with probability one.

Two useful theoretical tools for learning to maximize total reward in
episodic MDPs are the value and action-value functions. The value function
measures the expected total reward an agent following policy 7 will receive
starting from a given state x, and the action-value function measures the

same when the agent starts from state x and takes action a first.

Definition 2.5. Let M be an episodic MDP. The value function Vigia :
X x II = R is defined by

‘/total Z, 77 [ZRt]

where E, denotes the expectation where the environment starts in state x,
rather than zgayt. For each policy 7, the map = +— Vigtal(z, m) is usually

called the value function for policy .

Definition 2.6. Let M be an episodic MDP. The action-value function
Qtotal : X x A x II — R is defined by

Qtotal(x a, 7[' xa[ZRt]

where E; , denotes the expectation where the environment starts in state
x and the agent’s first action is a. For each policy m, the map (z,a) —

Qtotal(x, a, m) is usually called the action-value function for policy .
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Since the state transitions in an MDP do not depend on the history of
states, any time an agent following policy m finds herself in state z, her
expected total reward until the end of the episode is given by Viotal(x, 7).
Similarly, whenever the agent finds herself in state x and she takes action a,
then Qotal(, a, m) is her expected total reward until the end of the episode.

In other words, for any time ¢, we have

E[ZR?
s=t

XZF = CC:| = Vtotal(-T77T)

and

S

s=t

X7 =47 = a] = Qusal.,m
whenever the events being conditioned on happen with non-zero probability.

2.1.2 Average Reward in Ergodic MDPs

The second formal learning objective that we consider is appropriate when
we can’t naturally divide the agent’s experience into episodes. In this case,
the agent’s total reward on her infinite trajectory of states, actions, and
rewards is generally also infinite. Given two policies that both have total
reward diverging to infinity, how should we choose between them? A natural
idea is to choose the policy that gives the fastest divergence. The long-term
average reward per-action measures the asymptotic rate that a policy’s total

reward diverges.

Definition 2.7. Let M be any MDP. The average reward learning objective
is a map Juyg : II = R defined by

T—00

T
. 1 x
Javg(m) = lim E [T Z R} ] .
t=1
There is a potential problem with choosing policies that maximize Jayg:

Since the agent changes her policy during her interaction with the environ-

ment, all of the policies she follows except for the first will not be started

11



from the starting state Zgstare. Therefore, if use Juyvg to choose between poli-
cies, we would like to impose some constraints on the MDP that ensure the
long-term average reward of a policy does not depend on the starting state.
Otherwise, the agent may be encouraged to choose a policy which has high
average reward when started from the starting state, but which performs
poorly given the environment’s current state.

A relatively mild condition on the environment that ensures the average

reward of a policy does not depend on the starting state is ergodicity:

Definition 2.8. An MDP (X, A, 2gart, T) is said to be weakly ergodic? if,
for each policy m € II, there exists a unique distribution v(7) € Ay, called

the stationary distribution of 7, such that

v(z,m) = Z m(x,a) Z P(z,a, 2" v (2, ),

acA r'eX

where v(z, ) denotes the probability mass given to state x by the distribu-

tion v(m).

The condition in Definition 2.8 is a fixed-point equation and states that
if I sample a random state x from v(7) and then take a single step according
to the policy 7 to get a new state x’, then the distribution of 2’ is exactly
v(m) again.

It is well known that in weakly ergodic MDPs, it is possible to rewrite
the average reward learning objective in terms of the stationary distribution

as follows:

Javg(T) = Z v(z,m)m(z,a)r(z,a)

zT,a

=E[r(X,A)], where X ~v(m), A~ 7n(X).

The starting state of the MDP no longer appears in this expression for the
average reward, and therefore the average reward does not depend on the

starting state.

3In the remainder of this thesis, I will refer to weakly ergodic MDPs simply as ergodic
MDPs.
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Like in the total reward setting, the value and action-value functions
are useful theoretical tools which have essentially the same interpretation as
before. Now, rather than measuring the total reward following a given state,
they measure the transient benefit of being in a give state, or state-action

pair, compared with the long-term average.

Definition 2.9. Let M be an ergodic MDP. The value function Vg :
X x II — R is defined by

oo
Vavg (2, 7) = E, [Z (BT - Javg@r))] .
t=1
Definition 2.10. Let M be an ergodic MDP. The action-value function

Qavg : X x II = R is defined by

Qavg(2,a,m) =Ky 0 [i(Rf - Javg(w))} .

t=1

2.2 Markov deicison processes with changing re-

wards

MDPs are not suitable models for all environments. In particular, since the
transition probability kernel T of an MDP is unchanging with time, it can
be difficult to model environments whose dynamics change over time. This
section describes Markov decision processes with changing rewards (MD-
PCRs), which are a class of environment model that capture some kinds of
non-stationarity. This class of problems has been the focus of recent research
efforts [EKM2005, EKM2009, NGS2010, NGSA2014, YMS2009] and goes
by several different names, the most common of which is “Online MDP”. 1
choose to use the name MDPCR, because “Online MDP” is not universally
used, and I think MDPCR is more descriptive.

Before describing MDPCRs, I would like to comment on an alternative
approach to modeling non-stationary environments. In principle, we can

model a non-stationary environments as an MDP by including a description

13



of the environment’s current behaviour in the state. For example, if the en-
vironment switches between a finite number of modes, then we could include
an integer in the MDP state that indicates which mode the environment is
currently in. The drawback of this approach is that, in the MDP framework,
the agent completely observes the state, so the agent must be able to ob-
serve the environment’s current mode, which is a rather strong requirement.
One way to avoid this requirement is to modify the MDP model so that
the agent only partially observes the state. This kind of model is called a
partially observable MDP (POMDP). POMDPs are an interesting research
topic, but not a focus of this thesis.

MDPCRs are a different approach to modeling non-stationary environ-
ments. They keep the assumption that the agent completely observes the
modeled state and that the state transitions are Markovian. The difference
is that the reward for taking action a from state x changes over time in
a non-stochastic way. Specifically, there is an unknown sequence of reward
functions r1, ro, ... and executing action a; from state x; at time ¢ produces

a reward r¢(z, at).

Definition 2.11. A Markov decision process with changing rewards (MD-
PCR) is a tuple (X, A, Tstart, P, (Tt)teN) where X is a finite set of states, A
is a finite set of actions, zgary € X is the starting-state, P : X x A — Ay
encodes the state transition probabilities, and each s : X x A — R is a

reward function.

The interpretations of all quantities in Definition 2.11 is the same as for
regular MDPs with the exception of the sequence of reward functions. In
this thesis, I consider the case where the agent knows the set of states, the
set of actions, the starting state, and the state transition probabilities, and
the only unknown quantity is the sequence of reward functions.

There are two different protocols under which the agent learns about
the reward functions. The first, which is sometimes called evaluative feed-
back (or bandit feedback), is where the agent only observes the scalar value
ri(X¢, A¢) after executing action A; from state X;. The second, which is

sometimes called instructive feedback (or full-information feedback) is where
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the agent observes the entire reward function r;, : X x A — R after choos-
ing an action at time ¢. The evaluative feedback setting is more useful in
real-world tasks, since often the rewards are determined by some real-world
process and we only see the outcome of the action that was taken. The
instructive feedback case is still interesting theoretically, sometimes useful
in practice, and acts as a stepping stone towards developing algorithms for
the evaluative feedback setting.

The main usefulness of MDPCRs is modeling tasks where the agent’s
rewards depend on a difficult-to-model aspect of the environment. For ex-
ample, suppose the agent’s task is to explore a maze searching for treasure.
The agent’s actions have predictable (and time-invariant) effects on her lo-
cation in the maze and are therefore easily modeled with Markovian transi-
tion probabilities. Suppose, however, that there is a wizard that periodically
creates and destroys treasures throughout the maze. The agent’s reward de-
pends not only on her position in the maze, but also on the recent actions of
the wizard. This problem is difficult to model as an MDP, since the rewards
must be sampled from a time-invariant distribution that depends only on
the most recent state and action. This forces the state to explicitly model
(at least part of) the wizard’s behaviour, which may be very complicated.
On the other hand, it is easy to model this task as an MDPCR, since we
can leave the wizard out of the state entirely and use the sequence of reward
functions to model the moving treasures. Similar problems arise in many
situations where the agent interacts with another entity with agency, such
as a human user or another machine.

Like in the MDP case, we consider two different formal learning objec-
tives: one suitable for episodic tasks and one suitable for continuing tasks.
For each formal learning objective, we consider a sub-class of MDPCRs
where learning is possible. The sub-classes considered in this thesis are more
restrictive than in the MDP setting, and an interesting open question is to
design learning algorithms for more general settings. In the episodic setting,
we consider learning in loop-free episodic MDPCRs and in the continuing
setting, we consider uniformly ergodic MDPCRs.

Before giving detailed descriptions of the two cases, I will discuss some

15



common features of both models.

In each case, we define a sequence of performance functions Jy, Jo, ...,
where Jp(m1,...,mr) is a function of T policies and represents the expected
performance of an agent following policies 71, ..., wp for the first T time-

steps. For example, we might define

JT(ﬂ'l,...7 = W1T|:Zrt XtaAt:|

to be the expected total reward earned by an agent following policies 7y,
.., mp for the first T time steps. The reason why we need a sequence of
performance functions, rather than a single performance function like for
MDPs, is because the performance depends on the changing sequence of
reward functions. This thesis focuses on the formal learning objective of
maximizing Jp(m,...,nr) for some fixed time-horizon 7. There are stan-
dard techniques, such as the doubling trick (see, for example, Section 2.3.1
of [S2012]) that allow these algorithms to be extended to the case when the
time-horizon T is not known in advance.
In our formal analysis, it will be more convenient to work with the regret,
which is defined below.

Definition 2.12. Let Jy, J, ... be any sequence of performance functions.
The regret of the sequence of policies 7y, ..., mp € Il relative to a fixed policy

m € II at time (or episode) T is given by

Rr(my, ... ,mryw) = Jr(m, .o m) = Jr(m, ..o ).

In words, it is the gap in performance between an agent that follows policies
1, ..., 77 and an agent that follows policy 7 on every time step. The regret

of the sequence relative to the set of Markov policies is given by

Rr(mi,...,7mr) = sup Ry(m, ..., 7mr;m)
well
=(sup Ji(m,...,m))=Jr(m1, ..., 77).
well
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Minimizing regret is equivalent to maximizing the performance function,
but as we will see later, the regret is easier to analyze. In particular, we will
be able to provide upper bounds on the regret which depend only loosely

on the actual sequence of rewards.

2.2.1 Loop-free Episodic MDPCRs

A loop-free episodic MDPCR is much like an episodic MDP with two ad-
ditional constraints: The agent can never visit the same state twice in a
single episode and every episode has the same length. Formally, we have the

following definition

Definition 2.13. A loop-free MDPCR is a tuple (X, A, P, (r¢)ien) such
that the state space X can be partitioned into L layers A7, ..., X7 with the

following properties:
1. the first layer contains a unique starting state: X; = {Zstart };
2. the last layer contains a unique terminal state: X7, = {Zterm };
3. for every action a, we have rp(Zterm,a) = 0;

4. and, for any states z and 2’ and any action a, if P(x,a,z’) > 0, then
either £ = 2’ = Tyerm Or there exists a layer index 1 <[ < L such that

r € A; and = Xl+1-

The above conditions guarantee that every episode in a loop-free episodic
MDPAC will visit exactly L distinct states, one from each layer. The agent
starts in the first layer, which contains only the starting state, and proceeds
through the layers until arriving at the final layer, which contains only the
terminal state. Once the agent enters the terminal state, the rest of the
trajectory remains in the terminal state and produces zero reward.

It is natural to measure time in loop-free episodic MDPCRs by counting
episodes, rather than time steps. Since the agent will never return to any
state in a single episode, there is no reason for her to update her action

selection probabilities for that state before the end of the episode. Similarly,
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we can take the duration of each reward function to be an entire episode,
rather than a single time step. Therefore, we denote by 7, and r, the
agent’s policy and the reward function for episode 7, respectively. Finally,
we measure the agent’s regret after T episodes, rather than after T time
steps of interaction.

The performance function that we consider in loop-free episodic MD-

PCRs is the total reward earned over the first T" episodes:

Definition 2.14. In an MDPCR, the expected total reward of the policies

1, ..., T in the first T episodes is given by

T

L
Jtotal,T(ﬂ-la s 77TT) = ZEﬂ*T |: TT(Xt) At):| ;
T=1 1

t=

where E;_ denotes the expectation where actions are selected according to

policy ;.

For this performance function, we can write the regret (relative to all

Markov policies) as follows:

T

L L
Riotal7(T1, - ., 77) = sup y _ {]EW LZ; re( Xy, At)} —Ery LZ; re( Xy, At)} } :

nell 74

Suppose that an agent’s regret grows sublinearly with 7. Then for any

policy w, we have

T L T
1 1
7-‘)'total,T(Trl:T; TF)/T = T TEZIEW |:t§:1 7"7'()(t7 At):| - T ;:1 Er. |: E TT(Xta At):|

t=1
< Rtotal,T(ﬂ-b SRR 7TT)/T‘ — 0.

Taking 7 to be the best Markov policy, we have that the average episodic
reward of the agent is converging to the average episodic reward of the
best Markov policy. Therefore, our main goal is to show that the regret of
our algorithms grows sublinearly. Naturally, slower growth rates are more

desirable.
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2.2.2 Uniformly Ergodic MDPCRs

Uniformly ergodic MDPCRs are very similar to ergodic MDPs. Recall that
ergodic MDPs were characterized by the existence of a unique stationary
distribution v(7) € Ay for each policy 7 that described the long-term av-
erage state visitation probabilities while following policy w. The condition
in uniformly ergodic MDPs guarantees that every policy has a unique sta-
tionary distribution, that the finite-time state-visitation probabilities v ()
(vi(z,7) = P(X! = 2)) converge to the unique stationary distribution, and
that the rate of convergence of v4(m) to v() is uniformly fast over all policies.

Formally, we have the following definition

Definition 2.15. An MDPCR (X,.A, Tstarts P, (Tt)teN) is said to be wuni-
formly ergodic if there exists a constant 7 > 0 such that for any two distri-
butions v and v/ € Ay and any policy 7, we have
/ —1 /
JvP™ /P, < eV o =],
where P7 is linear operator on distributions corresponding to taking a single

step according to 7, defined component-wise as follows:

(vP™) (') = Z v(z) Z 7(z,a)P(x,a,z’).
x a

The above condition implies ergodicity in the sense of Definition 2.8.
Suppose an agent follows policy 7 on every time step and let v (7) € Ay
denote her probability distribution over states at time ¢t. Since the agent
starts in state Tgart, we have that vy(z,7) = [{z = xgtart}. Using the
notation from above, it is not difficult to check that v;(7) = v (P™)#=Y. The
condition shows that the operator P” is a contraction and, by the Banach
fixed point theorem, we have that the sequence v;(7) converges to the unique
fixed point of P™, which we denote by v(7). Being a fixed point of P” is
exactly the definition of a stationary distribution from Definition 2.8.

Uniform ergodicity is a considerably stronger requirement than ergod-

icity, and an interesting open question is to decide if there exist learning
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algorithms for (non-uniform) ergodic MDPCRs with provably good perfor-
mance.

The performance function we use for uniformly ergodic MDPCRs is very
similar to the one used for the loop-free episodic MDPCRs, except that the

total reward is measured in terms of time steps, rather than episodes:

Definition 2.16. In a uniformly ergodic MDPCR, the expected total re-

ward of the policies 71, ..., mp in the first T" time steps is given by

Jtotal,T(Trla"-’ = TI'1T |:Z7“t X, Ay }

tth

where E; . denotes the expectation where the action A; is chosen ac-

cording to policy ;.

For this performance function, we can write the regret (relative to all

Markov policies) as follows:

T
Rtotal,T(ﬂ'la s 77TT) = sup {Eﬂ' |:Z Tt(Xt7 At):| 7T1 .T |:Z Tt Xt7 At :| }
t=1 t=1

mell

By exactly the same argument as for loop-free episodic MDPCRs, an
agent with sublinear regret will have average reward converging to the av-

erage reward of the best Markov policy.
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Chapter 3

Gradient Methods

This chapter introduces three optimization algorithms: gradient ascent,
stochastic gradient ascent, and online mirror ascent. These algorithms are
relevant to this thesis because all of the considered learning algorithms are
based on mathematical optimization. Policy gradient methods, which are
the focus of the first project, are an instance of stochastic gradient ascent.
All three algorithms introduced in the second project are instances of online
mirror ascent. Gradient ascent is included in the discussion because it is a
good starting point for describing the other two.

The goal of mathematical optimization can be stated formally as follows:
Given a function f : K — R where K C R? is a subset of d-dimensional
space, find a vector w € K that maximizes f(w). We use the following

notation to write this problem:

argmax f(w).
weK
The difficulty of finding a maximizer depends heavily on the structural prop-
erties of f and K. For example, when f is a concave function and K is a
convex set, the global maximizer of f can be efficiently found. When f is
not concave, the best we can hope for is to find a local maximum of the

function f.
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3.1 Gradient Ascent

The gradient ascent algorithm can be applied whenever the objective func-
tion f is differentiable. Gradient ascent produces a sequence of vectors wy,
wo, ... such that the function value of f along the sequence is increasing.
In this section, we only consider so-called unconstrained maximization prob-

lems where K = R%. Pseudocode for gradient ascent is given in Algorithm 1.

Input: step-size n > 0.
Choose w; = 0 € R?;

for each timet=1,2, ... do

[uny

N

Optionally use w; in some other computation;
Set w1 = wy + NV f(wy);

5 end

W

Algorithm 1: Gradient Ascent

There is a simple geometric idea underlying gradient asecnt. We imagine
that the graph of the function f is a landscape, where f(w) is the height
at location w (this analogy works best in R?). The gradient Vf(w) is a
vector that points in the direction from w that f increases the most rapidly.
Therefore, the gradient ascent update w1 = w; + nV f(w;) produces w1
by taking a small step up-hill from wy. It is appropriate to think of gradient
ascent as optimizing a function as though it were a walker searching for the
highest point in a park by walking up hill.

We can also motivate the gradient ascent update as maximizing a linear
approximation to the function f. Specifically, since f is differentiable, the

first order Taylor expansion gives a linear approximation to f:

flu) = f(w) + Vf(w) (u—w).

This approximation is accurate whenever v is sufficiently close to w. A naive
idea would be to fix some wy € R? and maximize the linear approximation
w = f(wo)+V f(wy) " (w—wp). There are two problems with this approach:

first, the linearized objective function is unbounded (unless it is constant)
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and therefore has no maximizer. Second, the linear objective is only a good
approximation of f near the point wg, so we should only trust solutions
that are near to wg. A better idea is to successively maximize linear ap-
proximations to the function f, with a penalty that prevents our solutions
from being too far from the region where the approximation is accurate.

Formally, we might set

1 2
w1 = argmax n(f(we) + Vf(w) T (w —wy)) - 5 llu—wel3.
ucRd
The objective function in the above update has two competing terms. The
first term encourages w1 to maximize the linear approximation of f at the
point wy and the second term encourages wy+1 to stay near to the point w.
The step size parameter 7 trades off between these two competing objectives.
The above objective is a concave quadratic function of u, and we can express

its unique maximizer in closed form as

1
w1 = argmﬁxn(f(wt) +VF(w) T (u—wy)) — B [ — wef3
u€eR

= w +nV f(wy),

which is exactly the gradient ascent update. Therefore, we may think of
the gradient ascent update rule as maximizing a linear approximation to
the function f with an additional penalty that keeps the maximizer near to
the previous guess. When we view gradient ascent in this way, we see that
the update equation is defined based on the squared 2-norm. We will see
in Section 3.3 that we can derive similar algorithms where the the squared
2-norm distance is replaced by another distance function.

In addition to the above intuitions, we care that gradient ascent actually
maximizes functions. The following theorem guarantees that as long as the
step size is sufficiently small, the gradient ascent algorithm converges to a

stationary point of the function f.

Theorem 3.1. Let f: RY — R be such that f* = sup,, f(w) < oo and Vf
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is L-Lipschitz. That is,
for all wv € BR[|V f(u) = VF©)lly < = o,

If the step-size satisfies n < 1/L, then the sequence (wy)y produced by gradi-

ent ascent converges to some point we, such that V f(weo) = 0.

In most cases, this result is enough to guarantee that gradient ascent
converges to a local maximum of the function f. However, it is possible to
get unlucky and converge to some other point where the gradient of f is
zero, such as a local minima or a saddle-point of f. Since maximizing an
arbitrary non-concave functions is computationally intractible, this is the
best result we can hope for.

When the function f is concave, the situation is much better:

Theorem 3.2. Let f : R = R be a concave function with mazimizer w*.
Let (wy)¢ be the sequence of points produced by running gradient ascent with
step size n > 0. Suppose that |[w*||, < B and ||V f(w)|l, < G for all times
t=1,...,T. Then

T 2

Z(f(w*) — fwy)) < B; +nTG2.

t=1
Setting the step size to be

eVt

gives the best bound of

T
> (f(w*) = fwy)) < 2BGVT.

t=1

Proof. This is a standard result. Since f is concave, for any points u and w

in R%, we have

Fw) < fu) + Vfu) " (w—u).

Rearranging this inequality gives f(w) — f(u) < Vf(u)" (w — u). Taking

u = wy and w = w* gives f(w*) — f(wy) < Vf(wy) " (w* — wy). Summing
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over times ¢, we have

Vf(wt)T(w* — wy).

E

T
D (fw*) = flwy)) <

t=1 t=1

Theorem 5.11 and Lemma 5.12 together with the facts that |||, is self-
dual and 1-strongly convex with repsect to itself give the final result. The

above theorem and lemma are the main subject of Section 5.2. O

This results shows that whenever we set the step size appropriately, the
total suboptimality (usually called the regret) of the sequence wy, ..., wr
produced by gradient ascent grows at a rate of only v/7T. Equivalently,
dividing by T shows that the average suboptimality % Zthl (f(w*) = f(wy))
goes to zero at least as quickly as 1/ VT.

3.2 Stochastic Gradient Ascent

Stochastic gradient ascent is a variant of the gradient ascent algorithm that
can sometimes be used to maximize a function f even if we can’t compute
the value of f or its gradient V f. This method requires only that we are able
to produce random vectors whose expectation is equal to the gradient of the
function f. The idea behind stochastic gradient ascent is simply to use these
stochastic gradient estimates in place of the true gradients. Pseudocode is

given in Algorithm 2.

Input: step-size n > 0.
Choose w; = 0 € R%;

[uny

2 for each timet =1,2, ... do

3 Optionally use w; in some other computation;

4 Set w1 = wy + NV where E[V, | w] = V f(wy);
5 end

Algorithm 2: Stochastic Gradient Ascent

One common situation where we can’t evaluate f or V f, but for which
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we can get unbiased stochastic estimates of the gradient is as follows: Let
P be a probability distribution that is unknown, but from which we can
sample. Set f(w) = E[g(w, X)] where g is a known function, and X has
distribution P. Since the distribution of X is unknown, we can’t evaluate f
or its gradient V f. But, let X have distribution P and set V = V,,g(w, X).

Then we have
E[V] = E[Vyg(w, X)] = VyE[g(w, X)] = V f(w).

Therefore, even though we can’t compute f or V f, we can produce a random
vector whose expectation is equal to V f(w) for any w € R,

In Algorithm 2, the condition on V; is that E[V;|w:] = Vf(w:). The
reason that the conditional expectation is used instead of a plain expectation
is that the sequence wy is itself random. It will generally not be the case that
the random vector V f(wy) is equal to the constant E[V;]. The condition
E[Vi|w] = Vf(w) is roughly equivalent to “given the value of wy, the
expectation of V; should be equal to V f(w;).”

Since the sequence (wy)ien produced by Algorithm 2 is random, we can
only make probabilistic statements about how well the sequence optimizes
f. When the function f is non-concave, a standard results shows that the
random sequence (w;); produced by stochastic gradient ascent almost surely
converges to a local maxima of the function f when a time-varying step size
is used that goes to zero at an appropriate rate. In practice, a constant step
size is often used instead, since this results in faster convergence early in the
optimization, at the cost of never quite driving the error to zero. I omit the
exact details of these results since they are quite technical and never used
directly in this thesis.

As with the deterministic case, the situation is much better when the
function f is concave. In this case, following essentially the same approach
as before, we have the following upper bound on the expected total subop-

timality (regret) of stochastic gradient ascent.

Theorem 3.3. Let f : R* = R be a concave function with mazimizer w*.

Let (wy); be the sequence of points produced by running stochastic gradient
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ascent with step size n > 0 and gradient estimates (Vi)t. Suppose that
|w*|l, < B and B[|V f(w:)|3] < G? for all timest =1, ..., T. Then

T 2
E[Z(ﬂw*) - f<wt>>] <2 e,

t=1

Setting the step size to be

gives the best bound of

T
E [Z(f(w*) - f(wt))} < 2BGVT.
t=1

Proof. The proof of this result is essentially identical to the proof of Theo-

rem 3.2 and is omitted. O

Notice that the bound in Theorem 3.3 only depends on the distribution
of the gradient estimatse V; by way of their second moment. Therefore,
to get the best possible bound, one should try to construct the gradient

estimates to have the smallest possible second moment.

3.3 Online Mirror Ascent

This section introduces online mirror ascent, which generalizes gradient as-
cent in two ways. First, it is an algorithm for a problem called online linear
optimization, which is a slightly more general problem than maximizing a
function f using only the gradient of f. Second, online mirror ascent has
an additional parameter called the regularizer function R : R? — R that
defines a distance function that replaces the squared 2-norm distance. The
regularizer allows mirror ascent to better exploit the natural geometry of an
optimization problem. If we take the regularizer to be R(w) = 3 |wl|3, then
we recover exactly gradient ascent, but there are other interesting cases as

well. For example, if the vectors represent probability distributions, then we

27



may way to measure distances in terms of the Kullback-Leibler divergence
instead of the squared 2-norm distance.
The problem solved by online mirror ascent is called online linear opti-

mization, defined as follows:

Definition 3.4. Online linear optimization is a game played between an
agent and her environment. On round ¢ of the game, the agent chooses
a point w; from a convex set K C R? Following the agent’s choice, the
environment chooses a payout vector 7, € R% and the agent earns reward
given by the inner product 7,/ w;. The set K is fixed for all rounds of the
game. The agent’s choice w; may only depend on wy.;_1) and 71.;_1), while

the environment’s choice of r; may depend on wi; and 71.;_1).

Given a fixed time horizon T, the agent’s goal is to maximize her total
reward in the first 7" rounds. Equivalently, she can minimize her regret

relative to the set K, given by

T
Rr(wi.r,r1.7) = sup ZrtTw — Zr:wt = sup Zr:(w — wy).

wek - t=1 wek -
We treat the online linear optimization problem in a game-theoretic style
and prove bounds on the regret for the worst-case sequence of payout vectors

r1.7 under the constraint that r¢(w) € [0,1] for all rounds ¢ and w € K.

The online mirror ascent algorithm is similar in spirit to gradient ascent,
but different in three important ways. First, rather than using the gradient
of a function to construct its update, it uses the payout vector from an
online linear optimization game. Second, rather than having an update that
is defined in terms of the squared euclidian distance (as in gradient ascent),
the update is defined in terms of a so-called Bregman divergence, which
allows the algorihtm to better take advantage of the underlying geometry of
a problem. For example, if the set K consists of probability distributions,
then it may make more sense to measure distance between them by the
KL-divergence than by their squared Euclidian distance. Finally, we will
present online mirror ascent for constrained online linear optimization, where

K is a proper subset of R?. In principle, (stochastic) gradient ascent can
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also accomodate constrained optimization problems, but this discussion was
omitted above because it is not used in this thesis.

I will now introduce Bregman divergences and describe how they are
used in the mirror ascent update. First, we need the notion of a strongly

convex function:

Definition 3.5. A function f : S — R with S € R? is said to be o-strongly

convex with respect to the norm ||| if
o
Flu) > () + 95 (w) 0= w) + 5 o~ w]?

for all vectors v and w in S.

Each strongly convex function induces a Bregman divergence on the

domain .S, which is similar to a distance function.

Definition 3.6. Let R : S — R be a o-strongly convex function with

respect to the norm ||-||. The Bregman divergence induced by R is a map
Dpgr: S x 5° — R defined by

Dp(u,w) = R(u) — R(w) — VR(w) " (u — w),

where S° denotes the interior of S.

The following lemma establishes some properties of Bregman divergences

that show they are somewhat similar to distance functions:

Lemma 3.7. Let R: S — R? be a o-strongly convex function with respect to
the norm ||-|| and Dg be the induced Bregman divergence. Then the following

statements hold
1. Dgr(u,v) >0 for all vectors u and v in S,
2. Dgr(u,v) =0 if and only if u = v,

3. (Pythagorean Theorem) If K is a convex subset of S, w € S, u € K,
and we set w' = argmin, . Dg(v,w), then Dp(u,w) > Dp(u,w’) +
DR(’LU/,U}).
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Even though Bregman divergences behaving like distances, they are not
usual distances because they are not symmetric and do not satisfy the tri-
angle inequality.

With these definitions in hand, we are ready to define online mirror
ascent. Algorithm 3 gives pseudocode. The online mirror ascent update
has two steps: first, we compute an unconstrained maximizer w19 of the
most recent payout vector together with a penalty that encourages wy /2
to not stray too far from w;. Usually this update step has a closed-form
expression that can be efficiently evaluated. The second step is to set w1
to be the projection of w1/, back onto the constraint set K with respect
to the Bregman divergence Dgi. Theorem 3.8 bounds the regret of online

mirror ascent.

Theorem 3.8. Let R : S — R be a o-strongly convex reqularizer with respect
to the norm ||-|| and K C S be a convex set. Then for any sequence of payout
vectors Ty and any fized point w € K, the regret (relative to w) of online

mirror ascent with step size n > 0 and regularizer R satisfies

d T Dr(w,w) Ui d 2
ol (w—wy) < = 4 DY 2,
t=1 N 7=

where ||-||, is the dual norm of ri. Moreover, if ||r¢||, < G for all t, then we

have
D TG?
S - < D) 1
n o
t=1
= 2G\/TDr(w,w1)/o
where the last line is obtained by taking eta = %, which is the

optimal value.

Proof. As before, this result is a special case of Theorem 5.11 together with
Lemma 5.12, so I defer the proof until Section 5.2. O
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N =

oW

Input: Step size n > 0, Regularizer R : S — R with S D K
Choose w; € K arbitrarily;
for Fach roundt=1, 2, ... do

Optionally use w; in another computation;

Set wyy1/9 = argmax,c g nr u — Dg(u,w);

Set w1 = argmin, e e DRr(u, wii1/2);

end

Algorithm 3: Online mirror ascent




Chapter 4

Policy Gradient Methods

and Baseline Functions

This chapter describes the first project that I worked on during my MSc
program. The goal of this project was to resolve an open question related to
policy gradient methods, which are learning algorithms for MDPs. Policy
gradient methods are instances of stochatic gradient ascent. Recall that to
apply stochastic gradient ascent, we must be able to sample random vec-
tors whose expectation is equal to the gradient of the objective function.
For both the total and average reward learning objectives, there are estab-
lished theoretical results that give methods for generating random gradient
estimates. Both gradient estimation schemes have a parameter called the
baseline function. The baseline does not change the expectation of the gradi-
ent estimates and therefore has no influence on the asymptotic performance
of policy gradient methods. The baseline function does, however, impact
the finite-time learning performance. How to choose the baseline function
is currently an open question. I propose that the baseline function should
be chosen to minimize the mean squared error (MSE) of the gradient esti-
mates. Under slightly idealistic conditions, I prove that this choice gives the
tightest bound on the suboptimality of the algorithm obtainable from the
standard analysis of stochastic gradient ascent. Unfortunately, the MSE-

minimizing baseline function depends on the transition probability kernel

32



T of the MDP, so the agent can not directly compute it. The final contri-
bution of this project is to show that the MSE-minimizing baseline can be

estimated from only observable quantities.

4.1 Policy Gradient Methods

Policy gradient methods are learning algorithms for MDPs based on stochas-
tic gradient ascent. We will consider two specific algorithms, one for learning
to maximize the total reward in episodic MDPs, and another for learning to
maximize the long-term average reward in ergodic MDPs.

To apply stochastic gradient ascent, we need to express the problem of
choosing good policies in terms of maximizing a function f : R? — R. One
way to accomplish this is to choose a scheme for representing policies as
vectors in R%. Such a scheme is called a policy parameterization, and is
a function 7 : R? — II that gives us a policy for each parameter vector
6 € R% The composition of a policy parameterization 7 : R — II and a
formal learning objective J : II — R gives us a map 6 — J(m(#)) which
is a suitable objective function for stochastic gradient ascent. To simplify
notation, I will write J(#) to mean J(mw(#)). The set of policies that can be
represented by a parameterization  is given by w(R?) = {7 () : 6 € R?}.
Maximizing J () over R? is equivalent to maximizing J(7) over the set of
policies 7(R9).

Typically, not every Markov policy will be representable by a policy
parameterization (i.e., 7(R%) is a strict subset of II). This is actually an
advantage of policy gradient methods. Intuitively, the difficulty of finding
good parameters for a parameterization scales with the number of parame-
ters. For many real-world problems, the reinforcement learning practitioner
can design a policy parameterization with only a few parameters but which
can still represent nearly optimal policies. This allows the practitioner to
leverage their understanding of a problem to get better performance in prac-
tice.

Policy gradient methods were enabled by the development of techniques

for generating random vectors that are equal in expectation to the gradient of
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the learning objective. I will loosely call such a random vector an estimated
gradient. The remainder of this section presents two gradient estimation
techniques: one for the total reward in episodic MDPs originally due to
Williams [W1992] and one for the average reward in ergodic MDPs due to
Sutton et al. [SMSM2000]. The presentation is slightly modified from the
original sources to better fit with this thesis.

Both gradient estimates have the same basic structure. To estimate the
gradient V.J(0), the agent follows policy 7(#) for a short period of time.
For any state-action pair (z,a), the policy gradient Vym(x,a,0) is the di-
rection in parameter-space that the agent would move the parameter vector
0 to increase the probability of choosing action a from state x. The learn-
ing objective gradient estimate is the sum of the policy gradients over the
state-action pairs visited during the trial period, each scaled by a term that
depends on how well the agent performed following that action (the details
depend on J) divided by the probability of choosing action a from state x.
Intuitively, the effect of adding this gradient estimate to the agent’s param-
eter vector is to increase the probability of the actions that performed well,
and to increase even more the probability of actions that performed well and
are rarely chosen. The following two theorems give detailed constructions of
the gradient estimates and show that they are equal in expectation to the

gradient of the learning objective.

Theorem 4.1. Let 7 : RY — II be a parametric policy for an episodic
MDP and let 6 € RY be any parameter vector. Let (Xf, A%, R)2, be the
sequence of states, actions, and rewards obtained by following policy 7(6)
for a single episode, let TY be the first time the terminal state is entered,

and let G¢ = EST; R? be the total reward earned after time t. Finally, let
o _ Vem(X?,AY0)

YL Ta(XPLAT )

Then, the random vector

be the so-called vector of compatible features at time t.

791

Vo= @G}

t=1

satisfies E[Vy] = VJiotal(0).

Since the policy parameterization 7 is chosen by the reinforcement learn-
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ing practitioner, the policy gradient Vgm(z,a,f) can be computed by the
agent. All other quantities that appear in the gradient estimate from Theo-
rem 4.1 are observable by the agent. Further, since the gradient estimate is
a function of the current parameter vector 8, whenever 6 is itself random, we
have the property E[Vy |0] = VJiota1(0). Therefore, we can use these gra-
dient estimates in a simple policy gradient method that updates the policy

parameters once after each episode. Pseudocode is given in Algorithm 4.

Input: step-size n > 0.
1 Choose #; € R? arbitrarily;
2 for each episode index T =1,2, ... do
3 Run one episode following 7(6) until the terminal state is reached;
4 Compute Vy_ according to Theorem 4.1;
5 | Set 0,41 =0-+nVy;
6 end

Algorithm 4: Policy Gradient Method for Episodic MDPs

Theorem 4.2. Let 7 : R — II be a parametric policy for an ergodic MDP
and let 8 € R? be any parameter vector. Let X? be randomly sampled from

the stationary distribution v(m(0)), A? be sampled from w(x,-,0), and ¢’ =

Vem(X9 A9 0)
m(X?,A°.0)

vector

be the so-called vector of compatible features. Then the random

Vo = ¢"Qavg (X%, 4%,0)
satisfies E[Vg] = VJaye(0).

Unlike in the episodic case, this gradient estimate depends on quantities
that are unknown to the agent. First, the action value function depends
on the MDP transition probability kernel T, which is unknown. In place
of the true action value function, we can use an estimate (for example, the
estimate from linear Sarsa()\). For a modern account of Sarsa(\), see Sec-
tion 7.5 of [SB1998]). Using estimated action values introduces a small bias
into the gradient estimates, but its effect on the performance of stochastic

gradient ascent is small. Second, the random variable X? in the statement
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of the theorem is drawn from the stationary distribution v(m(#)) which the
agent doesn’t know and can’t directly sample from. Rather than drawing
a sample from v(7(#)), the agent can simply use the state they visit while
interacting with the MDP. In practice, the distribution over states at time ¢
is close enough to the stationary distribution that this also introduces only
a small bias. So, in the average reward setting, the agent is able to com-
pute a random vector which is nearly an unbiased estimate of the gradient
of Javg(0). Pseudocode for an policy gradient method based on this nearly

unbiased gradient estimate is given in Algorithm 5.

Input: step-size n > 0.
1 Choose 6; € R? arbitrarily;

2 Initialize action value estimate §;

3 for each timet =1, 2, ... do

4 Receive state X; from the environment;

5 Sample action A; from 7w (Xy, -, 0);

6 Receive reward Ry;

7 Compute Vg, according to Theorem 4.2 using X;, A, and the

estimated action value function ¢;
8 Set 9t+1 = 9t + UV@t;

9 Update the estimated action value function estimate §;

10 end
Algorithm 5: Policy Gradient Method for Ergodic MDPs

4.2 Baseline Functions

In both of the gradient estimation techniques from the previous section,
the value zero plays a special role. In the total reward setting (and the
average reward setting is similar), each time ¢ in an episode contributes an
update to the parameter vector that increase the probability of choosing
the action A; from state X;. The scale of this update is proportional to

the difference Gy = Gy — 0, where G, is the total reward following action
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A;. One consequence is that if Gy is positive, then the update will make
the action more probable, and if it is negative, then the update will make
the action less probable. This behaviour is strange, since there is nothing
special about earning zero total reward. In fact, some MDPs have only
negative rewards and, in this case, the agent never directly increases the
probability of choosing good actions. They are only increased as a side-
effect of decreasing the probability of worse actions more aggressively. This
raises the following questions: Can we compare the total reward Gy to a
value other than zero? And how does the choice affect the performance of
the policy gradient method?

We will see below that, rather than comparing to zero, we can compare
to any baseline value that depends on the state X; and the agent’s parameter
vector . The function b : X — R that maps each state to the baseline value
in that state is called the baseline function. The following two results show
how to incorporate the baseline function into the gradient estimates from

the previous section.

Corollary 4.3. Let w : R? — II be a policy parameterization for an episodic
MDP, 6 € R? be any parameter vector, and b : X — R be any baseline.
Assume that Vor(Zierm, a,0) = 0 for all actions a and parameter vectors 0
(since the actions chosen in the terminal state have no effects, the policy
parameterization can always be made to satisfy this condition). Further,
suppose that E[T%) < oo for all parameter vectors 6. Using the notation of

Theorem 4.1, the random vector
791
Vi= ) el(G]—b(X)))
t=1

satisfies E[Vg] = Viotal(0).

Proof. From Theorem 4.1, it suffices to show that
791
B 3 etbixt)| =
t=1

37



For any time ¢ > Te, we have that Xf = Zterm and therefore cpf = 0. From
this, it follows that

T79-1 00

Z Wfb(Xt ZSO?b Xt
t=1 t=1

Consider any component 6; of 6. Letting wa denote the i*" component of
©f, we have
r 0O

[Z"szbXt ]: Z ]
Z;H{Xf:x,/lf:a}

“x.a t=

_g| 3 iH{Xf:x,Af:a}

“TFTterm, t=1
a

zz<

o m(X7, AL 9)
m(Xf, A, 0)

b(X?)

I
&=

(. a, H)b(:c)H

m(x,a,6)

m(z,a,0)

x

i
E{iﬂ{){f :x,Af:a}D

a7 (@, a,0)

A, m(x,a,0)
o)
W’N(x7a7 9) 0
< = .
mfxg/erm,
< o0,

where in line 3 we used the fact that %ﬂ(wterm,aﬁ) = 0. Therefore, by

Fubini’s theorem, we have for each ¢

B[S o a(xf)] = S Biedoced)
t=1 t=1

In vector form, this gives

o0

E[Z safb(Xf)] = 3 E[b(XY)].
t=1 t=1
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Using the shorthand pi(z,a) = P(X; = 2, A = ar), pe(a|z) = P(Ar =
a|X; =x), and p(x) = P(X; = ), we can rewrite the expectation as a sum

over the possible state-action pairs

Vor(x,a,l
AxD)] = ot ) T )

(z,a,0)
= Z m(x,a,0)p(x Ve?gfxaag)e)b(x)

Y @) S V(a0

=0,

where in the last line we used that ) Vem(z,a,60) = Vol = 0. We have

shown that

T9 -1
E[z ¢$b<xf>} o,
t=1

as required. O

Corollary 4.4. Let 7 : R — II be a policy parameterization for an ergodic
MDP, § € R¢ be any parameter vector, and b : X — R be any baseline

function. Using the notation of Theorem 4.2, the random vector
Vg = we(Qan(Xe’ Aev 0) - b(Xe))

satisfies EVY = V Jayg (0).

Proof. Again it suffices to show that E[pb(X?)] = 0. Using the shorthand
pr,a) = P(X0 = 5,4 = a), p(a|z) = P4’ = a| X* = 2) and p(z) =
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P(X% = x), we can rewrite the expectation as a sum

waaﬁ)
9 9 0
b(X") Epwa r@.a.0) ——————b(x)

— Z p(a)b(z) Y Von(z,a,06)

=0.

O]

Notice that in the proof of Corollary 4.4, the expectation of p/b(X?) is
zero independently of the distribution over X¢. Therefore, even when we
compute the gradient estimate with the state visited by the agent, which is
not distributed according to the stationary distribution, the baseline func-
tion introduces no additional bias.

Two commonly used baseline functions are the constantly zero baseline
and the value function of the current policy: b(z) = V(x, ), where V(x,0) =
Viotal(x, m(6)) in the total reward setting and V' (z,6) = Vayg(z,7(#)) in the
average reward setting. The value function baseline seems like a natural
choice, since it compares the agent’s sampled performance to her expected
performance. If she performs better than expected, then she should increase
the probability of the actions tried and decrease them otherwise.

A hint that these two baseline functions are sub-optimal is that they
do not depend in any way on the policy parameterization. That is, given
two policy parameterizations 7 : R% — II and my : R% — TII, there may
be parameter vectors 1 € R% and 6y € R% such that m1(61) = ().
In this case, the value function and constantly zero baseline will have the
same value for both policy parameterizations in every state. But, since the
baseline function’s purpose is to modify the parameter updates, it would be
surprising if we should choose the baseline in a way that does not depend
on the particular parameterization used.

[GBB2004] have proposed that the baseline function should be chosen
to minimize the variance of the gradient estimates (specifically, the trace

of the covariance matrix). They consider learning in partially observable
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MDPs and a different performance gradient estimate than the two described
in the previous section, so their results do not directly carry over to the
two cases studied in this project, though there are strong similarities. They
derive closed-form expressions for the variance minimizing baseline, a theory
that analyzes the variance of different baseline functions, and algorithms for
estimating the variance minimizing baseline. To the best of my knowledge,
they do not show that the variance minimizing baseline is a good or optimal
choice.

The goal in the rest of the chapter is to explore the connection between
the baseline function and the performance of policy gradient methods, and

to decide which baseline function gives the best performance.

4.3 MSE Minimizing Baseline

In this section I argue that the baseline function should be chosen to min-
imize the mean squared error of the performance gradient estimates. This
section derives a closed form expression for the MSE minimizing baseline,
which reveals an interesting connection to the value function baseline. I also
show that when the learning objective is a concave function of the policy pa-
rameters, the MSE-minimizing baseline gives the best possible bound on the
agent’s total expected sub-optimality obtainable from a standard analysis
of stochastic gradient ascent.

First, I show that choosing the baseline to minimize the MSE of the
gradient estimates is equivalent to choosing it to minimize the trace of the
covariance matrix of the estimates, which is equivalent to choosing it to
minimize the second moment of the gradient estimates. This equivalence
is useful because minimizing the MSE makes inuitive sense, minimizing the
second moment is the easiest to work with formally, and minimizing the trace
of the covariance matrix shows that this idea is equivalent to minimizing the
variance, which was already proposed by Greensmith, Bartlett, and Baxter.
The idea of minimizing the variance is not new, but the following analysis

and estimation techniques are.
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Lemma 4.5. Let 1 € R? be any vector and suppose for each function b :
X — R, we have a random vector V® such that E[V®] = u for all b. Then

argmin tr Cov(V") = argmin B[||V* — ;] = argmin E[[| v*[|,]
b:X—R b:X—R b:X—=R

Proof. This result is a consequence of the fact that E[V?] does not depend
on b. Using the trace rotation equality (that is, tr(AB) = tr(BA)) and the

definition of the covariance matrix, we have

tr Cov(V?) = tr(E[(V® — 1)(V® — 1) 7))

=E[tr((V* — u)(V = ) T)]
= E[(V* — )" (V" = )]
=E[[[V* - ull3]

which proves the first equivalence. Expanding the definition of the squared

2-norm, we have

E[IV* = s3] = E[IVals] + llull; - 2B
=E[IV3] - [lul>

It follows that E [Hvb—qu] and E [HV;,H;] differ by a constant that does not
depend on b. Therefore, the same function b will minimize both expressions.
O

Applying Lemma 4.5 to the case where u = V.J(#) and V° is a gradi-
ent estimate with baseline b shows that minimizing the MSE is equivalent
to minimizing the trace of the covariance matrix, which is equivalent to

minimizing the second moment.

4.3.1 Regret Bound from the MSE Minimizing Baseline

In this section, I prove that the MSE-minimizing baseline has good theoret-
ical properties. Suppose that the learning objective J is a concave function

of the policy parameters and we use a policy gradient method to produce
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a sequence of parameter vectors 61, ..., Op. Let 0* be any parameter vec-
tor that maximizes J. We can use Theorem 3.3 to upper bound the sum
S E[J(8) — J(6;)], which is one measure of the agent’s learning perfor-

mance until time 7. The upper bound that we get is

T B2
> E[I(0) — J(6)] < ot nTG?,
t=1

where 7 is the step size used in the policy gradient method, B is an up-
per bound on ||6*|,, and G? is an upper bound on the second moments
of the stochastic gradient estimates. Setting the step size according to
n = B/(GVT) gives the best bound of 2BGV/T. The gradient estimates
only appear in this bound through their second moments, and minimizing
the second moments gives the best bound. Since minimizing the second
moments of the gradient estimates is equivalent to minimizing the MSE, the
MSE-minimizing baseline gives the best possible regret bound from Theo-
rem 3.3.

The requirement that J be a concave function of the policy parameters
is almost never satisfied. However, it is often the case that J will be concave
in a neighbourhood of its local maxima. In this case, once the algorithm
enters one of these neighbourhoods, the above analysis holds if we replace

60* with the local maxima.

4.3.2 MSE Minimizing Baseline for Average Reward

This section derives a closed form expression for the MSE minimizing base-
line for the average reward learning objective. The derivation for the average
reward is given before the derivation for the total reward because it is con-

siderably simpler and uses the same ideas.

Theorem 4.6. Let 7 : R — II be a policy parameterization for an ergodic
MDP and let 6 € R? be any parameter vector. Then the function

b(x) = Z w(z,a,0)Qave(z, a,0),

a
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where

HVgﬂ' x,a,6 H;
(x,a,0)

w(z,a,0)
Yow W(z,d,0)

w(z,a,0) = and W(z,a,0) =
is the baseline function that minimizes the MSFE of the gradient estimate Vg

in Corollary 4.4.

Proof. By Lemma 4.5, we can equivalently find the minimizer of the second
moment of the gradient estimate. That is, we want to solve the optimization

problem

argminE[HSOQ(Qavg(X07 Ae? 0) - b(X9>)HZ] :
b:X—R

The general approach is as follows: by writing the expectation as a sum, we
see that it is separable over the values b(x), so we are free to optimize each
b(z) independently. Further, the contribution of each b(z) to the second
moment of the gradient estimate of VY is quadratic in b(z) and therefore
the minimizer can easily be computed.

First, we write the second moment as a sum and show it separates over
the values b(z). Let p(x,a), p(a|z), and p(x) be shorthand for the probabil-
ities P(X? = 2, 4% = a), P(A? = | X? = ), and P(X? = z), respectively.
Then

[ (Qug (X7, 47,0) — b(X*))|2]
- E[H909H2 Qavg X0 Aa 0) _ b(XG))Z]

m(x,a,0)
-3 ’Wme) b2 . 0,0) - a)?

=S rlalaly 00 g (,0,6) — b())?

(:va)

= Zp Z 2,0,0)(Qavg(x, a,0) — b(x))?.

For each state z, the value b(z) only appears in exactly one term of the
sum over z. Since there are no constraints between the b(z), we are free

to minimize each term independently. Therefore, we can express the MSE-
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minimizing baseline point-wise as

b(x) = argmin p(x) Z w(z,a,0) (Qavg(m, a,0) — 6)2

ceR a

= Z UJ(I’, a, Q)Qavg($7 a, 6)7

which completes the proof. ]

There is an interesting connection between the MSE-minimizing base-
line and the value function: both are weighted averages of the action values.
Since w(x, a, #) is non-negative for each action a, the weights w(zx, a, ) form
a probability distribution over the actions and therefore the MSE-minimizing
baseline b(x) is a weighted average of the action values. Similarly, the Bell-
man equation shows that the value function is a weighted average of the

action values:

Vavg (2, 0) = Z 7(z,a,0)Qave(x,a, ).

a
The only difference between these two baseline functions is the weighting
used in the average.

It is also interesting to notice that the value function baseline minimizes
the second moment of the quantity Qavg(X?, A% 0) — b(X?). The MSE-
minimizing baseline uses the modified weights w(z, a, #) in place of the action
selection probabilities in order to instead minimize the second moment of
the gradient estimate ¢?(Qavg(X?, A%,0) — b(X?)).

4.3.3 MSE Minimizing Baseline for Total Reward

This section derives expressions for two different baseline functions for the
total reward learning objective. The first is the baseline function that truly
minimizes the MSE, but it has a complicated form due to the correlations
between the states and actions visited during a single episode. The second
baseline is derived by ignoring the correlations between states, has a much
simpler form, and may still come close to minimizing the MSE in prac-

tice. I will first present the exact MSE minimizing baseline, followed by the
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approximation.

Theorem 4.7. Let m : R — II be a policy parameterization for an episodic
MDP and let § € R? be any parameter vector. Then the function

St E[I{XY =2} V] ¢f]
> E [H{XfZI}HSO?Hz}

where Vg = V9 is the baseline function that minimizes the MSE of the
gradient estimate Vg in Corollary 4.3.

b(z) =

Proof. Let (X?, AY, R?)?°, be the random sequence of states, actions, and

rewards obtained by following 7(6), let T? be the first time the terminal

0
state is entered, G¢ = Zzzt_l Rg be the total reward earned after time t,

V@”(szAfze)
(X7, A7,0)
can rewrite the gradient estimate from Corollary 4.3 as

and ¢! = be the vector of compatible features at time t. We

L

> et (G —b(XY)

@.‘
Il
—

9 1M

@fGt - Z @’b(Xf)
t=1
Z Op(x9),

where Vy is the gradient estimate with the constantly zero baseline function.

~~
Il

1

We can therefore decompose the second moment as follows

o0 T o0
B[4 = E (ve—zﬁb(xf)) (ve—zwfum)

E[||Vo|2] —221@ (Vg olb(X?) +ZZE 0T Ob(x0)b(XY)].
t=1 s=1

(4.1)

The double sum in (4.1) can be simplified using the following observation.

Let s and t be any two times with s < ¢. Since Markov policies choose
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actions independently of the history of states and actions, the probability of
choosing action a from state X¢ at time ¢ does not depend on the state and
action visited at time s. Formally, for any states x and z’, and any actions

a and a’, we have
[P(Af =al Xf = x,Xg = x/,Ag =d)= ]P’(Af = a|Xt9 =) =mn(z,a,6).

Therefore, we can factor the joint probability of taking action a’ from state

2/ at time s and later taking action a from state x at time ¢ as follows:

P(X! =z, A =a, X0 =2/, A" = d)
=PA =a| X! =2, X0 =2/ A = \P(X? =2 | X0 =2/, A% = o)
PAY =d | X? =2 P(XY =)
=n(z,a,0)r(z,d,0)P(X?! =2 \P(X! = 2| X0 =2’ A = o).

Note that this trick does not work when the time s follows time ¢, because
then knowing the state X? gives you information about what action was

taken at time ¢. Using this factorization, for any times s < ¢, we have
0T 0100 0
E[(pt Spsb(Xt )b(Xs )]

B S CE P I
Ver(x,a,0)T Vo (', d,0) ,
m(xz,a,0)  w(x' ad,0) b(z)b()

-y (P(Xf — 2 B(XY = 2| X? = of, A7 = )

. ( Z Vor(z,a, H)T)er(:c’, a, H)b(a:)b(:(:’))

=0,

where the last line uses the fact that ) Vgm(z,a,0) = Vgl = 0. The
expression is symmetric in the times ¢ and s, so an identical argument can
be used to show that E[gofTwzb(Xf)b(Xf)} = 0 when s > ¢. Therefore, the
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only non-zero terms of the double sum from (4.1) are the terms when s = ¢,

and therefore we can write the second moment as

E[IV§]15] = E [l Vo] —QZE [V eib(x7)] +ZEH%H2 (x7)7]

— )%l +Z;(E[H{Xf = o} [t bte)”
— 2RI {Xf - x} v;,rwf]b(x))

The last line above is obtained by first summing over the states, and then
summing over the times in which state x was visited, and shows that the
second moment is again separable over the states z.

Since the second moment is separable over the values b(x), we are free
to minimize each independently. Again, the contribution of each b(x) to the
second moment is an easily-minimized quadratic expression in b(x). The

MSE-minimizing baseline is therefore given by

S E[I{X? =2} Vo]

b(l‘) - 00 0 0
SR EI{X? = a} ef]l3)

O

The above expression for the MSE minimizing baseline may not be very
useful, since it may not be easy to compute even if we knew the MDP
transition probability kernel T. Both the form and derivation of this baseline
function are complicated because of the correlations between the states and
actions visited at different times during a single episode.

We can derive a much simpler alternative baseline that may still go a
long way towards minimizing the MSE. The idea is, rather than minimizing
the second moment of the complete gradient estimate VY = Z?jl 09 (GY —
b(X?)), we can try to minimize the second moment of each term in the sum
independently. The following result shows that a much simpler baseline

function minimizes the second moment of Y(G?¢ — b(X?)) for all times ¢.
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Theorem 4.8. Let 7w : RY — 11 be a policy parameterization for an episodic
MDP and let 6 € R? be any parameter vector. Then the function

b(x) = Z w(zx, a,0)Qtotal(, a, 0)

a

where

w(zx,a,0)

HVGW(xv a, 0)”3
Za’ ,LZ)(:E? CL/, 9)

w(z,a,0) = (.0.0)

and w(z,a,0) =

simultaneously minimizes the second moment of o (GY —b(X?)) for all times
t.

Proof. Fix any time ¢ and let X? and A? be the state and action at time ¢
Vor(X?,A9,0)
m(X{,A76)
ible features at time ¢ and G¢ be the total reward following action AY. Our

when following policy 7(6). Let ¢f = be the vector of compat-

goal is to find the baseline function b : X — R that minimizes
2
E[[lef(Gf = b(XD))|l5]-

Again, the general strategy is to express the objective as a separable sum
over the states x and to solve for each b(z) independently. Let pi(z,a) =
P(Xy =2, Ar = a), pr(alz) = P(Ar = a| Xy = z), and pr(2) = P(X; = ).
Using the fact that E[GY | X! = 2, AY = a] = Qiota1(z, a,0) and the definition

of @ from the statement of the theorem, we have

E[||l¢?(G¢ —b(X{))||2]
= E[[|¢f[|5(G7 - b(X7)?]

= Zpt ‘veﬂ- oo 9 H2(Qtotal(x a, 0) _b( ))

m(x,a,0)?

= Zpt alz)p(w ((j Z g)) (Qrotal(, a, 0) — b(a))

= Zpt Z w(z, a,0)(Qiotal (, a, 0) — b())?.
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From this we see that the second moment is separable over the states and
again the contribution of each state is quadratic in b(x). Therefore, we can

choose each b(x) independently as follows

b(z) = argmin p(z) Z W(z,a,0)Qoal (2, a,0) — b(z))?

ceR a

- Z w(x, a, H)Qtotal(l’, a, 9).

Since the above baseline does not depend on the time index ¢, it simultane-

ously minimizes the second moment of each ¢f(GY — b(X?)). O

This approximate MSE-minimizing baseline shows that, modulo the cor-
relations between times in an episode, the MSE minimizing baseline in the

total reward setting has the same form as in the average reward setting.

4.4 Estimating the MSE Minimizing Baseline

It may be easier to directly estimate the MSE minimizing baseline than to
estimate the unknown quantities in the closed-form expressions from the
previous section. For example, the action-value function (which appears in
two of the three baselines) is a function from state-action pairs to real num-
bers, while the baseline function is only a map from states to real numbers.
Since the baseline function has a simpler form, it may be possible to esti-
mate it more easily and from less data than the action value function. This
section describes a stochastic-gradient method for directly estimating the
MSE minimizing baselines from experience.

We will represent our baseline estimates as linear function approxima-
tors. Specifically, we will fix a map ¥ : X — R™ which maps each state to a
feature vector. Our baseline estimate will be a linear function of the feature
vector: b(xz,w) = ¥(x) w, where w € R™ is the baseline parameter vector.
Our goal is to find the parameter vector w € R? that minimizes the MSE of
the gradient estimate Vy' = Vg("w), which is equivalent to minimizing the

second moment.
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For both the average and total reward settings, we will show that the
second moment is a convex quadratic function of the weights w used in the
baseline function. Minimizing the second moment is equivalent to maximiz-
ing the negative second moment, which is a concave function. Therefore, if
we can construct unbiased random estimates of the gradient V,E [HV};’H;],
then we can use stochastic gradient ascent to directly approximate the MSE
minimizing baselines. The following theorems show that it is possible to
compute unbiased random estimates of the gradient by interacting with the

environment.

Theorem 4.9. Let 7 : R — II be a policy parameterization for an ergodic
MDP, 6 € R be any policy parameter vector, 1 : X — R™ be a baseline
feature map, and w € R% be any baseline parameter vector. Then the map

w E[HV};’H] is a convex quadratic function of w and the random vector
Dy = 2|l¢’|[;0"%" w — 206" V5

satisfies E[D}] = VwE[HVg’H;], where ! = (X?) and VY is the gradient
estimate from Corollary 4.4 with baseline b(z) = ¥(z) Tw.

Proof. We can rewrite Vg’ as follows

W= o (Qavg (X9, A%, 0) — ¥ Tw)
= V) — ¢y Tw

With this, we have

[Hvo H ] [ VO SOﬁwﬂ"l'w)"l'(vo _ 6¢9Tw)]
TE[||¢? 5074 Tw — 2B[Vh (% ]w + E[| V][]

This is a quadratic equation in w. Since the second moment is bounded
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below by 0, it follows that it must also be convex. With this, we have
VB[V 5] = Vu {w B¢ 560" w - 2EI95( 0T )w + B[ VE |1}
= E 2]}’ 557" — 20°¢" " |
and it follows that
Dy =2’ [5u'w’T — 207" v
is an unbiased estimate of the gradient V,E[||[V¥/3]. O

All quantities in Dy’ are observable by the agent, so the agent can pro-
duce samples from Dy’. Pseudocode for a policy gradient method that uses

the above estimate of the baseline function is given in Algorithm 6

Input: policy step-size n > 0, baseline step-size a > 0
1 Choose #; € R? arbitrarily;

Choose w; € R™ arbitrarily;

Initialize action value estimate ¢;

for each timet=1, 2, ... do

2
3
4
5 Receive state X; from the environment;
6 Sample action A; from 7 (Xy,-,0);

7 Receive reward Ry;

8 Compute ng according to Corollary 4.4 using X;, A;, the
estimated action value function ¢, and the baseline function
() = v(x) Ty

9 Set Oi41 =0, +nVg,;

10 Compute Dy* according to Theorem 4.9;

11 Set w1 = wy — ozD;“tt;

12 Update the estimated action value function estimate §;
13 end

Algorithm 6: Policy gradient method for ergodic MDPs with a linear

approximation to the MSE minimizing baseline.
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Theorem 4.10. Let 7 : R — II be a policy parameterization for an episodic
MDP, 6 € R? be any policy parameter vector, 1 : X — R™ be a baseline
feature map, and w € R™ be any baseline parameter vector. Assume that
Vo (Zterm, a,0) = 0 for all actions a and parameter vectors 0 (the parame-
terization can always be chosen so that this property is satisfied). Then the
map w — IE[HV@”H] is a convex quadratic function of w and the random

vector
791

Dy =23 (|t w— ¢l V)
t=1

satisfies E[Dy] = VwIE[HVg’Hz] , where ) = (X?) and Vi is the gradient
estimate from Corollary 4.3 with baseline b(x) = v (z) "w.

Proof. We can rewrite Vg’ as follows
T%—1
Vi =Y (G =] w)
~ ~
=S ot (S otut )
t=1 t=1
= V) — M,
where M? = 5°%°, o947, We can use this to write the second moment as
E[|VE]3] = E[(V) - MPw)T (VY — MPw)]
= w E[M?TM®]w — 2E[V)T M°|w +E[|| V]3]

Again this is a quadratic form in w and, since the second moment is bounded
below, it must be convex.

Before taking the gradient, we can simplify the matrix of coefficients
E [M ayvi 9] in a way very similar to the simplification of the double sum in
Theorem 4.7. Recall that for any times s < ¢, we have the following

]P’(Xf =z, Af = a,Xf =, A§ =ad)
=7(z,a,0)m(z’,d ,OP(X! = 2| X0 =2/, A% = o\ P(X? = 2.
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Therefore, whenever s < ¢, we have
Bl Tyl = Y P(X! =x,A] =a, X! =2/, A = d)

z,a,x’,a’
Vor(z,a,0)" Ver(z',a',0
m(x,a,0) m(z!',a,0)
= > PX!=a2)P(X] =2 | X! =2/, Ab = d)

! ’
z,x’a

(')’

x) (Z Vor(z,a,0)")Vor (', d’,0)p(z')"
=0.

Similarly, when s > 0, we have E[s)f o T %9 T] = 0. Therefore,

NE
NE

E[MQTMQ] — E[wtegO?T ewe—r]

1

Efllef ly0fv? "]

)
A
vl
I

o

t

Il
—

Finally, since Vo7 (Zterm,a,0) = 0, we have that ¢! = 0 whenever

Xf = Tterm, therefore

SR

and
A

Substituting these equalities into the expression for the second moment, we

have

E{151E) = B[S lstet w2 (Sotet) w8+ i)

Taking the gradient of this expression and exchanging the gradient and
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expectation gives that
TG
T T
Dy =23 v (e3¢0 w =l V9)
t=1

satisfies E[DY] = V,E[||Vy|2]. O

It is worth noting that the gradient estimate from Theorem 4.10 can be
computed in linear time in the length of the episode. The gradient estimate
Vg can be computed in the first pass, and Dj’ can be computed in a second
pass.

Pseudocode for a policy gradient method that uses the above estimate

of the baseline function is given in Algorithm 7

Input: policy step-size n > 0, baseline step-size @ > 0
Choose #; € R arbitrarily;

[uny

N

Choose w; € R™ arbitrarily;

for each episode index =1, 2, ... do

oW

Run one episode following 7(6) until the terminal state is reached;
5 Compute Vg’: according to Corollary 4.3 using the baseline

b(a) = ¢(z) Tw;

6 Set 0,41 =0 +nVq_;

7 Compute Dy™ according to Theorem 4.10;

wr
8 Set w41 = wy — aDeT .

9 end

Algorithm 7: Policy gradient method for episodic MDPs with a linear

approximation to the MSE minimizing baseline.

4.5 Experiments

This section presents an empirical comparison of the three baseline functions
discussed in this thesis: the always zero baseline, the value function, and

the MSE minimizing baseline. The goal of these experiments is to answer

95



the question: Does the baseline function have a significant impact on per-
formance? And if so, does one of the baseline functions consistently give
better performance than the others?

Earlier in this chapter I showed that when the formal learning objective
is a concave function of the policy parameters, then we can upper bound the
agent’s expected regret. This regret bound only depended on the baseline
through the second moments of the performance gradient estimates. There-
fore, the best regret bound is obtained by choosing the baseline to minimize
the second moment, which we saw was equivalent to minimizing the MSE.
We also saw that the best regret bound after T' updates is obtained by
setting the step size to be

where G? is an upper bound on the second moments of the first T gradient
estimates, and B is an upper bound on the 2-norm of the unknown optimal
parameter vector. Therefore, in the concave setting, the step size which gives
the best regret bound scales inversely proportional to G. My hypothesis is
that even when the learning objective is not a concave function of the policy
parameters, choosing the baseline to minimize the MSE (and therefore the
second moment) is a good choice. This hypothesis would be supported by
the experiments if the MSE baseline gives the highest performance and if its
maximum performance is achieved with a higher step size than for the other
baselines. All but one of the following experiments support this hypothesis.

Policy gradient methods have two significant parameters: the step size
and the baseline function. The expected performance depends on the pair of
parameter settings. To study the effect of the baseline function, I estimate
the expected performance when using each baseline with a wide range of step
sizes. For each baseline, this results in a graph showing the performance of
the given baseline as a function of the step size. This kind of parameter
study involves running the algorithm many more times than would be done
in practice. In practice, the parameters might be chosen according to a
rule of thumb or based on some brief experiment and then the algorithm

may be run only once with those settings. In these experiments, however,
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we run the algorithm for many parameter settings and, for each parameter
setting, we do enough runs to accurately estimate the expected total reward.
While these parameter studies do not necessarily resemble reinforcement
learning in practice, they allow us to confidently compare the baselines and
to understand how their performance depends on the step size. A strong
result would be to find that one baseline outperforms the rest for every
step size. In this case, no matter how you choose the step size, you should
always use the winning baseline. A weaker result would be to find that the
maximum performance of one baseline (maximizing over the step sizes) is
higher than the maximum performances of the other baselines. This result
is weaker, since it might not be easy to find good step sizes in practice.

The experiments compare the three baseline functions in two different
test-beds. I borrowed the first test-bed, called the ten-armed test-bed, from
Rich Sutton and Andy Barto’s book [SB1998|. In the ten-armed test-bed,
the MDP has a single state and ten actions, each having rewards drawn from
a Gaussian distribution with unit standard deviation. Such an MDP is called
a bandit problem, in reference to multi-armed bandits or slot machines. An
episode in a bandit problem consists of choosing a single arm, and the agent’s
goal is to maximize her total reward over a fixed number of episodes. In all
the following experiments, the number of episodes is taken to be 20. Rather
than fixing a single bandit for the comparison, we can randomly produce
many distinct bandits by sampling the mean payout for each arm from a
standard Gaussian distribution. We compare the average performance over
a large number of randomly generated bandits to reduce the chance that the
results are an artifact of one specific bandit.

MDPs with a single state are missing many properties of typical MDPs.
For example, the action value function in a single-state MDP does not de-
pend on the agent’s policy at all. T designed the second test bed, called the
triangle test-bed, to be similar to the ten-armed test-bed but with more than
one state. Again, the payout for each state-action pair will be a Gaussian
with unit standard deviation and mean sampled from a standard Gaussian
distribution. The states are organized in a triangle with R = 5 rows, where

there are r states in the ™" row. The starting state is the unique state in
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Figure 4.1: Each black circle represents a state in a triangular MDP and
each arrow represents the deterministic transition resulting from the LEFT
action or RIGHT action, depending on whether the arrow points left or right.
Starting from the top state, the agent chooses to move either LEFT or RIGHT

until she reaches the bottom row.

the first row and there are two actions, LEFT and RIGHT, which each move
the agent from its current state to the state below and left, or below and
right, respectively. Figure 4.1 shows the layout of the states and the avail-
able actions. As in the ten-armed test-bed, the agent is allowed to perform
a fixed number of episodes on each randomly generated triangle MDP, and
her goal is to maximize total reward. In all of the following experiments,
the agent is given 50 episodes to interact with each instance of the triangle
MDP.

I use a similar policy parameterization in both test-beds. The policy
parameterization is a mixture of the uniform policy, which chooses each
action with equal probability, and the so-called Gibbs policy, which is a
common policy parameterization when there are a small number of states
and actions. In the Gibbs policy, the agent stores a weight, or preference,
for each state-action pair. The weights are stored in a |X x AJ-dimensional
vector 6, and we write 0(x,a) to denote the weight associated to action a

in state . The Gibbs policy is parameterized by the agent’s preferences in
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the following way:

exp(f(x,a))
o exp((z,a’))’

TGibbs (2, a, 0) = 5

where the sum is taken over all actions. Under the Gibbs policy, the agent
prefers to choose actions with a high weight and the action selection prob-
abilities are invariant to adding a constant to all weights. For a mixing
constant €, which in all experiments I take to be 0.05, the policy parameter-

ization that I use is given by
m(x,a,0) = ¢/|A| + (1 — €)mgibbs(T, a, 0).

The mixture constant € is not a parameter of the policy that is controlled
by the agent. The reason for using a mixture of the Gibbs policy and
the uniform policy is that, in the mixture, the minimum action selection
probability is €/|A| > 0. Having a parameter-independent lower bound
on the action selection probabilities ensures that the agent will continue
to explore the available actions for every possible parameter vector. This
helps to avoid situations where the agent sets the probability of choosing
an action to zero early in an episode based on an unlucky reward. It is a
straight forward calculation to check that the gradient of the Gibbs policy
with respect to the weight vector 6 is given by

VomGibbs (2, a,0) = Tgibbs (2, a, 0)(e(x, a) — maibbs(2,0)),

where e(z,a) is the (z,a)™ standard-basis vector and Tgipps(z,6) is the

h

vector whose (2/,a’)™ entry is equal to I{x = 2’} mqipps(2’,a’,0). From

this, the gradient of the mixed policy is given by

Vor(x,a,0) = (1 — €)Vomgibbs(, a, 0)

= (1 — e)mGipbs(T, a,0)(e(z, a) — mgipbs(x, 0)).

Since we have closed form expressions for the action selection probabili-

ties and their gradient with respect to the policy parameters, it is easy to
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compute the stochastic gradient estimates discussed in this chapter. In all
experiments, the weight vector 0 is always initialized to the zero vector,
which results in the uniform policy.

One practical complication is that the value function and the MSE min-
imizing baseline are both unknown to the computer agent, since they de-
pend on the unknown MDP transition probability kernel. An agent solving
real-world problems must estimate these functions in order to use them as
baselines. The experimental challenge is that, if we compare estimated base-
lines, we can’t be sure that a difference in performance is due to the choice
of baseline and not the quality of the estimation. Even though unknowable
baseline functions are not usable in practice, measuring their performance is
still useful because it motivates the search for good approximation methods
for the best theoretical baselines. For this reason, the experiments com-
pare not only the estimated baselines, but also their true values. In both of
the test-beds, we have perfect knowledge of the transition probability kernel
(though we do not share this information with the agent). Using this knowl-
edge, we can give the computer agent access to an oracle that produces the

true MSE minimizing baseline function, or the true value function.

Comparison of True Baseline Functions: First, I present the results
of the comparison in the setting where the agent has access to the true
MSE minimizing baseline and the true value function. This is the simplest
setting, since there are no parameters related to baseline estimation that
need to be tuned. Figure 4.2 shows the estimated performance in both
the ten-armed and triangle test-beds. In both test-beds, the expected total
reward for each parameter setting is estimated by taking the sample mean
of 1,000,000 independent runs. These parameter studies give statistically
significant support to my hypothesis, since the MSE minimizing baseline
gives better performance than the zero baseline and the value function across
a wide range of step sizes, and it attains its highest performance at a higher
step-size than the other baselines.

It appears, however, that using either the value function or the MSE

minimizing baseline gives only a small improvement over using the always-
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Figure 4.2: Comparison of the total reward earned by the episodic policy
gradient method when using the true baseline functions. The error bars
show 3 standard errors in the mean. The left figure shows performance in
the ten-armed test-bed. The right figure shows performance in the triangle
test-bed.

zero baseline, which is equivalent to using no baseline at all. For the ten-
armed test-bed, the average reward for each action is drawn from a standard
Gaussian random variable and therefore zero is a good guess at the average
payout of the arms. We might expect that if the mean payouts were shifted
up or down, the performance of the zero baseline may deteriorate, since
zero is no longer a good estimate of the mean arm payout. In contrast, the
updates made by both the value function and MSE minimizing baselines
do not change when a constant is added to all rewards. The situation is
similar in the triangle test-bed, since the expected payout of a path through
the states is also zero. Figure 4.3 shows the performance of the baselines
in both test-beds when the rewards are shifted up or down by 10. In this
case, we see a significant improvement when using non-zero baselines. It
is difficult to see the difference between the value function and the MSE
minimizing baseline, but since these methods are invariant to translations
in the rewards, their difference is exactly the same as in the mean-zero case.

The above comparisons show that for the two test-beds, it is important
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Figure 4.3: Comparisons of the three baselines in the ten-armed test-bed
and the triangle test-bed. The mean reward for each action is drawn from
a Gaussian distribution with mean p and unit standard deviation. In the
first row, 4 = —10 and in the second row p = 10. The left column shows
estimates of the expected total reward in the ten-armed test-bed and the
second column shows the same for the triangle test-bed. Again, the error

bars show 3 standard errors in the mean.



to use a non-zero baseline whenever the mean payout per episode is far
from zero. Moreover, the MSE minimizing baseline consistently gave better
performance than the other baselines for a wide range of step sizes, and its
maximum performance was obtained at a higher step size than for the other

baselines, which supports my hypothesis.

Comparison of Estimated Baseline Functions Next, I will present
the results of the comparison of the estimated baseline functions. This
case is slightly more complicated than when using the true baseline func-
tions, since we need to choose any parameters that the estimation techniques
have. Rather than carefully optimizing the parameters for the estimation
techniques, I tried to choose the parameters in a way that would be realistic
in practice. First, I will describe the estimation techniques and the param-
eter choices, followed by a comparison of the different baselines. The names
I use for each baseline estimate are prefixed with either the letter @ or G,
which indicates how they are estimated as will be described shortly.

I proposed two different techniques for estimating the MSE minimizing
baseline. In the first estimation, we ignored the correlations between dif-
ferent time-steps in each episode, which gave rise to an approximate form
of the MSE minimizing baseline that is a weighted average of the action
value function. When the MDP has only a single state, there are no corre-
lations to ignore and this approximation is exact. Given an estimate of the
action value function, which can be obtained in various standard ways, we
can substitute the estimated action values into the closed form approxima-
tion of the MSE minimizing baseline. This estimate is appealing because its
only parameters are those of the action value estimation technique, which
in many cases can be chosen according to rules-of-thumb. I will refer to this
estimate as the QMSE baseline (Q for action-values). The second estimation
was obtained by performing stochastic gradient descent to estimate the MSE
minimizing baseline directly from the observed sequences of states, actions,
and rewards. This estimation is appealing because it does not ignore the
correlation between time steps in the episode, but one draw back is that its

step size parameter is difficult to tune. I will refer to this estimate as the
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GMSE (G for stochastic gradient descent).

I expect that the choice of the step size for the stochastic gradient descent
algorithm used to compute the GMSE baseline, denoted by 7y will have a
similar effect on the performance of the agent for all policy gradient step sizes
1. Therefore, to set ny,) for each test bed, I ran the agent with policy gradient
step size n = 0.9 for the correct number of episodes (20 in the ten-armed
test-bed and 50 in the triangle test-bed) 1000 times and chose the baseline
step-size from the set {0.001,0.01,0.1,1.0} that maximized performance.
The best parameter settings were 7] = 0.01 in the ten-armed test bed and
np1 = 0.1 in the triangle test-bed.

There are standard techniques for estimating the value function of a pol-
icy in an MDP. Rather than estimating the value function directly, though,
I use the fact that the value function is a weighted average of the action
value function. This gives more accurate estimates in the ten-armed test-
bed, since the action values do not depend on the agent’s current policy. I
will refer to this as the QVALUE baseline.

To estimate the action value function in the ten-armed test-bed, I use
the fact that the action value function does not depend on the agent’s policy,
since there is only one state. In this case, a good estimate of the action value
for a given action is to take the sample average of the observed rewards for
that action. For actions that have not yet been tried, a default value of 0 is
used. The only parameter of this estimation technique for the action values
is the default value. Since it only influences performance early in learning,
I did not tune the default value.

In the triangle test-bed, I use the Sarsa()) algorithm to estimate the
action value functions that are passed into the two action-value oriented
baseline estimates. Sarsa(\) has two parameters, a step size o and an el-
igibility trace parameter \. Again, I expect that the Sarsa(\) parameters
should affect the agent’s performance similarly for all policy-gradient step
sizes and all baselines. For this reason, I chose the parameters a and A
by running the policy gradient method with fixed step size n = 0.9 for 50
episodes 1000 times, and chose the parameters that gave the smallest aver-

age squared error in the action-value estimates at the end of the 50 episodes.
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Of all pairs of « in {0.001,0.01,0.1,1.0} and A in {0.001,0.01,0.1,1.0} the
best setting was to take o = A = 0.1.

Figure 4.4 shows the parameter studies for each of the estimated baselines
in the two test-beds. As before, I also present the results when the rewards
are shifted up or down by 10. The results of this experiment tell a different
story than what we saw for the true baseline functions. Let p denote the
amount that the rewards are shifted by. In the first experiments where we
compared the true baseline functions, the MSE minimizing baseline gave
the best performance across a wide range of parameters. In this setting,
however, the baseline with the best performance depends on the step size
and which baseline achieves the highest performance for an optimized step
size depends on the value of p. These results do not support my hypothesis
and were surprising because I expected the relative performance of the non-
zero baselines to be the same independent of the shift .

The differences in performance between the non-zero baselines for the
various values of u can be explained by an interesting property of policy
gradient methods. Consider the bandit problem and suppose that our base-
line is substantially larger than the rewards. Suppose the agent chooses a
random action A and receives reward R. Then the term (R — b), where b
is the baseline value, is negative with high probability the agent will reduce
the probability of choosing action A, even if it was the best action. Since
the action selection probabilities must sum to one, the probability of the
other actions will be increased. On the following episode, the agent will be
more likely to choose an action other than A, even if A was the best avail-
able action. In this way, having a baseline that underestimates the rewards
encourages systematic exploration of the actions. On the other hand, if the
baseline is substantially lower than the rewards, the probability of choosing
action A will always be increased, even if it was the worst action. On the
following episodes, the agent will be more likely to choose the same action
again. This asymmetry between having baselines that are too high or too
low suggests that it is better to have an underestimate, which results in
exploration, rather than an overestimate, which results in less exploration

and more erratic updates to the parameter vector.
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Figure 4.4: Comparisons of the four estimated baselines in the ten-armed
the triangle test-beds. The mean reward for each action is drawn from a
Gaussian distribution with mean g and unit standard deviation. In the first
row, i = 10 in the second row, u = 0, and in the third row y = —10. The
left column shows estimates of the expected total reward in the ten-armed
test-bed and the second column shows the same for the triangle test-bed.

Again, the error bars show 3 standard errors in the mean.



But why should this asymmetry change which of the non-zero base-
lines performs best? The reason is that both of the non-zero baselines are
weighted averages of the action values. In the case of the QVALUE baseline,
the weights are exactly the action selection probabilities, so it places high
weight on the actions that will have the most reliable action value estimates.
On the other hand, the weights in the QMSE baseline are proportional to
|\Vor(z,a, H)H; /7(z,a,0). Since the denominator scales inversely with the
action selection probabilities, the weighted average depends more heavily on
the actions that are infrequently selected. Therefore, when the initial ac-
tion value estimates are very high, as is the case when yu = —10, we expect
there to be enough exploration for both estimated baselines to become accu-
rate. In this case, the MSE minimizing baselines performs better. But when
= 10, the amount of exploration is reduced and therefore the value func-
tion estimate becomes more accurate than for the MSE baselines. This is
one possible explanation for the difference between the = 10 and p = —10
cases.

To test this hypothesis I ran the experiments again, but this time I
initialized the starting action value estimate to be a better estimate than 0.
In the ten-armed test-bed, I pull each arm once and use the sampled reward
as the initial estimate of the action value, instead of using the default value
of zero. For the triangle test-bed, I compute the true value function and
initialize the action value estimate with this instead. In principle, I could
have run several episodes using Sarsa(\) to compute a more realistic initial
estimate of the action value function for the triangle MDP, but using the true
values requires less computation and has essentially the same result. Further,
even though this initialization is slightly unrealistic, it shouldn’t favour any
baseline function. Results for this experiment are shown in Figure 4.5. These
results are very similar to those for the true baseline functions and support
my hypothesis. The lesson from this experiment is that when using policy
gradient methods, we should be careful to initialize the baseline function in
a reasonable way so that the agent’s policy does not become too focused

early on, independently of the observed rewards.
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Figure 4.5: Comparisons of the four estimated baselines with good initial-
izions in the ten-armed the triangle test-beds. The mean reward for each
action is drawn from a Gaussian distribution with mean g and unit standard
deviation. In the first row, g = 10 in the second row, g = 0, and in the
third row g = —10. The left column shows estimates of the expected total
reward in the ten-armed test-bed and the second column shows the same for
the triangle test-bed. Again, the error bars show 3 standard errors in the

mean.



Chapter 5

Learning in MDPCRs

This chapter describes the second project that I worked on during my MSc,
which focused on designing and analyzing efficient learning algorithms for
loop-free episodic and uniformly ergodic MDPCRs which were introduced in
Section 2.2. We propose three new algorithms: an algorithm for learning in
loop-free episodic MDPCRs under instructive (full-information) feedback,
where the agent observes the entire reward function r; after each action,
an algorithm for learning in loop-free episodic MDPCRs under evaluative
(bandit) feedback, where the agent only observes the reward for the action
she took, and an algorithm for learning in uniformly ergodic MDPCRs un-
der instructive feedback. We believe that the algorithm for learning under
instructive feedback in ergodic MDPCRs can be extended to learning un-
der evaluative feedback, but the analysis proved to be quite challenging.
In all cases, we assume that the rewards belong to the interval [0,1]. The
theoretical results for these three algorithms either improve or complement
the results for existing algorithms and often hold even under weaker condi-
tions. This comes at the cost of having increased, though still polynomial,
computational complexity.

A common strategy in computing science is to reduce a problem that we
would like to solve to a problem that we have already solved. The strategy of
this project is to reduce the problem of learning in MDPCRs to the problem

of online linear optimization. Reduction in this case means that if I have an
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algorithm for online linear optimization with provable regret bounds, then I
should be able to use that algorithm to achieve a similar regret bound while
learning in an MDPCR. Section 3.3 presented online mirror ascent, which is
an algorithm for online linear optimization with a good regret bound. The
three algorithms proposed in this project are all instances of online mirror
ascent applied to the problem of learning in MDPCRs by way of a reduction
to online linear optimization.

In all cases considered in ths project, online mirror ascent cannot be
implemented exactly. The update rule of online mirror ascent has two steps:
first, we compute the unconstrained maximizer of an objective function that
combines the goals of maximizing the most recent payout vector and not
moving too far from the previous choice. Second, we project the uncon-
strained maximizer back onto the set of feasible solutions. In many cases,
the unconstrained maximizer can be computed as a simple closed-form ex-
pression but the projection step is expensive and can only be solved ap-
proximately. A natural question is: how do these approximations impact
the performance of online mirror ascent? The final result of this project
is of independent interest and provides theoretical analysis for a natural

approximate implementation of online mirror ascent.

5.1 Reductions to Online Linear Optimization

In this section, we reduce loop-free episodic MDPCRs and uniformly er-
godic MDPCRs to online linear optimization. Recall that in online linear
optimization, the agent chooses a sequence of points wi, ..., wy from a
convex set K C R? Following the agent’s choice of wy, her environment
chooses a payout vector r; and she earns reward equal to 'r’;r wy. Her choice
of w; should only depend on wy.;_1) and 71.;_1), while the environment’s
choice of r; should depend only on wy;; and ry,;_1). The agent’s goal is to
choose the sequence w; so that her regret relative to the best-in-hindsight

fixed point in K is small. That is, she wants to minimize

Rr(wir,rir) = sup r) (w— w).
weK
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We only provide reductions for the instructive feedback setting, where the
agent observes the entire reward function, since our algorithm for the eval-
uative feedback setting are derived from the instructive case by statistically

estimating the reward function.

5.1.1 Reduction of Loop-Free Episodic MDPCRs

This subsection shows that learning in loop-free episodic MDPCRs can be
reduced to online linear optimization. Recall that in a loop-free episodic
MDPCR, the state space X is partitioned into L layers &7, ..., Xy, and that
each episode starts in X7, and moves through the layers in order until the
agent reaches X7. As a consequence, every episode visits exactly one state
from each layer. Since each state can be visited at most once in an episode,
we consider the case where the reward function and the agent’s policy only
change at the end of an episode, rather than at every time step. We denote
the reward function and the agent’s policy for the 7t episode by 7, and =,
respectively.

The main idea behind the reduction from learning in loop-free MDPCRs
to online linear optimization is to represent the agent’s policies in such a
way that the expected total reward in the 7 episode is a linear function of
the representation of the policy 7w,. With such a policy representation, we
can construct an online linear optimization game where in each round the
agent chooses a policy for episode 7 and the linear payout vector for that
round is set so that the agent’s reward in the linear optimization round is
exactly the expected total reward in the 7" episode.

We will represent policies by their occupancy measure. The occupancy
measure of a policy 7 in a loop-free episodic MDPCR describes how often an
agent following 7 will visit each state. An agent following policy 7 will visit
exactly one state in each layer Xy and, since the transitions in an MDPCR are
stochastic, there is a well-defined probability of visiting each state x € A).
The (state) occupancy measure of a policy 7 is the map v(7) : X — [0,1]
defined by
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where ¢ € {1,...,L} is the layer index such that + € A} and X[ is the
random state from layer X, visited by the agent. In words, v(x,7) is the
probability that an agent following policy 7 will visit state z in an episode.
The (state-action) occupancy measure of a policy, denote by u(w), is defined
by

wx,a,m) =P(X] =z,A] =a) =v(z,m)n(z,a).

The quantity pu(z,a, ) is the probability that an agent following policy 7
will be in state z and choose action a. For the rest of this section, v will
always refer to the state occupancy measure of a policy, and u will always
refer to the state-action occupancy measure.

Our plan is to represent policies by their state-action occupancy mea-
sures and to choose policies by playing an online linear optimization game
over the set of state-action occupancy measures. For this approach to be
sensible, we need to show that the state-action occupancy measures can ac-
tually be used to represent policies (i.e., all policies have one, and the policy
can be determined from only the occupancy measure). In order to apply
online mirror ascent, we need to show that the set of occupancy measures
is a convex set. Finally, to make the connection between the online lin-
ear optimization game and learning in the MDPCR, we need to show that
the expected total episodic reward is a linear function of the state action-
occupancy measure.

First, we show that it is possible to recover a policy from its state-action

occupancy measure.

Lemma 5.1. Let p: X x A — [0,1] be the state-action occupancy measure

of some unknown policy w. Set

A wl,a) o(x) i v(z) > 0
7i(z,a
1/|A| otherwise,

where v(xz) = >, w(xz,a). Then 7t(x,a) = 7(x,a) for all states x that

visits with non-zero probability.

Proof. Suppose that 7 is the unknown policy. Then we have u(z,a) =
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p(z,a,m) and v(x) = v(z,7). From the definition of u(x,a,), for each

state £ we have

Zu(x, a,m) = Z v(z,m)m(z,a) = v(z,m).

a

Further, whenever v(z,m) # 0, we can divide the equation p(z,a,7) =

v(z,m)m(z,a) by v(z,m) to obtain

_ pwa,m)  p(x,a,m)
)= ) T S st
It follows that 7(x,a) = m(x, a) whenever v(x) > 0. O

This lemma shows that, given only the state-action occupancy measure
of a policy, we can recover the policy’s action-selection probabilities in every
state that it visits with non-zero probability. It is not a serious problem that
we cannot recover the action selection probabilities in the remaining states,
since an agent following the policy will visit them with probability zero.
Therefore, since every policy has a state-action occupancy measure and,
since we can (essentially) recover a policy from any state-action occupancy
measure, we are able to represent policies by their state-action occupancy
measures. In the language of policy gradient methods, we can think of the
map given by Lemma 5.1 as a policy parameterization.

Next, we want to show that the set of all state-action occupancy measures
K = {u(m) : m € II} is a convex subset of R?. Let d = |X xA| be the number
of state-action pairs. Then we can think of the set of functions {f : X x A —
R} as a d-dimensional vector space by identifying functions with tables (or
vectors) of their values at each of the d state-action pairs. In this space of
functions the natural inner product is defined by f'g = >waf(@ a)g(z,a).
For the rest of this chapter, we treat functions with finite domains as vectors
in finite-dimensional vector spaces together with this inner product. With
this convention, we can show that the set of occupancy measures is a convex

set.

Lemma 5.2. Fiz a loop-free episodic MDPCR and let K = {u(m) : m € II} C
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R? be the set of occupation measures. Then
K= {u X x A= [0,1] : v(start) = 1,V € X 1 v(2)) = Z,u(:c,a)?(x,a,x’)} ,
x,a

where we used the shorthand v(xz) = Y p(z,a). Moreover, since K is

defined by a set of linear inequalities, it is a convex subset of RY.

Finally, we want to show that the expected total reward of an agent
following policy 7, in the 7" epsiode is a linear function of u(w,;). We

obtain this result by applying the following lemma with f = r,.

Lemma 5.3. Let w be any policy for a loop-free episodic MDPCR and let
f: X xA—=R be any function. Then

E[éf(xz,%)} — ().

Proof. The proof follows from the fact that for each state  in the ¢ layer,

and for each action a, we have that u(z,a,7) = P(X] =z, A] = a).

M=

L
B| S SO, A7) | = S EL (X7 A7)

(=1

)
)

Il
M=

> P(X] =2, A7 =a)f(z,a)
1 zeXy,a

~
Il

w(w,a,m)f(x,a)
TEXy,a

I
M=

~
Il
—_

|
(]

p(z,a,m) f(z,a)

= fTu(m).
0

Combining Lemmas 5.1, 5.2, and 5.3, we have the following reduction

from learning in loop-free episodic MDPCRs to online linear optimization.
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Theorem 5.4. Let M = (X, A, P, (r+)ren) be a loop-free episodic MDPCR.
Then, the regret of any sequence of policies w1, ..., mr relative to the set
of Markov policies is equal to the regret of the sequence of state-action oc-
cupation measures p(my), ..., p(mr) in an online linear optimization game
where K = {u(n) : m € 1} and the adversary chooses the payout vector r,
for the T round to be equal to the reward function in the MDPCR for the

T episode.

5.1.2 Reduction of Uniformly Ergodic MDPCRs

This subsection shows that learning in uniformly ergodic MDPCRs can be
reduced to online linear optimization. Recall that in a uniformly ergodic
MDPCR, every policy 7 has a unique stationary distribution v(7) € Ay and
that each policy converges to its stationary distribution uniformly quickly.
The stationary distribution over state-action pairs for a policy 7, denoted
by wu(7), is defined by

wlx,a,m) = vz, )r(z,a).

The reduction presented in this section is very similar to the reduction in
the previous section with the state-action stationary distribution replacing
the state-action occupancy measure.

In this case, we represent the agent’s policies by their stationary distri-
bution over the set of state-action pairs. Again, we need to show that it is
possible to recover a policy from its stationary distribution, that the set of
stationary distributions is convex, and that we can establish a relationship
between the regret in an online linear optimization game and the regret in a
uniformly ergodic MDPCR. In the loop-free episodic case, the relationship
was very straight forward, while in this case the situation is slightly more
subtle.

First, we show that it is possible to recover a policy 7 from its stationary

distribution p (7).

Lemma 5.5. Let u: X x A — [0,1] be the state-action stationary distribu-

75



tion of an unknown policy m. Set

p(z,a)/v(x) ifv(z) >0

7(x,a) =
1/|A] otherwise,

where v(z) =Y, pw(x,a). Then 7t(x,a) = w(x,a) for all states v with non-

zero probability in the stationary distribution of .
Proof. The proof is identical to the proof of Lemma 5.1. O

Next, we show that the set of stationary distributions is a convex subset
of R? when we identify the set of functions {f : X x A — R} with tables

(or vectors) of their values at each of the d = |X x A| state-action pairs.

Lemma 5.6. Fiz a uniformly ergodic MDPCR and let K = {u(7) : m € II} C

R? denote the set of stationary distributions. Then
K= {u X x A—[0,1] : V2 e X1 v(a) = Zu(:ﬁ,a)P(:U,a,x')},
x,a

where we used the shorthand v(xz) = Y u(x,a). Moreover, since K is

defined by a set of linear inequalities, it is a convex subset of RY.

Finally, we want to show that the regret of an agent following policies
T, ..., mp in the uniformly ergodic MDPCR can somehow be related to
linear functions of u(m), ..., pu(wr). In the loop-free episodic case, the ex-
pected reward in each episode was exactly the inner product ! pu(7;). In
the uniformly ergodic case, the inner product ;" u(m;) is the long-term av-
erage reward of the policy m; in the DP (not MDPCR) with deterministic
rewards given by r; and with the same states, actions, and transition prob-
abilities as the MDPCR. The following lemma shows that we can bound
the agent’s regret in the MDPCR, in terms linear functions of the stationary

distributions.

Lemma 5.7. Fiz a uniformly ergodic MDPCR with mixing time T < 00

and suppose that the reward functions satisfy ri(x,a) € [0,1] for all times,
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states, and actions. Let B > 0 and suppose 71, ..., T are any sequence of
policies with HV(Trt,l) - 1/(77,5)H1 < B for all timest =2, ..., T. Then the
regret of the sequence of policies w1, ..., mp relative to any fized policy w

can be bounded as follows:

E, [irt(xt, At)] S [Z re(Xe, At)}

t=1 t=1

T
<> rl (u(r) = plm)) + (1 + 1)TB + 47 + 4.
t=1
Proof. Recall that we use the notation v(m) and p(m) for the state and
state-action stationary distributions of the policy 7, respectively. We now

introduce notation for the finite-time distributions.

Notation for following the policy mw: Let 7] (z) = P(X; = x) be the
probability that an agent following policy m visits state x at time ¢ and let
a7 (z,a) = Pr(X; = x, Ay = a) be the probability that she takes action a

from state x at time t. We have

iy (z,a) =P (Xt =2, A = a)
= Pﬂ(At =a | Xt = CL')IP)ﬂ—(Xt = I‘)

=7(x,a)v] (x).

The following recursive expression for 7 will be useful: Since the agent
starts in the state zgars with probability one, we know that o7 (z) = [{z = Zsart }-
For each t > 1, we have

Uiy = v PT,
where P7 is as in Definition 2.15 and is an operator on Ay that corresponds

to taking a single step according to the policy .

Notation for following the sequence of policies m1.7: Similarly, let
Ut(z) = Pr,.. (Xt = ) be the probability that an agent following the se-

quence of policies 7.7 visits state x at time ¢ and let fi;(x,a) = Pr, . (Xt =
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x, Ay = a) be the probability that she takes action a from state x. Again,
we have fiy(z,a) = m(x,a)r(z), and we can express 7y recursively: o (z) =
I[{z = xstart} and

~ ~ DT
Vi1 = VtP ¢,

With the above notation, we are ready to prove the lemma. First, we

rewrite the two expectations as sums:

[Ert Xt,At} :ZZ: [ (X, Ar)]

Similarly,

With this, the expected regret of the policies 7y, ..., m relative to the fixed

policy 7 can be written as:

EW[XT:H(Xt,At ] ﬂlT[Zrt Xt,At} :iﬁ(y — i

t=1 t=1 t=1

We can add and subtract the stationary distributions of 7w and m; into the
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' term of the sum above to obtain the following decomposition:

SO — i) = S0 (B — () + S () — ) + S0 () — fn):
t=1 t=1 t=1 t=1
(5.1)

The middle term of the above decomposition appears in the bound from
the statement of the lemma, so it remains to upper bound the first and last
term by (7 + 1)BT + 47 + 4.

To bound the first term we use the following lemma from [NGSA2014]

Lemma 5.8 (Lemma 1 from [NGSA2014]).

Sl (i - plm) < 27 +2 (5.2)

t=1
To bound the last term, we use the following technical lemma:
Lemma 5.9. For each time t, we have

t—2
Hﬂt - V(Trt)Hl § 26_(t_1)/T _|_ B Ze—s/’r
s=0

< 2e~V/T L B(r +1).
Moreover, for each time t, we have

i — (o) ||, < 27D/ 4 B(r +1).

Proof. We prove the first inequality by induction on t. The base case is
when ¢t = 1. By the triangle inequality and the fact that 74 and v(m) are
distributions, we have Hﬁl —I/(?Tl)Hl < HﬁlHl + Hv(m)Hl <2=2e (-D/7 4
B 25_210 e~*/T. Therefore, the claim holds when ¢t = 1. Now suppose that
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the claim holds for ¢. Then we have

H17t+1 — 1/(7rt+1)H1 < Hl?t_H — 1/(7rt)H1 + Hy(ﬂt) — V(7rt+1)H1 (Triangle Inequality)
< |5 P™ — v(my) P™ H1 +B (Stationarity of v(m))
<e UTHW —v(m Hl +B (Uniformly Ergodic)

t—2
<e VT (26_(t_1)/T +B Z e_S/T> + B (Induction Hypothesis)
s=0
t4+1—2
— 26—(t+1—1)/7' +B Z e—S/T.

s=0

It follows that the first inequality holds for all times t. The second inequality
follows from the first, together with the fact that

t—2

Ze_S/T < 1+/ e Tds =1+

s=0 0

The final inequality is proved as follows:
i — ()], = Z fie(,a) — p(x, a,m)|
= Z |y ()7 (2, a) — v(x, m)m (2, a)|
= Z | (z) — v(z, )] Zm(w,a)
= Z |y () — vz, )|

= Hw —v(m)l,

< 2 =D/T 4 B(r 4 1).
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We are finally ready to bound the sum Zthl rd (fie — p(my)).

M=

T
Z ) (fig — p(mp)) < HrtHooHﬂt — ()|, (Holder’s Inequality)
t=1

i
I

(2¢=Y/7 L B(r +1)) (Lemma 5.9, |||, < 1)

M=

H
Il
—

T
=(r+1)BT +2 Z e~ t=0/7
t=1

< (r+1)BT +2r +2, (5.3)

where in the last line we again used Zle e~ =D/ <74 1.
Substituting inequalities (5.2) and (5.3) into the regret decomposition
(5.1) proves the lemma. O

Combining Lemmas 5.5, 5.6 and 5.7 gives the following reduction from

learning in uniformly ergodic MDPCRs to online linear optimization.

Theorem 5.10. Fiz a uniformly ergodic MDPCR with mizing time T < 00
and bounded rewards: ri(x,a) € [0,1] for all states, actions, and times. Con-
sider the online linear optimization problem where K is the set of stationary
distributions over state-action pairs and the environment chooses the payout
vector in round t to be equal to the t™ MDPCR reward function. Suppose
an agent for the online linear optimization game chooses the stationary dis-
tributions p(my), ..., w(wr). Then we can essentially recover the policies
T, ..., T, and if an agent follows those policies in the MDPCR, then her
regret is bounded by

T
E, [;rt(Xt, At)] S [Z re(Xe, At)]

t=1
T
< Zr; ((m) — p(m)) + (T + 1)TB + 47 + 4
t=1
for any B such that B > |v(m—1) — v(m)||y for allt =2, ..., T.
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This reduction shows that if we can achieve low regret in an online
linear optimization problem, and if the sequence of choices don’t change too

quickly, then we can also achieve low regret in a uniformly ergodic MDPCR.

5.2 Online Mirror Ascent with Approximate Pro-

jections

A natural idea is to use online mirror ascent to learn low-regret sequences of
policies for MDPCRs by way of their reduction to online linear optimization.
Recall that online mirror ascent update has two steps: first we compute an
update that is not constrained to the set K which we then project back onto
K. In most cases, the unconstrained update can be expressed as closed-form
expression which is efficiently evaluatable. When the set K is simple (such
as the unit ball or the probability simplex) and the Bregman divergence
is chosen appropriately, the projection step may also have a closed-form
expression that can be evaluated efficiently. In general, however, computing
the Bregman projection onto the set K is a convex optimization problem
whose solution must be approximated iteratively by, for example, interior
point optimization methods. This section addresses the important question:
How much additional regret is incurred by using approximate projections?
To the best of our knowledge, this is the first formal analysis of online
mirror ascent with approximate projections, despite the fact that in most
applications the projection step must be approximated.

Formally, we consider the following notion of approximate projection:
Fix any constant ¢ > 0. Let R : S — R be a o-strongly convex function
with respect to the norm |- and let K be a convex subset of S. For any
point w € S, we say that a point w’ € K is a c-approximate projection of
w onto K with respect to the Bregman divergence Dp if Hw’ — w*H <ec
where w* = argmin, c ;- Dr(u, w) is the exact projection. Algorithm 8 gives

pseudocode for online mirror ascent with c-approximate projections.

Theorem 5.11. Let R : S — R be a convex Legendre function and K C S be
a convez set such that R is L-Lipschitz on K wrt ||-|| (that is, ||VR(u) — VR(w)|| <
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Input: Step size n > 0, Regularizer R: S - R, S D K, and a

black-box Pg that computes c-approximate projections onto
K

1 Choose w; € K arbitrarily;

2 for each roundt=1, 2, ... do

3 Optionally use w; in some other computation;

4 Set wy4q1/5 = argmin, g nrd u+ Dg(u, wy);

5 Set wer1 = Pr(wiy1)2);

6 end

Algorithm 8: Online Mirror Ascent with c-approximate Projections

L-|lu—wl| for all u,w € K). Let D = sup, ,ex ||[u —vl|, be the diameter
of K with respect to the dual norm of ||-|. Then the regret of online mir-

ror ascent with c-approrimate projections, step size n > 0 and regularizer R

satisfies
T T
Dr(w,w; cLDT
Zr;(w—wt)ﬁ ( ) + —I—ZT:(th/Q—wt).
t=1 n n t=1

Moreover, when ¢ = 0 the claim holds even when L = oo.

Proof. This roughly follows the proof of Theorem 15.4 from [GPS2014] with
the appropriate modifications to handle the case where the projections are
only c-approximate.

Let w1, ..., wpr € K be the sequence of points generated by online
mirror ascent with c-approximate projections, let w; /5 be the unprojected
updates for t = 1, ..., T, and, finally, let w},; = argmin, ¢ Dr(u, w4 1/2)
be the exact projection of w1/, onto the set K.

For each t =1, ..., T, we know that w; /5 is the unconstrained min-

imizer of the objective function J;(u) = nr, u — Dp(u,w;) and therefore
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VJi(wiy1/2) = 0. We can compute the gradient of J; to be

VJ(u) = V[pr/u— R(u) + R(w) + VR(wy) " (u — w)]
=nry — VR(u) + VR(wy).

Rearranging the condition VJ(w;,1/2) = 0 gives
1
Ty = %(VR(th/Q) — VR(wt)).
Therefore, for each time ¢ we have

r;r(w —wy) =

(VR(wyy1/2) — VR(wy))  (w — wy)

I3+

(Dr(w,wi) = Dr(w, wiyq/2) + Dr(wi, wis/2)),

where the second line is obtained by a long but straight-forward calculation.

From the Pythagorean theorem for Bregman divergences, we have that
Dr(w,wiy1/2) > Dr(w, wiy ) — Dr(wiyy, w) > Dr(w, wii,).
Substituting this above gives

(DR(TU, wt) - DR(wa w;fk-‘,-l) + DR(wta wt-l—l/?))

IA

I3

i (w — wy)
= (DR(w’wt) - DR(IU, wt+1) + DR(’LU, wt+1) - .DR(’[U,’U):_’_I)

+ Dp(wi, wiy1)2))-

Summing from ¢ = 1 to T', The first two terms of the above expression will

84



telescope, leaving only the first and last:

T

T
Dr(w,w Dp(w,w 1
Zr w—wy) < R( 1) _ R( T+1) + ,ZDR(wt,th/z)
t=1 U l =
1 T
+ " Z Dr(w,wis1) — Dr(w,wf;))
t=1
Dr(w,wy) 1 4
R(w, wy
S ——+- ZDR(wta Wii1/2)
n [/
1 X
+ =) (Dr(w,wis1) — Dr(w, wi,y)). (5.4)

t=1

All that remains is to bound the two sums in (5.4).
We can bound the first sum as follows: since Bregman divergences are

non-negative, we have

Dr(wi, wip12) < Dr(wi, wig/2) + Dr(wig 2, we)
T
= (VR(w) — VR(wi11)9)) (wp — wipq/2)

= W:(wtﬂ/z — wy).

Substituting this into the first sum gives

T
EZDR Wy, Wii1/2) < Z (Wet1/2 — we)-
t=1 t=1

We can bound the second sum as follows: First, if ¢ = 0 then w; = wf
and the sum is zero. In this case, we never needed the condition that VR

was L-Lipschitz. If ¢ > 0, then, since R is a convex function, we have that
R(wy) > R(w}) + VR(w}) " (w — wy).
Rearranging this inequality gives

R(w;) = R(we) < VR(wy) " (wf — wy).
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Expanding D, (w,w;) — Dg(w,w;) and using the above inequality gives

Dr(w,wt) — Dr(w,wi) = R(w;) = R(w;) + VR(w;) " (w —w;) = VR(w) " (w — wy)
< VR(w}) " (w — wy) — VR(wy)T (w — wy)
= (VR(w}) = VR(w)) " (w = w;)
< IVR(wy) = VR(wy)|| |w — wel],
< Llwy —w|| D

< cLD.

Finally, substituting this into the second sum gives

T
1 LDT
= 3" Di(w, wy) — Dplw,w)) < =
= "
Substituting the above bounds into (5.4) completes the proof. O
When the regularizer R is o-strongly convex wrt ||-||, we can use the

following lemma to bound the sum >°, 7 (w; — w44 /2) in Theorem 5.11.

Lemma 5.12. Let R : S — R be a o-strongly convex Legendre function
wrt the norm ||-||, n > 0, wy € S, ry € R? and defined Wyy1/2 to be the
unconstrained mirror ascent update wyy 1/ = argmin,cg nrd w4+ Dp(u,wy).
Then

n
T;r(wt-&-l/Z —w) < p lIrell?
where ||-||, denotes the dual norm of ||-||.

Proof. As in the proof of Theorem 5.11, we have that r; = %(VR(th/Q) —

VR(wy)). Since R is o-strongly convex, for all © and v in K, we have
R(u) = R(v) + VR@) (=) + 2 Ju—v]?.

Summing and rearranging two instances of this inequality, one with u = wy
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and v = wyy1/2, and one with u = wy 1/ and v = wy, gives

1
Hwt — wt+1/2H2 < *(VR(th — VRw)T(wt — Wyy1/2)

= Q

< 5 IVR(wis2) = VR, [[wr = wisapo]

Q

n
= [7ell, Jwe — wesa | -

Dividing both sides by ||w; — wy41|| shows that Hwt - wt+1/2H < Llrel],-

Therefore,
T . < . < n 2
1 (wip12 — we) < lrell, [Jwegr e — we]| < > l7e]l% 5

completing the proof. ]

5.3 Learning Algorithms and Regret Bounds

This section introduces three new learning algorithms for MDPCRs. All
three algorithms use online mirror ascent with approximate projections to
choose a sequence of occupancy measures / stationary distributions in the
online linear optimization problems from Section 5.1. All of these algorithms
have the same interpretation: On each time step (or epsiode), the agent ob-
serves the rewards in some or all of the states. Following this observation,
the agent updates her policy so that the occupancy measure / stationary
distribution places more weight on the states that had high rewards. In-
tuitively, the agent makes a small update to her policy so that she spends
more time taking actions from states which give high rewards.

In order to get the best regret bounds, we should choose the regularizer
function R for online mirror ascent so that the induced Bregman divergence
matches the geometry of the underlying problem. In the uniformly ergodic
MDPCR case, the set K consists of probability distributions, and it is natu-
ral to measure distances between them in terms of the Kullback-Leibler (KL)
divergence. Recall that we identify the set of functions {f : X x A — R} as

a d = |X x A|-dimensional vector space. Consider the regularizer .J : (0, c0)?
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defined by
J(w) = Z(w(x, a) In(w(z,a)) — w(z,a)).

z,a

This is the so-called unnormalized negative entropy (negentropy) regularizer,

and the induced Bregman divergence is

Dy(uw) =3 (u(m, a) ln<Z((ZZ))> +w(z,a) — ulz, a)),

T,a

which is the unnormalized relative entropy between the non-negative func-
tions v and w. When u and w are probability vectors (i.e., their components
sum to one), then D j(u, w) is exactly the KL divergence between the vectors.

Similarly, in the loop free episodic case, the set K consists of occu-
pancy measures, which are distributions when restricted to each of the lay-
ers X, ..., X of the MDPCR. In this case, a natural choice is to choose
the regularizer so that the induced Bregman divergence is the sum of the
KL-divergences between the probability distributions on each layer. The
unnormalized negentropy regularizer again accomplishes this.

For the regularizer J, the unconstrained update step of online mirror

ascent is defined by

Weiryp = argmax ] u— Y (u(m, a) ln< uz,a) ) + w(z,a) — u(z, a)).

u€(0,00)¢ za w(z, a)

This is a concave function of u, so we can find the maximizer by taking the

derivative and setting it to zero, which yields

Wii1 2@, a) = wi(z, a) exp™t(@:@)

for each state x and action a.
Moreover, suppose that the set K C {w € (0,00)¢ : ||w|l; < B}. Then
we have that R is 1/B-strongly convex with respect to ||-|[; on the set K.
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Lemma 5.13 (Example 2.5 from [S2012]). The function

d

R(w) =Y w(i)log(w(i)) — wl(i)

i=1

is 1/B-strongly convex with respect to ||-||, over the set
S = {weRd Cw; > 0, Jwll, SB}.

There are two problems with using the unnormalized negentropy regu-
larizer, both coming from the fact that that V.J is not Lipschitz continuous
on the set of occupancy measures or the set of stationary distributions. To

see this, note that the partial derivatives of J are given by

0

WJ(U)) = In(w(z,a)),

which goes to —oo as w(z,a) goes to 0. In general, there will be poli-
cies that have occupancy measures or stationary distributions with com-
ponents equal to zero, which means the gradients of J will be unbounded.
This prevents us from applying the results from Theorem 5.11 and makes
it challenging to compute c-approximate projections. In each case, we
deal with this by approximating K with the slightly smaller set K, =
{p €K :Vz,a : pu(x,a) > o} which contains only occupancy measures or
stationary distributions that put at least mass « on every state-action pair.
We will be able to use online mirror ascent with approximate projections
to choose occupancy measures / stationary distributions from the set K|,
which have low-regret relative to the best in K, and we will show that the
best policy in K can’t be much better than the best policy in K, which
gives us a regret bound relative to the entire set of Markov policies. The
restricted set K forces the agent to choose policies that explore the state
and action spaces sufficiently well. In the evaluative feedback setting, where
the agent must explore to find good actions, this would be a good idea even
if the theory did not require it.

The following subsections give detailed descriptions of the three algo-
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rithms and corresponding regret bounds.

5.3.1 Loop Free Episodic MDPCRs with Instructive Feed-
back

This section introduces an algorithm for learning in loop free episodic MD-
PCRs under instructive feedback, where the agent observes the entire reward
function r; after choosing her action at time ¢. For the remainder of this
section, fix a loop-free episodic MDPCR M = (X, A, P, (r)ien) with layers
X1, ..., X and r(z,a) € [0,1] for all states, actions, and episode indices.
Let d = |X x A| be the number of state action pairs and set K C RY
to be the convex set of occupancy measures described by Lemma 5.2. Fi-
nally, let 3 > 0 be such that there exists an exploration policy ey, with
p(z, a, mexp) > B for all states z and actions a. This guarantees that for all
a < f3, the set K, is non-empty.

Algorithm 9 gives pseudocode for the proposed method and Theorem 5.14

applies the lemmas from the previous section to get a regret bound.

Input: Step size n > 0, exploration constant ¢ € (0, 1],

approximation constant ¢ > 0

[y

Choose 1 € Ksp arbitrarily;
2 for Each episode index =1, ..., T do
3 Execute one episode following policy 7, obtained from g,

according to Lemma 5.1;

4 Receive complete reward function r, from environment;
5 Set pir112(x,a) = pr (7, a) exp(nr-(z,a)) for each state z and
action a;

6 Set pii41 = Piys(ti41/2), Where Pk, is a black-box that

computes c-approximate projections onto Ksg wrt ||-||;.
7 end

Algorithm 9: Approximate Online Mirror Ascent for Loop Free
Episodic MDPCRs Under Instructive Feedback
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Theorem 5.14. Let M be a loop free episodic MDPCR, m € 11 be any
Markov policy, and 71, ..., wp be the sequence of policies produced by Algo-
rithm 9 with parameters § € (0,1], ¢ = f/‘;ﬂ, and n =4/ DL"‘;" where L 1is the
number of layers in the MDPCR and Dmax = supyeg, Dy(p, p(m1)). Then,

the regret of an agent that follows the sequence of policies wi.p relative to

the fized policy w is bounded as follows

T T
E, {Z re(Xe, At)} ~Erp {Z - ( Xy, At)} < 2¢/LT Dyax + VT + LOT,
t=1

t=1

and the per-time-step computational cost is O(H (39, c) +d), where H([0,c)
1s the cost of the black-box approximate projection routine and d is the num-

ber of state-action pairs.

Proof. First, we show that the agen’t does not incur too much additional
regret by choosing policies from the set K;sg rather than the larger set K.
For any occupancy measure pu € K, consider the mixed measure pus = (1 —
O)p+0pu(Texp). We have the following properties: ps5(z,a) = (1-90)u(x,a)+
dp(x, a, Texp) > 63, and therefore 15 € Ksg. Second, for any payout vector
r with r(z,a) € [0,1], we have |r (u — us)| = 6|r " (u(z, a) — p(x, a, Texp)| <
5227@ < 0L. Therefore, for any occupancy measure p € K, there is an
occupancy measure in Ksg that earns nearly as much reward. This implies
that having a good regret bound relative to any point in Ksg gives us a
regret bound relative to any point in K.

Next, we show that the regularizer J is 1/L-strongly convex with respect
to ||-||; on the set K. Since each occupancy measure 4 is a distribution when
restricted to the states and actions in a single layer X, x A, we have the

following;:

L L
|ru||1—2mm =Y 3 mal =Y 1=
(=1 z€Xp,a

(=1

Therefore, by Lemma 5.13, we have that R is 1/L-strongly convex on K

with respect to [|-|;.

91



Finally, we show that VJ is Lipschitz continuous on Ksg with respect
to [|-|l;. Let w € Ksg be any occupancy measure and consider indices
i,j € {1,...,d} (in this proof, it is more convenient to use integer indices,
rather than pairs of states and actions). Then we can compute the partial

derivatives of J(w) to be

0

9w(i)

0? W) — I{i=j}
Gumow()” T " wl)

J(w) = In(w(7))

It follows that the hessian V2J(w) < I(63)~! and therefore VJ is % Lips-
chitz continuous.

Let p € K be an arbirtary occupancy measure and let us = (1 — §)p +
dpu(Texp) be the mixture of p with the occupancy measure. Since J is 1/L-
strongly convex and V.J is %—Lipschitz on Ksg we can apply Theorem 5.11
and Lemma 5.12 to get the following bound:

T T
Dr(ps, p(m cLDT y
ST (s — plmr)) < 2RU M) | LDT |y e
T=1 n n =1
< Dp(ps, p(m1)) LT+ LT
n
Finally, since 7] (1 — ps) < 0L, we have that
T T T
Sorl(n—p(re) = rT (= ps) + > (s — p(rr))
=1 =1 =1
Dmax
< + VT +nLT + LTS

n
= 2\/TDyax L + VT + LT6.

By Theorem 5.4, the same regret bounds holds for the sequence of poli-
cies in the MDPCR. O

Note that Dpax = ©(LIn 7?10)7 where Ty = min, ) Texp(Z, @) (notice that
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Texp(Z,a) > B, since p(x, a, Texp) > B). If, for example, Texp (2, -) is selected
to be the uniform distribution over A, then § > 0 and 7y = 1/|.A|, making
the regret scale with O(L/T'In(]A])) when § = 1//T. Also, this makes
the computational cost O(d%*T/*/\/B), where O hides log-factors. Neu
et al. [NGS2010] gave an algorithm that achieves O(L?\/T In(].A])) regret
with O(d) computational complexity per time-step. Thus, our regret bound
scales better in the problem parameters than that of Neu et al. [NGS2010],
at the price of increasing the computational complexity. It is an interesting

(and probably challenging) problem to achieve the best of the two results.

5.3.2 Loop Free Episodic MDPCRs with Evaluative Feed-
back

This section introduces an algorithm for learning in loop free episodic MD-
PCRs under evaluative feedback, where the agent only observes the reward
r¢(X¢, A¢) for the state X; and action A; that she visited during the ¢! time
step. The algorithm for this setting is essentially identical to the algorithm
from the previous section for the instructive feedback setting, except we use
importance sampling to estimate the complete reward function. Specifically,

following the 7' episode, we set

. ?(x’a)) if (x,a) was visited in the 7" episode
7r(x,a) = ¢ MO (5.5)

0 otherwise.

and perform the update with this estimate of the complete reward function.
Since 7 is only non-zero for state-action pairs visited by the agent in episode
7, it is known to the agent. This estimate is only well defined if p(z, a, 7,) >
0 for all states and actions, but since we restrict our algorithm to the set of
occupancy measures which are lower bounded, this will always be the case
for policies chosen by the algorithm. This particular reward approximation
will be justified in the proof of Theorem 5.15.

As in the previous section, fix a loop free episodic MDPCR M with
layers X1, ..., Xz and r-(x,a) € [0,1] for all states, actions, and episode

indices. Let d = |X x A| be the number of state action pairs and set K =C
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R? to be the convex set of occupancy measures described by Lemma 5.2.
Finally, let 8 > 0 be such that there exists some exploration policy Texp

with p(z, a, mexp) > f for all states z and actions a.

Input: Step size n > 0, exploration constant ¢ € (0, 1],

approximation constant ¢ > 0

[uny

Choose 1 € Ksg arbitrarily;

2 for Each episode index =1, ..., T do

3 Execute one episode following policy m;, obtained from g
according to Lemma 5.1;

4 Estimate the complete reward function 7 as in (5.5);

5 Set piry1/2(z,a) = pr(z,a) exp(ni- (v, a)) for each state z and
action a;

6 Set pir41 = Py (Hri1/2), Where Py, is a black-box that

computes c-approximate projections onto Ksg wrt ||-|;.
7 end

Algorithm 10: Approximate Online Mirror Ascent for Loop Free
Episodic MDPCRs Under Evaluative Feedback

Theorem 5.15. Let M be a loop free episodic MDPCR, © € Il be any

Markov policy, and 71, ..., mp be the sequence of policies produced by Algo-
rithm 10 with parameters 6 € (0,1], ¢ = /\3/53} andn =/ DLmi":" where L is the

number of layers in the MDPCR and Dmax = sup,eg, Dy(p, p(m1)). Then,
the regret of an agent that follows the sequence of policies w.p relative to

the fixed policy 7 is bounded as follows

L
Z( [Z (X, Ar) ] [Zn(Xt,At)D < 2¢/dT Dynax + VT + LoT,
T=1 t=1 t=1

and the per-time-step computational cost is O(H (30, c)+ d), where H([30,c)
1s the cost of the black-box approximate projection routine and d is the num-

ber of state-action pairs.

Proof. The proposed algorithm for the evaluative feedback setting is identi-
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cal to the instructive feedback setting, with the exception that we estimate
the reward function. As in the proof of Theorem 5.14, for any p € K, let
ps = (1 —0)p + 6 p(Texp) be the mixture of p with f1(7exp). Then we have

T T
oA (= palmr)) =D A (n—ps) +
=1 T=1

T
Dmax n
< T + VT + L6T + ZTt(M(Wth) — ().
=1

f’:(ﬂé — p(mr))

M=

1

3
I

In the previous proof we bounded the expressions 7¢(p(m11/2) — (7)) <
n ||ft||§o using Lemma 5.12. That is a bad idea, in this case, since the com-
ponents of 7; scale inversely with pu(m;) (because of the importance weights)
and may be very large. Instead, we upper bound the expectation of this
term in the following way.

The following lemma is extracted from [AHR2008].

Lemma 5.16. Let F; be a o-field, wy and 7+ be random d-dimensional vec-

tors that are measurable with respect to Fy, and set

Wet1/2(2; a) = wy(z, a) exp(nfy(z, a))

and suppose E[fy | Fy| = ri. Then
E[f;(wtﬂ/z — wy) ]}"t] <nE [Z wy(z, a)r(z, a)2 | Fi|.

Now, let F; denote the sigma algebra generated by the first 7—1 episodes.

For each state x and action a, we have

E[f(z,a) | Fr] = E[I{X, = 2, Ay = a} m ]
— M =z =a
= M(x,a,WT)EUI {Xe Ag=a} | F7
= ri(z,a).
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Therefore, we can apply Lemma 5.16 to get

E[#] (u(ms1/2) — p(me))] < nd.

Substituting this above gives the bound

T
Dmax
> E[f] (1 — pln,))] < nTd + N + VT + LOT.
=1
Setting 1 = % gives the optimal bound of

T

STER] (4 — p(n))] < 2/TdDiax + VT + LOT.
=1

O]

As far as the dependence on 7 is concerned, by choosing § = 1/ VT, we
can thus improve the previous state-of-the-art bound of Neu et al. [NGSA2014]
that scales as O(7%/2/T1n(|A])) to O(\/7TIn|A[). The update cost of the
algorithm of Neu et al. [NGSA2014] is O(|X|? + |X|?|A]), while here the
cost of our algorithm is O(T/4d3>/\/B).

5.3.3 Uniformly Ergodic MDPCRs with Instructive Feed-
back

Finally, this section introduces an algorithm for learning in uniformly ergodic
MDPCRs under instructive feedback. For the rest of this section, fix a
uniformly ergodic MDPCR M = (X, A, Zgtart, P, (rt)ten) with mixing time
T < oo and 1(z,a) € [0, 1] for all states, actions, and times. Let d = |X x A|
be the number of state action pairs and set K C R? to be the convex set
of stationary distributions described by Lemma 5.6. Finally, let 3 > 0 be
such that there exists an exploration policy mexp With p(z, a, Texp) > 3 for

all states and actions.

Theorem 5.17. Let M be a uniformly ergodic MDPCR with mixing time

T < 00 and let m € 11 be any Markov policy and 7y, . .., mr be the sequence of
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Input: Step size n > 0, exploration constant ¢ € (0, 1],

approximation constant ¢ > 0

=

Choose 1 € Ksp arbitrarily;

2 for Fach time indext=1, ..., T do

3 Receive state X; from environment;

4 Sample action A; from 7y, obtained from p; according to
Lemma 5.5;

5 Receive complete reward function r; from environment;

6 Set piy41/2(%, a) = pi(w, a) exp(nre(w, a) for each state x and
action a;

7 Set i1 = Pre;s(te41/2), where P, is a black-box that
computes c-approximate projections onto Ksg wrt ||-|;.

8 end

Algorithm 11: Approximate Online Mirror Ascent for Uniformly Er-
godic Episodic MDPCRs Under Instructive Feedback

policies produced by Algorithm 11 with parameters 6 € (0,1], n = / T(%?Tg) ,
and ¢ = ’8—%. Then the regret of the agent that follows policies m; at time t

relative to policy m can be bounded as

T T
E, [Z re( X, At)} ~Erpr [Z (X, At)] < 2¢/(27 + 3)T Dynaxc+VT+0T+47+4.
t=1 t=1

Proof. This proof is essentially identical to the proof of Theorem 5.14 and
has been omitted. O

According to Bubeck et al. [BCK2012], for online bandit linear opti-
mization over a compact action set K C R, it is possible to obtain a regret
of order O(d\/T'logT) regardless of the shape of the decision set K, which,
in our case would translate into a regret bound of order O(|X x A|\/T logT).
Whether the algorithm proposed in this paper can be implemented efficiently
depends, however, on the particular properties of K: Designing the explo-

ration distribution needed by this algorithm requires the computation of
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the minimum volume ellipsoid containing K and this problem is in general
NP-hard even when considering a constant factor approximation [N2007].
Selecting Texp (2, -) to be the uniform distribution, 8 > 0 and Dpyax <
Lin(|A]), results in a O(y/dLT In(].A])) bound on the regret for § = 1/V/T,
while the time-complexity of the algorithm is still O(d*>®T/*/\/B) as in the
full-information case. Neu et al. considered the same problem under the
assumption that any policy 7 visits any state with probability at least « for
some « > 0, that is, inf; > p(z,a) > a > 0. They provide an algorithm
with O(d) per round complexity whose regret is O(L?\/T|A[In(]A])/a).
Compared to their result, we managed to lift the assumption a > 0, and
also improved the dependence on the size of the MDP, while paying a price

in terms of increased computational complexity.

98



Chapter 6

Conclusion

This thesis documents the two projects that I worked on during my MSc
program. Both projects contribute to the goal of building computer systems
that are capable of learning for themselves to solve problems and succeed at
tasks. Each project focuses on specific mathematical questions related to a
formal learning problem.

The first project addresses the question of which baseline function to
use in policy gradient reinforcement learning methods for Markov decision
processes. The baseline function’s role is to alter the performance gradi-
ent estimate used internally by policy gradient methods. I show that if the
formal learning objective is a concave function of the agent’s policy param-
eters, then the regret of a policy gradient method can be upper bounded
by a quantity that only depends on the baseline function only through the
second moment of the gradient estimates. This suggests that the baseline
function should be chosen to minimize the second moment of the gradi-
ent estimates, which I show to be equivalent to the more intuitive notion
of minimizing the mean squared error of the gradient estimates. I derive
closed form expressions for this baseline in terms of the MDP transition
probability kernel, the agent’s policy, and the agent’s policy parameteriza-
tion. Since the MDP transition probability kernel is unknown to the agent,
I also propose two algorithms for estimating this baseline while interacting

with the environment. Finally, I present a preliminary empirical comparison
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of the always-zero baseline, the value function baseline, and my proposed
baseline. This comparison demonstrates a statistically significant increase
in performance when using my proposed baseline, as long as we are careful
to initialize our estimates reasonably accurately.

The goal of the second project is to design new learning algorithms for
MDPCRs. The main difference between MDPCRs and standard MDPs is
that, in the former, the environment chooses the sequence of reward func-
tions in an adversarial manner. This difference makes it easier to model
some real-world problems as MDPCRs, especially those with non-stationary
dynamics. I propose three new algorithms, all based on an approximate ver-
sion of online mirror ascent: one for learning in loop-free MDPCRs under
instructive feedback, one for learning in loop-free MDPCRs under evalua-
tive feedback, and one for learning in uniformly ergodic MDPCRs under
instructive feedback. Each of these algorithms has regret bounds that either
improve or complement the regret bounds of existing algorithms, and which
often hold even under weaker assumptions on the environment. In the de-
velopment of these algorithms, it was necessary to analyze an approximate
version of online mirror ascent, where the projection step is only computed
approximately. To my knowledge, this is the first rigorous analysis of this
approximation to online mirror ascent, despite the fact that the projection
step can often only be approximated.

Both projects provide sound, theoretically justified answers to important

questions in the fields of reinforcement learning and online learning.
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