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ABSTRACT

Reinforcement Learning has emerged as a useful framework for learning to per-
form a task optimally from experience in unknown systems. A major problem for
such learning algorithms is how to balance optimally the exploration of the system,
to gather knowledge, and the exploitation of current knowledge, to complete the
task.

Model-based Bayesian Reinforcement Learning (BRL) methods provide an op-
timal solution to this problem by formulating it as a planning problem under uncer-
tainty. However, the complexity of these methods has so far limited their applicability
to small and simple domains.

To improve the applicability of model-based BRL, this thesis presents several
extensions to more complex and realistic systems, such as partially observable and
continuous domains. To improve learning efficiency in large systems, this thesis
includes another extension to automatically learn and exploit the structure of the
system. Approximate algorithms are proposed to efficiently solve the resulting infer-

ence and planning problems.
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ABREGE

L’apprentissage par renforcement a émergé comme une technique utile pour
apprendre a accomplir une tache de fagon optimale a partir d’expérience dans les
systemes inconnus. L’un des problemes majeurs de ces algorithmes d’apprentissage
est comment balancer de fagon optimale 'exploration du systeme, pour acquérir des
connaissances, et I’exploitation des connaissances actuelles, pour compléter la tache.

L’apprentissage par renforcement bayésien avec modele permet de résoudre ce
probleme de facon optimale en le formulant comme un probleme de planification dans
Iincertain. La complexité de telles méthodes a toutefois limité leur applicabilité a
de petits domaines simples.

Afin d’améliorer I’applicabilité de I’apprentissage par renforcement bayésian avec
modele, cette these presente plusieurs extensions de ces méthodes a des systemes
beaucoup plus complexes et réalistes, ou le domaine est partiellement observable
et/ou continu. Afin d’améliorer l'efficacité de 'apprentissage dans les gros systemes,
cette these inclue une autre extension qui permet d’apprendre automatiquement et
d’exploiter la structure du systeme. Des algorithmes approximatifs sont proposés

pour résoudre efficacement les problemes d’inference et de planification résultants.
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CHAPTER 1
Introduction

One of the main goals of Artificial Intelligence (Al) is the development of intel-
ligent agents that can help humans in their every day lives. An agent is “anything
that can be viewed as perceiving its environment through sensors and acting upon
that environment through effector” [65], such as a human, mobile robot or computer
software. An intelligent agent is often characterized by its ability to act such as
to achieve a task efficiently and/or adapt its behavior from previous experience to
improve its efficiency in the future.

An essential part of an intelligent agent is its ability to make a sequence of
decisions in order to achieve a long-term goal or optimize some measure of perfor-
mance. For example, a chess playing agent should plan its actions carefully in order
to defeat its opponent, a portfolio management agent should buy and sell stocks such
as to maximize long-term profit and a medical diagnosis system should prescribe a
sequence of treatments that maximize the chance of curing the patient.

When facing a decision, the agent must evaluate its possible options or actions,
and choose the best one for its current situation. In many problems, actions have
long-term consequences that must be carefully considered by the agent. Hence the
agent often cannot simply choose the action that looks the best immediately, as these
actions could have very high cost in the future that would outweigh any short-term

benefits. Instead, the agent must choose its actions by carefully trading off their



short-term and long-term benefits/costs. To do so, the agent must be able to predict
the consequences of its actions. However, in many applications, it is not possible
to predict exactly the outcomes of an action. For instance, it is very hard (if not
impossible) to predict exactly how the price of a stock will change from day to day
on the stock market. In such a case, the agent must also consider the uncertainty
about what will occur in the future when it makes its decisions.

Probabilistic mathematical models allow one to take into account such uncer-
tainty by specifying the chance (probability) that any future outcome will occur,
given any current configuration (state) of the system and action taken by the agent.
However, the agent is prone to make bad decisions if the model used does not per-
fectly model the real problem, as an innacurate model would lead to innacurate
predictions that will influence the agent’s decisions. This is often an important limi-
tation in practice, as often the available models are only approximate and it may be
impossible to know everything about every possible action and state. In such cases,
learning mechanisms are necessary to improve the model from previous experience
in order to improve the agent’s decisions in the future.

To learn a better model, the agent must try “exploratory” actions to learn about
the possible outcomes that can occur for these actions in different states. However,
the agent cannot always explore as it will never achieve its goal. Hence it is also
necessary for the agent to exploit its current knowledge to make decisions leading
towards its goal. Hence, there is a fine balance between exploration and exploitation
that the agent must follow in order to achieve its task most efficiently: too little

exploration could lead the agent to settle on an inefficient strategy to achieve its goal,



while too much exploration could lead the agent to waste too much time trying to
learn the system instead of accomplishing its task efficiently with current knowledge.
This has commonly been called the exploration-exploitation trade-off problem in Al

This is the problem that motivates the research in this thesis: how should an
agent behave in order to accomplish its task most efficiently when it starts only with
an uncertain model of its environment. This involves optimally balancing exploration
and exploitation actions to accomplish the agent’s task. Recent approaches have
proposed to address this problem as a decision problem. From this perspective, a
particular “exploratory” action should be taken in the current state only if the future
performance of the agent after observing the outcome of this action is significantly
better than the current performance obtained by exploiting current knowledge, such
as to outweigh the consequences (costs) of doing exploration instead of exploitation
in the current state. Such a perspective allows agents to plan the best sequence
of exploration and exploitation actions to take in order to achieve their task most
efficiently, starting from an uncertain model. However, due to the added complexity
of reasoning on the model’s uncertainty, such approaches have been so far limited to
small and simple domains. This thesis seeks to extend current approaches to much
larger and complex domains, akin to the ones a robot or software agent would have
to face in the real world.

It cannot be overstated that the problem of reasoning about uncertain models
and learning to refine such models in complex domains is crucial to most real-world
applications of Al. Developing efficient algorithms that can handle these problems

will eventually lead to real-world applications, such as robots that can efficiently



achieve their tasks, adapt to new situations, and learn to perform new tasks in the
real world. Thus the strong motivation for pursuing research in this area.
1.1 Decision Theory

Decision theory has a long history that predates Al It is a mathematical theory
that allows one to find the best (optimal) solutions to various decision problems.
Decision theory was mostly motivated by management and economic problems in
its early stage [54] but now has many applications in various fields, such as health
science and robotics [76].

Determining the optimal decision for a given problem is closely related to two
main concepts: utility and uncertainty. The utility is a value that allows one to
quantify how good a particular action or outcome is. For example, in financial
problems, the utility is often related to the profit that is made by the company
or individual for each possible action and outcome. To model uncertainty, decision
theory makes use of probability theory by specifying the probability that a particular
outcome will occur in the future, and representing the uncertainty on the current
state by assigning a probability to each state.

Given the probabilities and utilities associated with each outcome for each action
in each state, the goal of the agent is to find how to act in every possible situation
in order to maximize the sum of all future utilities obtained on average (expected
return). A general mathematical model that has been used to represent such se-
quential decision problems is the Markov Decision Process (MDP) [3]. The MDP

captures both the uncertainty over future outcomes associated with each decision,



and the utilities obtained by each of these decisions. Several algorithms now exist to
find the optimal sequence of decisions to perform for any given MDP [32].

While the MDP is able to capture uncertainty on future outcomes, it fails to
capture uncertainty that can exist on the current state of the system. For example,
consider a medical diagnosis problem where the doctor must prescribe the best treat-
ment to an ill patient. In this problem the state (illness) of the patient is unknown,
and only its symptoms can be observed. Given the observed symptoms the doctor
may believe that some illnesses are more likely, however he may still have some uncer-
tainty about the exact illness of the patient. The doctor must take this uncertainty
into account when deciding which treatment is best for the patient. Under too much
uncertainty, the best action may be to pursue further medical tests in order to get a
better idea of the patient’s illness.

To address such problems, the Partially Observable Markov Decision Process
(POMDP) is a more general model that allows one to model and reason about the
uncertainty on the current state of the system in sequential decision problems [71].
As for MDPs, several exact and approximate algorithms exist to find the best way to
behave in a POMDP [48, 58]. However, they are generally much more complex due
to the need to reason about the current state uncertainty, and how this uncertainty
evolves in the future as actions are performed.

While MDPs and POMDPs can arguably model almost any real world decision
problem, it is often hard to specify all the parameters defining these models in
practice. In many cases, the probabilities that a particular outcome occur after

doing some action in some state are only known approximately. When the model



is uncertain or unknown, it becomes necessary to use learning methods to learn a
better model and/or the best way to act in such problems.
1.2 Bayesian Reinforcement Learning

In the past decades, Reinforcement Learning (RL) has emerged as a popular
and useful technique to handle decision problems when the model is unknown [75].
Reinforcement learning is a general technique that allows an agent to learn the best
way to behave, i.e. such as to maximize expected return, from repeated interactions
in the environment. As mentionned in the previous section, the agent must explore
its environment in order to learn the best way to behave. Under some conditions on
this exploratory behavior, it has been shown that RL eventually learns the optimal
behavior. However, many problems are not addressed by reinforcement learning that
are important in practice. In particular, classical RL approaches do not specify how
to optimally trade-off between exploration and exploitation (i.e. such as to maximize
long-term utilities throughout the learning), nor how to learn most efficiently about
the task to accomplish. These problems are mostly related to the fact that RL
methods ignore the utilities that are obtained during learning and the uncertainty
on the model when making their decisions.

Model-Based Bayesian Reinforcement Learning is a recent extension of RL that
has gained significant interest from the AI community as it allows one to optimally
address all these problems given specified prior uncertainty on the model. To do so,
a bayesian learning approach is used to learn the model and explicitly represent the
uncertainty on the model. Such an approach allows us to address the exploration-

exploitation problem as a sequential decision problem, where the agent seeks to



maximize future expected return with respect to its current uncertainty on the model.
However, one of the main problems with this approach is that the decision making
process is much more complex and requires significantly more computation due to
the necessity for reasoning over the model uncertainty. This has so far limited these
approaches to very simple problems with only a few states and actions, and where
full knowledge of the current state is always available [20, 77, 11, 60].

1.3 Thesis Contributions

This thesis seeks to extend the applicability of model-based Bayesian Reinforce-
ment Learning methods to larger and more complex problems that are common in
the real-world. To achieve this goal, the main contribution of this thesis is to pro-
pose various new mathematical models to extend Bayesian Reinforcement Learning
to complex domains, as well as to propose various approximate algorithmic solutions
to solve these models efficiently.

The first contribution is an extension of model-based bayesian reinforcement
learning to partially observable domains. The optimal solution of this new model
(Bayes-Adaptive POMDP) is derived but is computationally intractable to compute
as the planning horizon increase. Furthermore, even maintaining the exact uncer-
tainty of the model is intractable as more and more experience is gathered. To
overcome these problems, an approximate planning algorithm is presented and sev-
eral approximations are presented to update the model uncertainty from experience
more efficiently. All of these approximation schemes are parameterized such as to
allow a trade-off between the computational time and accuracy, such that the algo-

rithms can be applied in real-time settings. It is also shown that the Bayes-Adaptive



POMDP can be approximated by a finite POMDP to any desired accuracy, such
that existing POMDP planning algorithms can be used to solve near-optimally the
Bayes-Adaptive POMDP.

The second contribution is an extension of model-based bayesian reinforcement
learning to continuous domains. The Bayes-Adaptive Continuous POMDP model is
introduced as an extension of the Bayes-Adaptive POMDP to continuous domains.
To achieve this, a suitable family of probability distribution is identified to represent
the model uncertainty. However, maintaining the model uncertainty exactly as expe-
rience is gathered is impossible so an approximate method is proposed. Furthermore,
the planning algorithm for Bayes-Adaptive POMDPs is slightly modified to handle
continuous domains.

The third contribution is an extension of model-based bayesian reinforcement
learning to structured domains. In some problems, the MDP or POMDP model
can be represented compactly with a very small set of parameters by exploiting the
underlying structure in the system. This allows the agent to learn more quickly
and efficiently about the system, however in many cases the structure is unknown a
priori. To exploit such structure, the classical model-based bayesian RL framework
is extended with an existing bayesian method for learning a compact structured
model with few parameters. An approximate planning algorithm is proposed to
consider both the uncertainty in the structure and parameters in the planning. An
interesting feature of this approach is that it automatically discovers simple and
compact structures that can approximate well the exact model, even though it may

be unstructured. These simple structures can be learned much more quickly and



thus the performance of the agent is shown to be much better when it has little
experience.

In addition, the applicability of these methods is demonstrated on several sim-
ulations of real-world problems (e.g. robot navigation, robot following and network
administration problems) that could not be tackled by previous bayesian RL meth-
ods.

1.4 Thesis Organization

In this thesis, background material on sequential decision making and rein-
forcement learning is first presented in Chapter 2. Then previous work in the area
of bayesian reinforcement learning is introduced in Chapter 3. Chapter 4,5 and 6
present, respectively, the proposed extensions of model-based bayesian RL to par-
tially observable domains, continuous domains and structured domains, as well as
the various approximate algorithmic solutions developed to handle each model effi-
ciently. Finally, Chapter 7 concludes with some discussion of our work, along with

suggestions for future work.



CHAPTER 2
Sequential Decision-Making

A Markov Decision Process (MDP) is a general model for sequential decision
problems involving uncertainty on the future states of the system [3]. From the MDP
model, one can compute the optimal behavior that maximizes long-term expected
rewards. MDPs can be used to model many real-world problems, however they
assume the agent has full knowledge of the current state at each step, which is
not always the case in practice. The Partially Observable Markov Decision Process
(POMDP) generalizes the MDP to partially observable domains, where the current
state of the system is uncertain. The POMDP model is able to track the uncertainty
on the current state as actions are performed, and can also be used to compute
the behavior that maximizes long-term expected rewards under such uncertainty
[71]. These two models rely on the assumption that an exact model of the system
is known, which is often hard to obtain in practice. Reinforcement Learning (RL)
methods allow to learn the optimal behavior from experience in the system when
the model is unknown [75]. This chapter covers the basic concepts and terminology
pertaining to MDPs, POMDPs and RL, and introduces a few existing algorithms
used in these frameworks to compute/learn a (near-)optimal behavior.

2.1 Markov Decision Processes

An MDP is a probabilistic model defined formally by five components (S, A, T, R, ~):

10



e States: S is the set of states, which represents all possible configurations of
the system. A state is essentially a sufficient statistic of what occured in the
past, such that what will occur in the future only depends on the current state.
For example, in a navigation task, the state is usually the current position of
the agent, since its next position usually only depends on the current position,
and not on previous positions.

e Actions: A is the set of actions the agent can make in the system. These ac-
tions may influence the next state of the system and have different costs/payoffs.

e Transition Probabilities: 7' : S x A x S — [0,1] is called the transition
function. It models the uncertainty on the future state of the system. Given
the current state s, and an action a executed by the agent, T'(s, a, s") specifies
the probability Pr(s|s,a) of moving to state s’. For a fixed current state s
and action a, T'(s, a,-) defines a probability distribution over the next state s,
such that ), .o T(s,a,s") = 1, for all (s,a). The definition of 7" is based on
the Markov assumption, which assumes that the transition probabilities only
depend on the current state and action, i.e. Pr(s;. 1 = §|ay, sy, ..., a0,80) =
Pr(s;y1 = §'|ay, s¢), where a; and s; denote respectively the action and state
at time ¢. It is also assumed that 7" is time-homogenous, i.e. the transition
probabilities do not depend on the current time: Pr(s;;1 = s'|a; = a,8, = s) =
Pr(s; = §'|lay_1 = a,s,_1 = s) for all ¢.

e Rewards: R: S x A — R is the reward function which specifies the reward

R(s,a) obtained by the agent for doing a particular action a in the current state

11



s. This models the immediate costs (negative rewards) and payoffs (positive
rewards) incurred by performing different actions in the system.

e Discount Factor: v € [0, 1) is a discount rate which allows a tradeoff between
short-term and long-term rewards. A reward obtained ¢-step in the future is
discounted by the factor 4*. Intuitively, this indicates that it is better to obtain
a given reward now, rather than later in the future.

Initially, the agent starts in some initial state so € S. Then at any time ¢, the
agent chooses its action a; € A, performs it in the current state s;, receives the reward
R(s;,a;) and moves to the next state s,y1 with probability T'(s;, as, si+1). Here, we
assume that no fixed termination time is defined, so that this process is assumed to
be repeated indefinitely.

2.1.1 Policy and Optimality

A policy 7 : S x A — [0,1] is a mapping that specifies for each state s € S
and action a € A, the probability n(s,a) = Pr(a; = a|s; = s) that the agent
executes action a in state s. For any fixed state s € S, 7 (s, ) defines a probability
distribution over actions, so that ) _,7(s,a) = 1. The goal of the agent in an
MDP is to find a policy that maximizes the sum of rewards obtained over time.
Since we consider tasks with no fixed termination time, the goal of the agent is
to maximize the expected sum of discounted rewards considering that the task is
pursued indefinitely. In this case, the planning horizon is infinite. However, due to
the discount factor, rewards obtained very far in the future are so strongly discounted
that they become negligible. Hence, even in the infinite horizon case, planning over

a large finite horizon is sufficient to obtain a (near-)optimal policy.
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To find the best policy, a value V™ (s) is associated with every policy 7 in every
state s [3]. V7™(s) is defined as the expected sum of discounted rewards (expected

return) obtained by following 7 indefinitely in the MDP, starting from state s:

VW(S) = E’TI’,T

> ' R(st, ar)|s0 = s] . (2.1)

t=0

By linearity of the expectation, V7 (s) can be expressed recursively as follows:

V7(s) = Z (s, a)

acA

R(s,a) 4+~ Z T(s,a,s)V7(s")

s'eS

. (2.2)

This essentially says that the expected return obtained by following the policy 7
starting in state s is the expected immediate reward obtained by following 7 in s,
plus the discounted future expected return obtained by following 7 from the next
state s’. V™ is called the state value function of policy 7. It is often useful to define
the state-action value function Q™, where Q7 (s,a) represents the expected return
obtained by first doing action a in state s and then following policy 7 indefinitely

from the next state:

Q" (s,a) = R(s,a) +~ Z T(s,a,s)V7(s"). (2.3)

s'esS
Note from these definitions that V7™ can be defined via Q™ as follows: V7™(s) =

Y aca(s,0)Q7 (s, a).
As mentionned before, the goal of the agent is to find the optimal policy 7* that

maximizes its expected return starting from the initial state sq:

13



" = argmax V7 (sg), (2.4)

mell

where II is the set of all possible policies.

Bellman [3] showed that for any MDP, there always exists an optimal deter-
ministic policy 7* which is at least as good as any other policy in all states, i.e.
Vr e Il,s € S, V*(s) > V™(s), where V* is the state value function of 7*. A de-
terministic policy 7 is a policy which assigns, for every state, a probability of 1 to
a particular action a € A. In such a case, we refer to 7(s) as the action the agent
always performs in state s.

In addition, Bellman showed that the state value function V* of the optimal

policy 7* is defined as follows:

Vi) =y

R(s,a) +~ Z T(s,a,sV*(s")

s'eS

(2.5)

It follows from this that the optimal policy 7* is defined by the actions which maxi-

mize this max operator at each state:

R(s,a)+ 7 Z T(s,a,s)V*(s)

s'eS

7*(s) = argmax
acA

(2.6)

Hence, by computing the optimal state value function V*, one can recover the
optimal policy 7*. Again, it is often useful to define these quantities in terms of
the optimal state-action value function Q*, where Q*(s,a) represents the expected

return obtained by doing action a in current state s and following 7* from then on:
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Q*(s.a) = R(s,a) +v Y _T(s,a,8)V*(s), (2.7)

s'eS

such that V*(s) = max,ea Q*(s,a) and 7%(s) = argmax,. 4, Q*(s, a).
2.1.2 Planning Algorithms

The literature on planning algorithms for solving MDPs is quite large [32]. In
this section, the focus is put on the approaches that are most relevant to the research
presented in this thesis. The two presented approaches are based on the idea of
estimating the optimal value function V*, from which the optimal (or a near-optimal)
policy can be derived.

Value Iteration

Value iteration [3] is a dynamic programming algorithm which iteratively com-
putes more and more precise estimates of the optimal value function V*.

Initially, the estimated state value function Vj is initialized to 0 (or any better
estimate we may have of V*). Then at iteration ¢, an estimate V; is computed based

on the estimate V;_; produced at the previous iteration:

Vi(s) = max | R(s,a) + v Z T(s,a,s\Vi_1(s")] . (2.8)

acA
s'es
As t — oo, V; converges to V*, ie. ||V; — V*||loo — 0 [3]' . In practice, this

process is repeated until the maximum state value difference between two consecutive

VIt f : X — R, || f||w is the supremum norm of the function f, which is defined as
the maximum value (or least upper bound) f can take over its domain: sup,. f(x)
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iterations is smaller than some threshold € > 0 (i.e. until ||V; — Vi_1|| < €). Upon

completion of the algorithm, the policy derived from V; is defined as:

Tie1(8) = argmax | R(s,a) + Z T(s,a,s)Vi(s)] . (2.9)

acA ses

If ||Vi — Vici]leo < €, this guarantees that ||V* — V™| < 1212 [81]. Hence

to guarantee that 7,4, is e-optimal® , one should proceed with value iteration until

1—7)e
Ve = Vicalloo < Y525

The complexity of one iteration of value iteration is O(|S|?|A|). To find an e-

log(|| Rl|oo)+1og(1/€)+log(1/(1—7))+1 )
1—

optimal policy, value iteration must proceed with O(
iterations [49].

Sparse Sampling

One drawback of the value iteration algorithm is that it is very long to compute
when the set of states is large (as the complexity is quadratic in the number of
states). One solution to this problem proposed by Kearns et al. [47] is to use Monte
Carlo sampling methods to estimate the expected return obtained at future states
instead of computing the expectation exactly as in value iteration.

In this approach, an estimate V;(s) of V(s) is computed as follows:

~

Vi(s) = max | R(s,a) +

acA

=1=

N A
> Vil (2.10)
i=1

2 A policy 7 is e-optimal if ||[V* — V|| < €
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where s, ... sv* is a random sample from the distribution T'(s, a,-). Att =0,
Vo = Vo = 0. This algorithm is usually computed online (i.e. during the execution
of the agent) only for the current state s of the agent. In this case, the algorithm
only tries to find the best action for the current state s. Hence, if the agent plans
for a horizon of t, ‘A/t(s) is only computed for the current state s. Sampling a next
state from the distribution 7'(s, a, ) can be achieved in O(log|S]), so doing a t-step
lookahead with N sampled next states at each action is in O((|A|N)*log |S]|). Kearns
et al. also derive a bound on the depth ¢ and the number of samples N required in
order to obtain an estimate V;(s) within e of V*(s) with high probability.
2.2 Partially Observable Markov Decision Processes

As mentioned previously, the POMDP generalizes the MDP to handle partially
observable domains in which the agent has uncertainty about its current state [71].
A POMDP is defined formally by seven components (S, A, Z,T,O, R,v). As in the
MDP, S represents the set of states,A the set of actions, 7": S x A x S — [0, 1] the
transition function, R : S x A — R the reward function and v € [0, 1) the discount
factor. The only difference here is the addition of Z and O:

e Observations: Z is the set of observations the agent can perceive in its envi-
ronment.

e Observation Probabilities: O : S x A x Z — [0,1] is the observation
function, where O(s, a, z) specifies the probability P(z, = z|s;, = &', a;-1 = a)
that the agent observes z when it moves to state s’ by doing action a. For any
fixed state s’ € S and action a € A, O(s', a,-) is a probability distribution over

observations z € Z, so that > __, O(s',a,z) = 1. Again, it is assumed that the

z€Z
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observation probabilities are time-homogeneous and do not depend on previous
states (Markov assumption).
In a POMDP, the current state of the environment is a hidden variable, it is
not perceived by the agent. Instead, at each step, it perceives an observation z € Z,
which depends on the unknown current state and previous action. Due to this
dependency, the observation z carries some information about the unknown current
state. However, because one observation can usually be observed in many different
states, it does not allow the agent to know exactly in which state it is.
2.2.1 Belief State and Value Function
Since the states are not observable, the agent cannot choose its actions based
on the states. It has to consider the uncertainty it has on its current state. Since the
current state depends on the previous state of the system, this uncertainty depends
on the uncertainty on the previous state, which in turn depends on the uncertainty
of the state before, and so on. Hence the uncertainty on the current state depends
on the complete history of past actions and observations. The history at time ¢ is
defined as:

ht = {a0,21,...,Zt_l,at_l,zt}. (211)

This explicit representation of the past is typically memory expensive. Instead,
it is possible to summarize all relevant information from previous actions and ob-
servations in a probability distribution over the set of states S, which is called a

belief state [1]. The belief state b, at time ¢ is defined as the posterior probability
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distribution of being in each state, given the complete history:
bi(s) = Pr(s; = s|hy, bo). (2.12)

It has been shown that the belief state b, is a sufficient statistic for the history
hy [68], therefore the agent can choose its actions based on the current belief state b,
instead of all past actions and observations. Initially, the agent starts with an initial
belief state by, representing its knowledge about the starting state of the environment.
Then, at any time t, the belief state b, can be computed from the previous belief
state b;_1, using the previous action a;_; and the current observation z;. This is done

via the belief update function :

1

b(s") =
t(s ) Pl"(Zt‘bt—h at—l)

O(s ar—1,21) > T(s,a-1, 8 )bi—1(s), (2.13)

ses
where Pr(z|b, a), the probability of observing z after doing action a in belief b, acts

as a normalizing constant such that b; remains a probability distribution:

Pr(z|b,a) = Z O(s,a,z) ZT(S,CL, sHb(s). (2.14)

s’'eS ses

We define b; = 7(b;_1,a4_1, 2—1) to be the Bayes’ update rule from prior b;_; to
posterior b; when observing z; after action a;_1.

Now that the agent has a way of maintaining its uncertainty on the current
state, the next interesting question is how to determine the best action to take for

any particular belief the agent could hold.

19



Since the belief is a sufficient statistic of the complete history, the agent’s decision
only depends on the current belief rather than the complete history. Hence in a
POMDP; a policy 7 : AS x A — [0,1] is a mapping where for any belief b € AS 3
and action a € A, w(b,a) = P(a; = a|b; = b) indicates the probability that the agent
performs action a in belief b. As in an MDP, the goal of the agent is to find a policy
7w which maximizes its expected return over the infinite horizon. To achieve this, one
can proceed as in the MDP case, by defining a value function V™ : AS — R that
specifies the expected return obtained by following the policy 7 starting in belief b.

Since the belief is a sufficient statistic of the past, transitions between belief
states satisfy the Markov assumption, so that the value function V™ can be defined
by looking at the POMDP as an MDP (S’, A", T", R’) over belief states, called the
belief MDP. In the belief MDP, the set of states S” = AS corresponds to the set of
all beliefs of the POMDP, the set of actions A" = A corresponds to the actions of
the original POMDP, the transition function 7" specifies the probability of moving
from one belief to another by doing some action a, and the reward function R’
specifies the expected immediate reward obtained by doing action a in belief b, i.e.
R'(b,a) = 3 ..sb(s)R(s,a). If the agent performs action a in belief b, then the
next belief depends on the observation z obtained by the agent. Hence there is a
probability Pr(z|b,a) of moving from belief b to belief 7(b, a, z) by doing action a.
It follows that T"(b,a,V') = >, ., Iu (7(b,a, 2)) Pr(2]b, a), where Iy (7(b,a,2)) is

3 AS represents the space of probability distributions over the set S.
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the indicator function of {#'}* . Due to this equivalence between the POMDP and
the belief MDP, the value function of the POMDP is exactly the value function of
the belief MDP. This corresponds to the value function of the MDP (S, A", 7", R')
as defined by Equation 2.2. Hence by replacing (S, A, T, R) by (S’ A, 7', R’) in

Equation 2.2, one obtains that the value function V7™ is defined as:

V(b)) = m(ba) | D b(s)R(s,a) +v Y Pr(zlb,a)V7(r(b,a,2))| . (2.15)

acA seS z€Z
Furthermore, due to this equivalence between the POMDP and the belief MDP,

it follows that there always exists an optimal deterministic policy 7%, where for any
belief b, 7" assigns a probability 1 to some action a € A and for any other policy
7, V™ (b) > V7(b). The value function V* = V™ of the optimal policy can again
be defined by looking at the optimal value function of the belief MDP defined in

Equation 2.5:

V() = max [Z b(s)R(s,a) + Z Pr(z|b, a)V*(7(b, a, z))] : (2.16)

such that the optimal policy is defined by:

7*(b) = argmax [Z b(s)R(s,a) +~ Z Pr(z|b, a)V*(7(b, a, z))] . (2.17)

a€A seS 22

1 For any set C, Ic(c) = 1 if ¢ € C; 0 otherwise.
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2.2.2 Planning Algorithms

There currently exists many algorithms to solve POMDPs. Most of the early
work focused on finding efficient algorithms that compute the value function V* ex-
actly for some finite horizon t. We present some of these approaches below. However
due to the very large complexity of exact approaches, most of the recent work on
POMDP planners has focused on trying to find efficient approximate algorithms that
can compute V* to a desired degree of accuracy. Many approximations have been
developed such as grid-based approximations [38, 6, 84, 4], finite-state automaton
policy representations [37, 52, 59, 8], point-based methods [57, 72, 69], and online
approximations [66, 78, 50, 55, 62]. The latter part of this section describes the
point-based and online methods, which are most relevant to the research in this
thesis.

Exact Approaches

A key result by Sondik [68] shows that the optimal value function for a finite-
horizon POMDP is piecewise-linear and convex. It means that the value function V;
at any finite horizon ¢ can be represented by a finite set of |S|-dimensional hyper-
planes: I'; = {ag, a1,..., @, }. These hyperplanes are often called a-vectors. Each
defines a linear value function over the belief state space associated with some action
a € A. The value of a belief state is the maximum value returned by one of the a-
vectors for this belief state. The best action is the one associated with the a-vector

that returns the best value:

Vi(b) = max a(s)b(s). (2.18)
s€S
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The Enumeration algorithm by Sondik [71] shows how the finite set of a-vectors
I'; can be built incrementally via dynamic programming. The idea is that any ¢-step
contingency plan can be expressed by an immediate action and a mapping associating
a (t-1)-step contingency plan to every observation the agent could get after this
immediate action. Hence if we know the value of these (¢-1)-step contingency plan, we
can compute the value of the t-step contingency plan efficiently by reusing the values
computed for the (t-1)-step contingency plans. Initially, Sondik’s algorithm starts
by enumerating and computing the values of every 1-step plan, which corresponds
to all immediate action the agent could take. The value of these plans corresponds

directly to the immediate rewards:

I = {a%a’(s) = R(s, a)},

Fl = UaeA F(II

Then to build the a-vectors at time ¢, it looks at all possible immediate actions

(2.19)

the agent could take and every combination of (¢-1)-step plans to pursue after the
observation made after the immediate actions. The value of these plans corresponds
to the immediate rewards obtained by the immediate action and the discounted

future expected value obtained by the (¢-1)-step plans:

F?’Z = {O‘?’Z|O‘?’Z(S) - Zs’eS T(S> a, S/)O(S/> a, Z)O‘;(S/% O‘; € Ft—1}>

Iy = Mfely™eli?e---oTy ™, (2.20)

Ft = UaEAP?’
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where @ is the cross-sum operator® .

Most of the work on exact POMDP approaches [71, 53, 12, 48, 10, 83] aims
to limit the growth of the set I'; by finding efficient ways to prune a-vectors that
are dominated, i.e. a-vectors that do not maximize the value function at any belief
state in Equation 2.18. Dominated a-vectors can be removed without affecting the
exactness of the value function as subsequent a-vectors generated at the next itera-
tion by these dominated a-vectors will also be dominated. Nevertheless, in general,
the number of a-vectors needed to represent the value function grows exponentially
in the number of observations at each iteration, i.e. the size of the set I'; is in
O(JA||T;1]?!). Since each new a-vector requires computation time in O(] Z||S|?), the
resulting complexity of iteration ¢ for exact approaches is in O(|A||Z||S|?|T;—1|'%!).
Due to this large complexity, these methods have been limited to solve very small
problems (around 20 states and even fewer actions and observations) in practice.
Hence the need for efficient approximations that can scale to larger domains.

Point-Based Approaches

Point-based approaches [57, 72, 69] approximate the value function by updating
it only for some selected belief states. These point-based methods sample belief states
by simulating some random interactions of the agent with the POMDP environment,
and then updating the value function and its gradient over those sampled beliefs.
These approaches circumvent the complexity of exact approaches by sampling a small

set of beliefs and maintaining at most one a-vector per sampled belief state. Let B

® Let A and B be sets of vectors, then A ® B = {a + bla € A,b € B}.

24



represent the set of sampled beliefs, then the set I'; of a-vectors at time ¢ is obtained

as follows:

a’(s) = R(s,a),

7

I[P = {ai7a)"(s) =72 geg T(s,a,8)0(s' a, 2)aj(s'), of € Ty}, (2.21)

I = {oflog =a"+3 ., argmax,cpas ) g (s)b(s),a € A},

Iy = {afap = argmax,cro D s b(s)a(s),b € B}.

One can ensure that this yields a lower bound on V* by initializing 'y with

. min R(s',a . . .
a single a-vector op(s) = 5'65'1“_6;‘ 9 Since II':—1| < |B|, each iteration has

a complexity in O(|A||Z]|S||B|(|S| + |B|)), which is polynomial time, compared to
exponential time for exact approaches.

Different algorithms have been developed using the point-based approach: PBVI
[57], Perseus [72], HSVI [69, 70] are some of the most recent methods. These methods
differ slightly in how they choose belief states and how they update the value function
at these chosen belief states. The nice property of these approaches is that one can
tradeoff between the complexity of the algorithm and the precision of the value
function by increasing (or decreasing) the number of sampled belief points. These
methods have been shown to scale to much larger problems, some involving more
than 100,000 states [70].

Online Approaches

The approaches presented so for are called offline as they compute a value func-
tion over the whole belief space prior to the execution of the agent. Then during the

execution the agent only follows the actions specified by this value function for the
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beliefs it encounters. Such approaches tend to be applicable only when dealing with
moderate-sized domains, since the policy construction step takes significant time and
does not scale well to large problems involving millions of states or hundreds of ob-
servations. In large POMDPs, a potentially better alternative is to use an online
approach [66, 78, 55, 50, 62], which only tries to find a good local policy for the
current belief state of the agent during the execution. The advantage of such an
approach is that it only needs to consider belief states that are reachable from the
current belief state within a limited planning horizon. This focuses computation on a
small set of beliefs. In addition, since online planning is done at every step (and thus
generalization between beliefs is not required), it is sufficient to calculate only the
maximal value for the current belief state, not the full a-vector. In this setting, the
policy construction steps and the execution steps are interleaved with one another.

An online algorithm takes as input the current belief state and returns the
single best action for this particular belief state. This is usually achieved by two
simple steps. First, the algorithm builds a tree of reachable belief states from the
current belief state. The current belief is the top node in this tree. Subsequent belief
states (as calculated by the 7(b,a, z) function of Equation 2.13) are represented
using OR-nodes (at which we must choose an action) and actions are included in
between each layer of belief nodes using AND-nodes (at which we must consider all
possible observations). Once the tree of reachable beliefs is built, the value of the
current belief is estimated by propagating value estimates up from the fringe nodes,
to their ancestors, all the way to the root, according to Bellman’s equation (Equation

2.16). An approximate value function is generally used at the fringe of the tree to

26



Figure 2-1: An AND-OR tree constructed by the search process for a POMDP with
2 actions and 2 observations, and a discount v = 0.95.

approximate the infinite-horizon value. An example on how such tree is constructed
and evaluated is presented in Figure 2-1.

To be more efficient, most of the online algorithms focus on limiting the number
of reachable beliefs explored in the tree (or choose only the most relevant ones)
by using different techniques, such as Branch-and-Bound Pruning [66, 55|, Monte
Carlo Sampling [50] and Heuristic Search [66, 78, 62]. When belief updates can be
performed quickly, these methods have shown to be more efficient than point-based
methods on similar sized problems (of more than 10,000 states and 100 observations)
[62].

2.3 Reinforcement Learning

While MDPs and POMDPs can model many real-world decision-making prob-

lems, one of their limitation in practice is that one must know exactly all the transi-

tion/observation probabilities and the rewards in the system. This is an important
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problem as usually these probabilities are not known exactly (only approximately
at best). In such case, if we simply provide an approximate model to the planning
algorithm, we may obtain a policy which is significantly different than the optimal
policy for the exact model. Hence, it becomes necessary to use learning algorithms
to improve the performance of the agent over time as it gathers more and more
experience in the system.

Reinforcement Learning (RL) [75] is a general framework that allows an agent,
starting with no knowledge of the system, to learn how to optimally achieve its task.
Most of the work on reinforcement learning has focused on the MDP case, where the
transition probabilities and rewards are completely unknown. In this setting, the
agent observes its current state and its immediate reward at every step. Under some
conditions, RL algorithms allow the agent’s behavior to converge toward the optimal
policy 7* as its history of states, actions and rewards grows larger. RL algorithms
are usually defined by two components. One component tries to estimate the optimal
value function or optimal policy based on previous experience, and the second com-
ponent specifies the behavior of the agent, based on its optimal policy/value function
estimate and its exploration strategy. Estimating the optimal policy can be achieved
using model-free methods or model-based methods [75]. Model-free methods try
to learn the optimal policy directly, without learning the transition and immedi-
ate reward model, while model-based methods try to estimate the transition and
immediate reward model, in order to compute the optimal policy afterwards. We
first present these two types of methods and then present in more details different

exploration stategies that have been proposed in the literature.
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2.3.1 Model-free methods

In order to learn directly the optimal policy, without learning the MDP model,
model-free methods usually try to directly estimate the state-action value function
Q* from the rewards and state transitions observed. One of the most popular method
of this type is the Q-Learning algorithm [79]. Q-Learning starts with an estimate
of the state-action value function Q. Q(s, a) can be initialized to 0 or to any better
estimate we may have. Then whenever the agent is in state s, performs action a,

observes reward r and moves to state s’, the estimate @(s, a) is updated as follows:

A

Qs,0) = Q(s,0) + a(r + ymaxQ(s', a) — Q(s, a)), (2.22)

where a € (0,1) is the learning rate. This equation can be thought of a gradient
descent update [18] of Q toward Q*. Here r +~ maxyeca Q(s’ ,a’) represents the new
estimate of Q*(s,a) and Q(s,a) the old estimate. The update is performed with
proportion « of the difference between the new and old estimates, in the direction of
the new estimate.

The learning rate « is usually decreased over time such that &« — 0 as the
estimate Q(s, a) converges. It has been shown that under some conditions on the
way « is decreased, and provided that every state and action is visited infinitely
often, then @ converges to Q* [79].

2.3.2 Model-based methods

Model-based methods explicitly learn the MDP parameters in order to derive the

optimal policy 7*. First, the transition probabilities T'(s, a, s’) can be estimated by

looking at the observed frequency of such transitions in the history of the agent. Let
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Ni(s,a,s") = Zf;é If(s,a,5} (84, @4, Si11) represent the number of times a transition
from state s to state s’ occured by doing action a in the history of the agent at
time ¢, and N(s,a) = S/} If(s,a)y (5i; a;) represent the number of times action a

was performed in state s in the history of the agent at time ¢. Then at time ¢,

Nt(svavsl)
Nt(sva)

the estimate T}(s,a,s') = is the maximum likelihood estimator (MLE) of
the exact transition probability 7'(s,a,s’). Furthermore, the rewards R(s,a) can

be estimated by looking at the average reward obtained by doing action a in s in

the history of the agent. Hence R,(s,a) = Zizo Tjg&‘;))}(si’ai) is the MLE of R(s,a)
at time ¢. Provided every state-action pair is visited infinitely often, the strong
law of large numbers guarantees that Tj(s,a,s') — T(s,a,s’) almost surely and
Ry(s,a) — R(s,a) almost surely as ¢ — oo. Hence if the state-action value function
Q* is estimated by solving Q,(s, a) = Ry(s,a) + Y oses Ti(s,a,s') maxges Qi(s', a)
at time ¢, then we have that Q; — Q* almost surely as ¢ — co. Consequently, the
optimal policy 7, estimated for Qy, i.e. 7,(s) = argmax,. 4 Q4(s,a), converges to 7*.
2.3.3 Exploration

Now that the agent has a way to learn the optimal policy, the last remaining
problem is how the agent should select its action at any time ¢ based on its current
estimate Q As mentionned in the introduction, one problem that arises is the need
to balance exploration and exploitation. If too little exploration is performed, the
agent might not learn a good estimate @(s, a) for some state-action pairs. This may
lead it to follow a sub-optimal policy. On the other hand, exploration is usually

risky and can have very high cost, so that, if the agent explores too much, then the

learning phase may prove very costly.
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The problem of balancing exploration and exploitation has been studied greatly
in bandit problems [31]. Such problems correspond to 1-state MDPs with multiple
actions where each action has a different distribution over immediate rewards. Gittins
[31] derived an optimal solution for these problems which can be computed efficiently.
Each action is associated to a Gittins index and the optimal policy is simply to
execute the action with highest Gittins index at any time t. However this optimal
policy relies on the fact that there is only 1-state and does not extend to general
MDPs.

In RL, most work on exploration has focused on developing different heuristics to
balance the exploration and exploitation. We now present some of these techniques
below.

e-greedy and Boltzmann exploration

e-greedy and Boltzmann exploration are two very simple and well known explo-
ration strategies. Under the e-greedy strategy, at any step t, the agent performs a
uniformly random action a € A with probability ¢ > 0, and with probability 1 — e,
performs the greedy action argmax,. 4 @(s, a) that seems best for the current state
s under the current estimate state-action value function Q.

Boltzmann exploration is a more efficient exploration strategy which tries to
bias the exploration towards action that have the highest value estimates. This lim-
its further exploration of actions which are known to be bad from past experience,
and thus improves the sum of rewards gathered by the agent during learning. Given

current state s and estimate (), the Boltzmann exploration strategy is to perform
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action a € A with probability P(als) o< exp(Q(s,a)/A), where A > 0 is a tempera-
ture parameter that allows to control the amount of exploration. As A — oo, P(als)
tends to a uniform distribution so that the agent always explores, while as A — 0,
P(a|s) — 1 for a = argmax,. 4 Q(s, a’) so that the agent always performs the greedy
action.

Since in both methods, the agent can choose any action with some probability
greater than 0, this ensures that each state and action will be visited infinitely often,
so that the convergence property of Q to @* holds. However in practice, ¢ and
A strongly influences the performance and must be fine-tuned to produce the best
results. Furthermore, ¢ and A are usually decreased over time so that in the limit,
the agent always behave optimally.

One problem with both of these methods is that the exploration occurs randomly
and is not focused on what needs to be learned. For instance, both methods could
take exploration action that lead to states which have already been visited very often,
and that will not improve the estimate @ Another problem is that e-greedy does
not consider the cost of the exploratory actions, which can hinder significantly the
rewards obtained by the agent during the learning phase.

Interval Estimation

Interval Estimation [43] and Model-based Interval Estimation methods [80, 74,
73] compute confidence intervals [L(s, a); U(s, a)] on the state-action values Q*(s, a),
such that based on the history of state transitions and rewards of the agent, Q*(s, a) €
[L(s,a); U(s,a)] with high probability. Then at any time ¢ in state s, the agent

executes the action a with highest upper bound, i.e. a = argmax, ., U(s,a’). Since
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actions which haven’t been tried often before (or that can lead to areas of the state
space which haven’t been visited often) have large confidence intervals and actions
that have been tried often (and lead to states that have been visited often) have small
confidence intervals, this technique favors the exploration of actions that haven’t been
tried often before or that lead to states that haven’t been visited often. Furthermore,
it also takes into account the previous rewards obtained by the actions in order to
prevent exploration of actions that are known to be bad.

Strehl et al. [73] derived strong polynomial-time bound on the number of steps
required by the agent to perform near-optimally with high probability when using
the Model-based Interval Estimation exploration strategy:.

E? Algorithm

The E? algorithm (Explicit Explore or Exploit) [46] splits the state space S
into known and unknown states. Whenever the agent is in an unknown state, it
always explores such as to improve its knowledge of the MDP, while when the agent
is in a known state, it always exploits its current knowledge by choosing the greedy
action which maximize its rewards. At the begining, all states are unknown. A
state becomes known whenever the agent has visited it a sufficient number of times
M. Kearns et al. derived a polynomial bound on M in order to guarantee that the
estimate Q for known states is sufficiently close to 0¥, so that the greedy actions are
near-optimal with high probability.

R-MAX

The R-MAX algorithm [7] is a simpler generalization of E3. R-MAX creates a

virtual absorbing state sg where every state s € S which hasn’t been visited at least
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M times transits to it determiniscally. In sy the agent always obtains the maximum
reward Ry., = maxXsesaca R(s,a). When a state has been visited M times, the
transition probabilities for that state are changed to the estimated probabilities from
the M samples. With this model, the agent always executes the action with highest
expected long-term rewards. Since every state which has been visited less than M
times transits to so and obtains R,,,, rewards at every following steps, actions that
lead to such states will always have very high values, thus favoring the exploration
of these states, until they have been visited M times. M can be defined as in the £?
algorithm in order to guarantee convergence to a near-optimal behavior with high
probability in polynomial time.

2.3.4 Reinforcement Learning in POMDPs

Reinforcement Learning in POMDPs has received little attention in the Al com-
munity so far. One of the main difficulty with RL in POMDPs is that one needs to
know the model to maintain the belief state of the agent. If only an approximate
model is used, then the belief state may diverge significantly from the correct be-
lief state maintained with the exact model, so that the learning will not function
properly.

For this reason, RL methods in POMDPs [24] typically use history-based rep-
resentations of the belief and learn a Q-value function based on these histories. One
difficulty that arises is the following: unless one has a means of returning to the
initial belief state, a particular history can only be visited once, and it would be

impossible to visit all possible histories. To solve this problem, Even-Dar et al. [24]
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show that in any connected POMDP? | there exists a homing strategy (random walk)
that returns approximately to the initial belief. By repeatedly using such homing
strategy, the agent can learn about the value of each action in every history for some
finite horizon ¢. Such an approach remains fairly theoretical and does not work well
in practice as the agent may get very bad rewards during the homing sequence.

A more practical approach called Utile Suffix Memory [51] learns a decision-
tree based on the short-term memory of the agent (i.e. the last few actions and
observations in the history of the agent). In this tree, each path from the root
to a fringe node represents a short-term memory of the agent starting from the
current belief, going backward in time. At each fringe node, a Q-value is learned for
each action, representing the value of performing that action after that short-term
memory. Then if the distribution in Q-values is deemed significantly different (via
a Kolmogorov-Smirnov test) when looking 1-step further in the short-term memory
of the agent, then the fringe node is expanded to further distinguish between these
histories. Initially, the tree contains only one root node and is grown by following
this procedure. In the end, the tree represents the short-term memories that lead to

significantly different future rewards and that must be distinguished to perform well.

6 A connected POMDP is a POMDP such that from any state s, the agent can
reach any other state s’ with non-zero probability by doing some sequence of actions.
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CHAPTER 3
Model-Based Bayesian Reinforcement Learning: Related Work

Bayesian Reinforcement Learning (BRL) is a new Reinforcement Learning frame-
work which seeks to address the exploration-exploitation trade-off problem [20]. The
main idea behind model-based BRL is to explicitly represent the uncertainty on the
model learned by the agent via bayesian learning approaches. This in turn allows us
to cast the exploration-exploitation problem as a decision problem, where the agent
seeks to maximize its expected return with respect to the uncertainty on its model
and how this uncertainty evolves over time.

As a side note, model-free BRL methods also exist [22, 23, 30, 29]. Instead
of representing the uncertainty on the model, these methods explitcitly model the
uncertainty on the value function or policy. However, these methods do not guaran-
tee an optimal exploration-exploitation tradeoff and still have to rely on heuristics
to handle this trade-off. Furthermore, in practice it is often easier to express prior
knowledge (initial uncertainty) on the model than on the value function. For ex-
ample, sensors and actuators used in robotics and other manufacturing applications
will usually have confidence interval on their accuracy and failure rate provided by
the manufacturer, so that appropriate priors that assigns most of the probability
mass over the given confidence interval can be defined. Further discussion on how

to choose the prior in practice is provided below. This thesis focuses entirely on

36



model-based BRL methods, so that we restrict our survey to these methods in this
chapter.

This chapter first presents the general principles of bayesian learning, and then
reviews some of the related work on model-based BRL in MDPs.

3.1 Bayesian Learning

Bayesian Learning (or Bayesian Inference) is a general technique for learning
the unknown parameters of a probability model from observations generated by this
model [9]. In bayesian learning, a probability distribution is maintained over all pos-
sible values of the unknown parameters. As observations are made, this probability
distribution is updated via Bayes’ rule, and probability density increases around the
most likely parameter values.

Formally, consider a random variable X with probability distribution fxje over
its domain X parameterized by the unknown vector of parameters © in some pa-
rameter space P. Let X, Xp,---, X, be an independent random sample from fxe.
Then by Bayes’ rule, the posterior probability density ge|x, x,,..x, (01,2, ..., 2y,)
of the parameters © = 6, after the observations of X; = x1, Xo = x9,--- , X,, = z,,,

18:

_ 90(0) [Ti—, fxje(xil0)
fp 90 (0") ITi—y fxje(xil0")do"”

where gg(0) is the prior probability density of © = 6, i.e. gg over the parameter

90|X1,Xa,... X, (01, 2, ..., 1) (3.1)

space P is a distribution that represents the initial belief (or uncertainty) on the

values of ©. Note that the posterior can be defined recursively as follows:
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901X1, Xz, X1 (0171, 02, . ., 20 1) fxjo (0] 0)

- I 9011, Xaro Xy (071, T2, . Tt fxjo (2] 07)dO”
(3.2)

9@|X1,X2,...,Xn(9|1'1, Loy ,l"n)

so that whenever we get the n'” observation of X, x,, we can compute the new
posterior distribution ge|x, x,,..x, from the previous posterior go|x, x,.. x,_;-
3.1.1 Conjugate Families

In general, updating the posterior distribution ge|x, x,,..x, is difficult due to
the need to compute the normalization constant [, ge(6) [T, fxje(x]6)df. How-
ever, for conjugate familiy distributions, updating the posterior can be achieved very
efficiently with a simple update of the parameters defining the posterior distribution
[9].

Formally, consider a particular class G of prior distributions over the parameter
space P, and a class F of likelihood functions fxjg over X parameterized by param-
eters © € P, then F and G are said to be conjugate if for any choice of prior go € G,
likelihood fxje € F and observation X = z, the posterior distribution gex after
observation of X = z is also in .

For example, the Beta distribution® is conjugate to the Binomial distribution? .

Consider X ~ Binomial(n,p) with unknown probability parameter p, and consider

! Beta(a, 8) is defined by the density function f(pla,3) o< p* (1 — p)?~1 for
p € [0, 1] and parameters «, 5 > 0

2 Binomial(n,p) is defined by the density function f(k|n,p) o p*(1 — p)»=* for
k€ {0,1,...,n} and parameters p € [0,1],n € N
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a prior Beta(a, ) over the unknown value of p. Then after the observation of X = z,
the posterior over p is also Beta distributed and is defined by Beta(a+z, 5 +n—x).
3.1.2 Choice of Prior

One important issue with bayesian methods is the need to specify a prior. While
the influence of the prior tends to be negligible when provided with a large amount
of data, its choice is particularly important for any inference and decision-making
performed when only a small amount of data has been observed.

In general, the prior should reflect any knowledge of the model available a pri-
ori. In many practical problems, informative priors can be obtained. As mentioned
before, often sensors and actuators used in many engineering applications will have
specified confidence intervals on their accuracy provided by the manufacturer so that
informative priors on the parameters describing these components can be defined to
fit these confidence intervals. In many other applications, such as medical treatment
design or portfolio management, data about the problem may have already been col-
lected by specialists in the field, so that this data can be used to define an informative
prior over the parameter space. In the absence of such data, one could construct an
informative prior by gathering a small set of observations, e.g. by executing a random
policy, and then using these observations to construct an informative prior.

In the absence of any knowledge, uninformative priors can be specified. Un-
der such priors, any inference done a posteriori is dominated by the data, i.e. the
influence of the prior is minimal. A typical uninformative prior is to use a prior
distribution which is constant over the whole parameter space ©, such that every

possible parameter has equal probability density. From an information theoretic
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point of view, such priors have maximum entropy and thus contain the least amount
of information about 6 [40]. However, one problem with such uniform priors is that
if ¢ =t(0) is a 1-1 transformation of # used to reparametrize the probability model
[xje, then the prior for ¢, obtained from a uniform prior over ©, may not be uni-
form. Hence under different reparametrization, one would have different amounts of
information about the unknown parameter, which can be somewhat unsatisfactory.

A prefered uninformative prior, which is invariant under reparametrization, is
Jeffreys’ prior [41]. It is defined to be proportional to the square root of the absolute

value of the determinant of the Fisher Information matrix® :

ge(0) o [Z(0)|2 (3.3)

As mentioned, Jeffreys’ prior is invariant under reparametrization, that is, if
¢ = t(0) is a 1-1 transformation of #, then the prior for ¢, obtained from Jeffreys’ prior
over O, is precisely Jeffreys’ prior for ¢. This property implies that reparametrizing
the probability model under a 1-1 transformation gives us no information.

In the previous example of learning the parameter p of a Binomial(n,p) distri-
bution, Jeffreys’ prior corresponds to the Beta(%, %) distribution. This turns out to

be different than the uniform distribution over [0,1] (i.e. Beta(1,1)). The reader is

3 Consider # € © to be a parameter vector with n elements for the probability

model fx|o, then the Fisher Information matrix Z(#) is a n x n matrix such that
element Z;;(0) = —FE [8%1_8%]_ In fX‘@(X\H)], where the expectation is taken over X
with distribution fxe(:]0).
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refered to Kass & Wasserman’s survey of formal methods for choosing uninformative
priors [45] for a more in depth discussion on this subject.
3.1.3 Convergence

Another important issue with bayesian methods concerns the convergence of
the posterior towards the true parameter of the system. Since a prior must be
specified, one may be concerned about whether the posterior probability density will
be concentrated around the true parameter, no matter which prior is used, and how
fast will the posterior converge given the specified prior.

In general, the posterior density concentrates around the parameters that have
highest likelihood of generating the observed data in the limit. For finite param-
eter spaces, and for smooth families with continuous finite dimensional parameter
spaces, the posterior converges towards the true parameter as long as the prior as-
signs non-zero probability to every neighborhood of the true parameter. If the prior
assigns zero probability density to the true parameter then the posterior will con-
centrate around the most likely parameters that have non-zero prior density. Hence
in practice it is often desirable to assign non-zero prior density over the whole pa-
rameter space. However even though non-zero prior density may be assigned to the
true parameters, some convergence problems may arise when the parameter space is
infinite dimensional, e.g. when using non-parametric methods. Freedman [27] gave
some examples of such problems. However, under some conditions on the prior [67],
one can still guarantee that the posterior will converge to the correct parameters in
the infinite dimensional case. See Doob [16] and Schwartz [67] for a more in depth

discussions on these issues.
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It should also be noted that if multiple parameters within the parameter space
can generate the observed data with equal likelihood, then the posterior distribution
will usually be multimodal, with one mode surrounding each equally likely parameter.
In such case it is impossible to identify the true underlying parameter. However
for practical purposes, such as making predictions about future observations, it is
sufficient to identify any of the equally likely parameters.

Finally, another concern is how fast the posterior converges towards the true
parameters. This is mostly influenced by how far the prior is from the true parameter.
If the prior is poor, i.e. it assigns most probability density to parameters far from
the true parameters, then it will take much more data to learn the correct parameter
than if the prior assigns most probability density around the true parameter. For
such reasons, a safe choice is to start with an uninformative prior, unless some data
is already available for this problem.

3.2 Bayesian Reinforcement Learning in Markov Decision Processes

Model-based Bayesian Reinforcement Learning in MDPs has received more at-
tention from the AI community lately as it provides an optimal solution to the
exploration-exploitation trade-off in standard Reinforcement Learning [20], given a
specified prior distribution on the model. Hence, in many applications where gath-
ering data for learning is expensive, these methods allow for efficient exploration
and learning of the task domain while minimizing costs. Furthermore, it provides
a framework for planning under uncertainty in the model parameters, which often
occurs in practice. Note that in standard reinforcement learning, a prior on the

model parameters is not usually specified. In such case, Jeffreys’ prior (see Section
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3.1.2) can be used to define a prior without assuming any further information on the
model.

The main idea behind model-based BRL is to use bayesian learning methods to
learn the unknown model parameters of the system, based on what is observed by
the agent in the environment. Starting from a prior distribution over the unknown
model parameters, the agent maintains a posterior distribution over the unknown
model parameters as it performs actions and gets observations in the environment.
Under such a bayesian approach, the agent can compute the best action-selection
strategy by finding the one that maximizes its future expected return under the
current posterior distribution, but also considering this distribution will evolve in
the future under different sequences of actions and observations.

Consider an MDP (S, A, T, R), where S, A and R are known and 7" is unknown.
Furthermore, assume that S and A are finite. The unknown parameters in this
case are the transition probabilities T'(s, a,s’) for all s,s" € S, a € A. The model-
based BRL approach to this problem is to start off with a prior g over the transition
functions 7. Now let §; = (sg,s1,...,8;) and a;—1 = (ag,ay,...,a;—1) denote the
history of visited states and history of actions performed by the agent at time t.

Then the posterior over transition function after this sequence would be defined as:

9(T(s,a-1) o< g(T) Hf;(l) T(si,ai, Sit1)
N® ,(5¢,a1—
X g(T) HSES’GGA HS’ES CT(S7 a, S/) 5,8 ( t 1)7

where N¢ (8¢, ai-1) = Zf;é It(s,a,57} (84, @4, Si1) is the number of times the transi-

(3.4)

tion (s, a,s’) occurred in the history (S;,a;-1). As we can see from this equation,

43



the likehood [[,cq4ca[lvesT(s,a, s’)N;S’(gt’at’l) is a product of |S||A| independent
Multinomial? distributions over S. Hence, if we define the prior ¢ as a product of
|S||A| independent priors over each distribution over next states 7'(s, a, ), i.e. g(T) =
[T.csaca 9s.a(T(s,a,)), then the posterior is also defined as a product of [S|[A] in-
dependent posterior distributions: ¢(7|S;,a;—1) = Hses,aeA 9sa(T(s,a,-)|5, a—1),

where gs o(T'(s,a,-)|St, ar—1) is defined as:

Gea(T(5,0,)|50,Ge-1) X gea(T(s,0,)) [] T(s,a, 8) w02, (3.5)

s'esS

Furthermore, since the Dirichlet distribution is the conjugate of the Multinomial,
if the priors g5 4(7'(s, a,-)) are Dirichlet distributions for all s, a, then the posteriors
9s.a(T(s,a,-)|5t, ai—1) will also be Dirichlet distributions for all s,a. The Dirichlet
distribution is the multivariate extension of the Beta distribution and defines a prob-
ability distribution over discrete distributions. It is parameterized by a count vector
¢ = (¢1,...,0k), where ¢; > 0, such that the density of probability distribution
p = (p1,...,pxr) is defined as f(p|p) Hlepf”'_l. If X ~ Multinomialy(p, N)
is a random variable with unknown probability distribution p = (pi,...,px), and
Dirichlet(¢n, ..., ¢x) is a prior over p, then after the observation of X = n, the pos-

terior over p is Dirichlet(¢r + ny, ..., ¢ + ni). Hence, if the prior g, (7 (s,a,-)) is

1 Multinomialy(p, N) is defined by the density function f(n|p, N) o Hle p;* for

n; € {0,1,..., N} such that Zle n; = N, and parameters N € N and p a discrete
distribution over k£ outcomes
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Dirichlet(¢% ;.. ., gbg"s‘s‘), then after the observation of history (S;, a;_1), the poste-
rior gs.o(T'(s, @, -)[Se, Gu—1) is Dirichlet(¢g ,, +Ni g, (St @r-r), - - 06 NG g (5t Q1))
It follows that if ¢ = {¢¢ ,|a € A, s,s" € S} represents the set of all Dirichlet parame-
ters defining the current prior/posterior over T, then if the agent performs a transtion
(s,a,s’), the posterior Dirichlet parameters ¢ after this transition are simply defined
as:

la I a
= ¢yt 1,

(3.6)

/

Gon = O V(S 5") £ (s,0,5).
We denote this update by the function U, where U(¢, s, a, s') returns the set ¢’ as
updated in the previous equation.

Because of this convenience, most authors assume that the prior over the tran-
sition function 7" follows the previous independence and Dirichlet assumptions. We
also make such assumptions throughout this thesis.

3.2.1 Model

Now that we have an efficient way of maintaining the posterior over the unknown
transition probabilities, the remaining question is which action should the agent do
when it is in a particular state s, with posterior defined by ¢, in order to maximize
its future expected return. In other words, we seek a policy that maps extended
states of the form (s, ¢) to actions a € A, such as to maximize the long-term rewards
of the agent. If we can model this decision problem as an MDP over extended state

(s, ), then by solving this new MDP, we would find such an optimal policy. This

is exactly how we will proceed. We now show how to construct this MDP so that
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the optimal solution will be the optimal exploration-exploitation trade-off under the
current prior/posterior.

Let’s define this new MDP by the tuple (S’, A, T’, R"). As we just mentionned,
since we want the agent to find the best action a € A to perform in any ex-
tended state (s, ¢), we define the new set of state S = S x 7, where 7 = {¢ €
NISPIIY(s,a) € S x A, Y osesPiy > 0}, and A” = A. Here, the constraints on
the set 7 of possible count parameters ¢ are only to ensure the transition prob-
abilities, as defined below, are well defined. To avoid confusion we refer to the
extended states (s,¢) € S’ as hyperstates. Also note that the next information
state ¢’ only depends on the previous information state ¢ and the transition (s, a, s')
that occurs in the physical system, so that transitions between hyperstates also ex-
hibit the Markov property. Since we want the agent to maximize the rewards it
obtains in the physical system, the reward function R’ should return the same re-
wards that the agent obtains in the physical system, as defined in R. Thus we
define R'(s,¢,a) = R(s,a). It remains only to define the transition probabilities be-
tween hyperstates. The new transition function 7" must specify the transition prob-
abilities T'(s, ¢, a,s',¢') = Pr(s,¢'|s,a,$). By the chain rule, Pr(s', ¢'|s,a,¢) =
Pr(s'|s,a, ) Pr(¢'|s,a, s, ¢). Since the update of the information state ¢ to ¢’ is
deterministic, then Pr(¢’|s,a,s’,¢) is either 0 or 1, depending on whether ¢ =
U(p,5,a,s") or not. Hence Pr(¢'[s,a,s’,¢) = Iiyn(U(9, s,a,s")). By the law of to-
tal probability, Pr(s'[s,a,¢) = [Pr(s'|s,a,T,¢)f(T|¢)dT = [T(s,a,s")f(T|¢)dT,
where the integral is caried over transition function 7', and f(7T'|¢) is the proba-

bility density of transition function 7" under the posterior defined by ¢. The term
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[ T(s,a,s)f(T|¢)dT is the expectation of T'(s,a,s’) for the Dirichlet posterior de-

fined by the parameters ¢, ,.. .,qbgs‘s‘, which corresponds to 5 ¢SS’S;G . Thus it
’ ’ sle s,s"
L
follows that T/(S, Cb, a, S/, ¢/) = m[{d)/}(U(QS, S, a, S/)).

Hence we now have a new MDP with a known model that represents the
exploration-exploitation trade-off problem. By solving this MDP, we can find the
optimal exploration-exploitation strategy to follow, given any prior knowledge we
may have on the environment. This new MDP is often called Bayes-Adaptive MDP
[20] or HyperMDP [11].

Notice that while we have assumed that the reward function R is known, this
BRL framework can easily be extended to the case where R is unknown. In such case,
one can proceed similarly by using a bayesian learning method to learn the reward
function R and add the posterior parameters for R in the hyperstate. The new
reward function R’ then becomes the expected reward under the current posterior
over R, and the transition function 7" would also model how to update the posterior
over R, upon the observation of any reward r. For brevity of presentation, it is
always assumed that the reward function is known in the remainder of this thesis.
However, the frameworks we present in the following sections can be easily extended
to handle cases where the rewards are unknown, by following a similar reasoning.
3.2.2 Optimality and Value Function

The Bayes-Adaptive MDP (BAMDP) is just an MDP with a countably infinite
number of states. It follows that all the theoretical results derived for MDPs carries
to Bayes-Adaptive MDPs. Hence, we know there exists an optimal deterministic

policy 7 : 8" — A, and that its value function is defined by:
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V*(s, (b) = mMaXgeA’ R/(s, ¢, CL) + 7y Z(S’@’)ES’ T’(s’ (;5, a, 3’7 ¢/)V*(5/7 ¢/):|

¢a

(3.7)
= InaXgea R(S,a) ‘l”yzsles Wv*(s/,u(QS) S, a, S/)):| .

This value function is defined over an infinite number of hyperstates so that, in
practice, computing V* exactly for all hyperstates is infeasible. However, since the
summation over S is finite, we observe that from one given hyperstate, the agent
can only transit to a finite number of hyperstates in one step. It follows that for any
finite planning horizon ¢, one can compute exactly the optimal value function for a
particular starting hyperstate, as only a finite number of hyperstates can be reached
over that finite planning horizon.

3.2.3 Planning Algorithms

We now present some existing approximate algorithms for solving the BAMDP.

Dearden [13] proposed one of the first bayesian model-based exploration method
for RL. Instead of solving the BAMDP directly by solving Equation 3.7, the Dirichlet
distributions are used to compute a distribution over the state-action values Q*(s, a),
in order to select action that has the highest expected return and value of information
[14]. The distribution over Q-values is estimated by sampling MDPs from the pos-
terior Dirichlet distribution, and then solving each sampled MDP to obtain different
sampled Q-values. Resampling and importance sampling techniques are proposed to
update the estimated Q-value distribution as the Dirichlet posteriors are updated.

Duff [19] suggests using Finite-State Controllers (FSC) to represent compactly
the optimal policy 7* of the BAMDP and then finding the best FSC in the space of

FSCs of some bounded size. A gradient descent algorithm is presented to optimize the
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FSC and a Monte-Carlo gradient estimation is proposed to make it more tractable.
This is an approximate method, as in general the optimal policy may not have a
FSC representation.

Wang et al. [77] present an online planning algorithm that estimates the optimal
value function of the BAMDP (Equation 3.7) using Monte Carlo sampling. This
algorithm is essentially an adaptation of the Kearns et al. Sparse Sampling algorithm
[47] presented in Section 2.1.2, to BAMDPs. However instead of growing the tree
evenly by looking at all actions at each level of the tree, Wang proposes growing
the tree stochastically. The approach starts from the root node and goes down the
tree by sampling an action at state nodes, and a next state at action nodes, until it
reaches a new node that is not currently in the tree. The next states are sampled
according to the Dirichlet posterior distributions and actions are sampled according
to their likelihood of being optimal, according to their Q-value distributions (as
defined by the Dirichlet posteriors). This is achieved by sampling an MDP from the
Dirichlet distributions and then solving it to find which action has highest Q-value
for the state node being considered in the tree. However, since several MDPs must
be solved for each node expansion in the tree, this expansion strategy is very time
consuming, and thus limits the applicability of this approach to small problems.

Castro et al. [11] present a similar approach to Wang et al. However their
approach differs on two main points. First, instead of maintaining only the posterior
over models, they also maintain Q-value estimates using a standard Q-Learning
method. Then for planning, they grow a stochastic tree as in Wang et al. (but

sampling action uniformly instead) and solve for the value estimates in that tree
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using Linear Programming (LP), instead of dynamic programming. In that case, the
stochastic tree represents sampled constraints, which the value estimates in the tree
must satisfy. The Q-value estimates maintained by Q-Learning are used as value
estimates for the fringe node (thus as value constraints on the fringe nodes in the
LP).

Finally, Poupart et al. [60] proposed an approximate offline algorithm to solve
the BAMDP. Their algorithm called Beetle, is an extension of the Perseus algorithm
[72] for POMDP to the BAMDP. Essentially, at the beginning, hyperstates (s, ¢) are
sampled from random interaction with the BAMDP model. An equivalent contin-
uous POMDP (over the space of states and transition functions) is solved instead
of the BAMDP ((s, ¢) is a belief state in that POMDP). The value function is rep-
resented by a set of a-functions over the continuous space of transition functions.
Each a-function is constructed as a linear combination of basis functions. Poupart et
al. suggest using the sampled hyperstates as basis functions (considering the contin-
uous density function defined by ¢ over the space of transition functions). Dynamic
programming is used to incrementally construct the set of a-functions. At each iter-
ation, updates are only performed at the sampled hyperstates, similarly to Perseus

and other Point-Based POMDP algorithms [57].
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CHAPTER 4
Bayesian Reinforcement Learning in Partially Observable Domains

The current litterature on model-based BRL has been so far limited to fully
observables domains (MDPs). This is a considerable limitation as in many real-
world problems, the state of the system is only partially observable. Our goal here is
to show how the model-based BRL framework can be extended to handle partially
observable domains (POMDPs). In order to do so, we draw inspiration from the
Bayes-Adaptive MDP framework [20] (see Section 3.2.1), and propose an extension
of this model, called the Bayes-Adaptive POMDP (BAPOMDP). One of the main
challenge we face when considering such an extension is how to update the Dirichlet
count parameters when the state is a hidden variable. This is addressed by including
the Dirichlet parameters in the state space, and maintaining a belief state over these
parameters.

The BAPOMDP model allows an agent to improve its knowledge of the un-
known POMDP domain through interaction with the environment, and adopts an
action-selection stategy which optimally trades-off between (1) learning the model of
the POMDP, (2) identifying the unknown state, (3) and gathering rewards, such as
to maximize its future expected return. This model also offers a more natural frame-
work for reinforcement learning in POMDPs, compared to previous history-based

approaches (see Section 2.3.4).
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In this chapter, a bayesian learning approach for learning POMDP models is
first presented. From this approach, the BAPOMDP model is then introduced. Its
optimal solution and belief update equations are then derived. It is shown that com-
puting the exact optimal solution and maintaining the exact belief state (model and
state uncertainty) quickly becomes intractable as more and more experience is gath-
ered in the environment. To address these problems, two approximate solutions are
proposed. The first solution is based on the idea of approximating the BAPOMDP
model (which is an infinite POMDP) by a finite POMDP. It is shown that this
can be achieved while preserving the value function of the BAPOMDP to arbitrary
precision. This approximation of the BAPOMDP by a finite POMDP allows us to
use standard POMDP planning algorithms to near-optimally solve the BAPOMDP.
However, this solution is only applicable in very small domains, as the number of
states in this finite POMDP is exponential in the number of states in the unknown
POMDP. The second solution relies on a particle filter approximation of the belief
state of the BAPOMDP and an adaptation of current online POMDP planning al-
gorithms to the BAPOMDP. This solution is more desirable as the BAPOMDP can
be tackled directly, without reducing it to a finite model. It is also shown to be ap-
plicable on problems of similar complexity to what is currently tackled by BAMDP
methods.

4.1 Bayesian Learning of a POMDP model
In order to introduce the BAPOMDP model for sequencial decision-making

under model uncertainty in a POMDP, we first show how a POMDP model can
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be learned via a Bayesian approach, so that the agent has a way of representing the
uncertainty on the POMDP model based on its previous experience.

Let’s assume that the agent is in a POMDP (S, A, Z,T,0, R,~), where the
transition function 7" and observation function O are the only unknown components
of the POMDP model. Let z, = (z1,22,...,2) be the history of observations of
the agent at time ¢. Recall also that we denote 5, = (sg,s1,...,5) and a,_; =
(agp, a1, . ..,a;—1) the history of visited states and actions respectively. The bayesian
approach to learning 7" and O consists of starting with a prior distribution over T'
and O and maintaining the posterior distribution over 7" and O after observing the
history (a;_1, 2;). Furthermore, since the current state s, of the agent at time ¢ is
unknown in the POMDP, we consider a joint posterior g(s;, T, Ol|a;—1, z;) over sy, T'
and O. By the laws of probability and markovian assumption of the POMDP, we

have:

9(s,, T,0|ay_1,2) o< Pr(z,s]T,0,a,-1)g(T,0,a;_1)
o th,leSf Pr(z, 8|T,0,a,1)g9(T,0O)
o Do est9(50,T,0) [T, T(si1,ai 1, 8)0(8i, ai1, 2i)
% Ty et (50,7, 0) [Tl 5., ) Vo)

[Hs,a,z 0(87 a, Z)Ngz(gt,at7172t):| ’
(4.1)

where g(sg,T,0) is the joint prior over the initial state sy, transition function T
and observation function O; N%, (8, a;—1) = Zz;é I{(s,0,5)} (S @i, Sit1) is the number

of times the transition (s, a,s’) appears in the history of state-action (8, a;_1); and
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N& (84, ai-1,2) = 22:1 If(s,a,2)1(8i, @i—1, 2;) is the number of times the observation
(s,a,z) appears in the history of state-action-observations (8;, a;_1, ).
Under the assumption that the prior g(so, T, O) is defined by a product of inde-

pendent priors of the form:

g(So, T> O) = g(SO) H gsa(T(S> a, '))gsa(O(Sa a, ))7 (42)

s,a

and that ¢ (7T (s,a,-)) and gs(O(s,a,-)) are Dirichlet priors for all s, a, then we
observe that the posterior is a mixture of joint Dirichlets, where each joint Dirichlet
component is parameterized by the counts corresponding to one particular state

sequence that could have occured:

Pr(s;, T,0\a;-1,2) o< o5 cqe 9(S0)c(5, @1, Z) X
[ T(sa,8) Voo st t o (43)
[sz O(s, a, Z)st(gt,atqznw?z—l} .

Here, ¢ are the prior Dirichlet count parameters for gq,(7'(s,a,-)), %% are the
prior Dirichlet count parameters for ¢,,(O(s,a,-)), and ¢(5;,a;-1, z) is a constant
which corresponds to the normalization constant of the joint Dirichlet component
for the state-action-observation history (§;, a;_1, z;). Intuitively, Bayes’ rule tells us
that given a particular state sequence, it is possible to compute the proper posterior
counts of the Dirichlets, but since the state sequence that occured is unknown, all
state sequences (and their corresponding Dirichlet posteriors) must be considered,

with some weight proportional to the likelihood of each state sequence.
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In order to update the posterior online, each time the agent performs an action
and gets an observation, it is more useful to express the posterior recursively as

follows:

g(s¢, T, Olay—1, ) Z T(s1-1,a1-1,5:)O(8¢, a1, 20)9(81-1, T, O3, Z—1).
si—1€8
(4.4)
Hence if g(s;-1,7T,0|a1-2,%-1) = Z(¢7w)ec(5t—1) w(si-1,9,9) f(T,0|$,9) is a
mixture of |C(s;_1)| joint Dirichlet components, where each component (¢, ) is pa-
rameterized by the set of transition counts ¢ = {¢%, € N|s, s’ € S,a € A} and the
set observation counts ¢ = {¢?, € N|s € S,a € A,z € Z}, then g(s;, T, Ola;_1, z;) is

a mixture of [[ ¢ |C(s)| joint Dirichlet components :

9(5t7T70‘at—175t) X Zst7165 Z(¢7¢)EC(St—1) w(St_1,¢, ¢)C(8t—17at—178t7zt—17¢7w>

f(Ta O|u(¢a St—1, Ag—1, St)au(@D» Sty At—1, Zt))a
(4.5)

where U(¢, s, a, ') increments the count ¢%,, by one in the set of counts ¢, U(1), s, a, 2)
increments the count ¥% by one in the set of counts v, and ¢(s;_1, a;_1, S¢, 2-1, ¢, V)
is a constant corresponding to the ratio of the normalization constants of the joint
Dirichlet component (¢, 1) before and after the update with (s;_1,a;_1, ¢, z,—1). This
last equation gives us an online algorithm to maintain the posterior over (s,T,0),

and learn about the unknown 7" and O via a bayesian method.
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4.2 Bayes-Adaptive POMDP

Now that we have a way to maintain the uncertainty over both the state and
model parameters, we would like to address the more interesting question of how to
optimally behave in the environment under such uncertainty, such as to maximize
future expected return. Here we proceed similarly to the Bayes-Adaptive MDP
framework defined in Section 3.2.1.

First notice that the posterior g(s;, T, Ol|a;_1,%;) can be seen as a probability
distribution (belief) b over tuples (s, ¢, 1), where each tuple represents a particular
joint Dirichlet component parameterized by the counts (¢,1) for a state sequence
ending in state s (i.e. the current state is s), and the probabilities in the belief b
correspond to the mixture weights. Here, we would like to find a policy 7 for the
agent which maps such beliefs over (s, ¢, 1) to actions a € A. This suggests that the
sequential decision problem of optimally behaving under state and model uncertainty
can be modeled as a POMDP over hyperstates of the form (s, ¢, ). This is exactly
how we proceed to define the BAPOMDP.

Consider the new POMDP (5", A", Z', P', R"). As was just mentionned, the new
states (hyperstates) are tuples of the form (s, ¢, %) and the actions performed by the
agent should be actions that the agent can do in the original POMDP. Hence the
set of hyperstates is defined as §' = S x T x O, where T = {¢ € N*PIA|y(s a) €
Sx AN g9ty >0} and O = {¢ € N¥IAIZI(s,a) € S x A, > _, 92 > 0}, and
the new set of actions A’ = A. As in the definition of the Bayes-adaptive MDP, the
constraints on the count parameters ¢ and ¢ are only to ensure that the transition-

observation probabilities, as defined below, are well defined. The observations that
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the agent observes are the same that are observed in the original POMDP, so the
new set of observations 7’ = Z. The rewards the agent obtains should correspond to
the rewards the agents gets in the original POMDP, which depends only on the state
s € S and action a € A (but not the counts ¢ and 1), thus the new reward function
is defined by R'(s, ¢,1%,a) = R(s,a). The transition and observations probabilities in
the BAPOMDP are going to be defined by a joint transition-observation function P’ :
S'x A'x S'x 7" — [0,1], such that P'(s, ¢, v, a,s',¢' ' 2) = Pr(s', ¢/, z|s, 0,1, a).
This joint probability can be factorized as follows by using the laws of probability

and standard independence assumptions:

Pr(S/’ ¢/7 w/7 Z|S? ¢’ ,l7b7 a’)
= Pr(8,|s7 ¢7 ¢7 a) Pr(z|s7 ¢7 ¢7 a/7 S/) Pr(qb/‘(s? ¢7 w’ a? 8,7 Z) Pr(¢,‘87 ¢7 w’ a? 8,7 ¢/7 Z)

= Pr(d|s,a, o) Pr(z|a, s, v) Pr(¢'|¢, s, a, ") Pr(¥'|i), a, s, 2).
(4.6)

As in the Bayes-Adaptive MDP case, Pr(s'|s, a, ¢) corresponds to the expecta-
tion of Pr(s'|s, a) under the joint Dirichlet posterior defined by ¢, and Pr(¢'|¢, s, a, s)

is either 0 or 1, depending on whether ¢’ corresponds to the posterior after ob-

a
¢°,
Zs”es ¢§S// ’

Pr(¢/|¢, s, a,8") = Iy (U(¢, 5, a,8)). Similarly, Pr(z]a, s',) = [ O(s',a, 2) f(O[¢)dO,

serving transition (s,a,s’) from prior ¢. Hence Pr(s'|s,a,¢) = and

which is the expectation of the Dirichlet posterior for Pr(z|s', a), and Pr(¢/[1), a, ¢, z)

is either 0 or 1, depending on whether ¢’ corresponds to the posterior after ob-

a
/ll}S/Z
Zz/ez 1/’:/Z/ ’

Pr(¢'|v,a,s' z) = Iyn(U@, ' a,2)). To simplify notation, we denote T(f)“s’ =

serving observation (s',a,z) from prior ¢. Thus Pr(z|a, s’ v) = and
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Zs”es d)(;s// - Zz’ezwglz/‘

probabilities in the BAPOMDP are defined by:

It follows that the joint transition-observation

Pr(s/’ ¢/’ ¢/’ Z|s7 ¢7 w’ a’)
= T30y Ity (U6, 5,0, ) Iy (U, o', a, 2)).
Hence, the BAPOMDP defined by the POMDP (5", A", Z’, P', R') has a known

(4.7)

model and characterizes the problem of optimal sequential decision-making in POMDP
(S, A, Z,T,0, R) with uncertainty on the transition 7" and observation functions O
described by Dirichlet distributions.

An alternative interpretation of the BAPOMDP is as follows: given the un-
known state sequence that occured since the beggining, one can compute exactly the
posterior counts ¢ and 1. Thus there exists a unique (¢,1)) reflecting the correct
posterior counts according to the state sequence that occured, but these correct pos-
terior counts are only partially observable through the observations z € Z obtained
by the agent, similarly to the current hidden state s € S of the agent. Thus (¢, ¢) can
simply be thought as other hidden state variables that the agent tracks via the belief
state, based on its observations. The BAPOMDP formulates the decision problem
of optimal sequential decision-making under partial observability of both the state
s € S, and posterior counts (¢,1)).

The belief state in the BAPOMDP corresponds exactly to the posterior defined
in the previous section (Equation 4.3). By maintaining this belief, the agent main-
tains its uncertainty on the POMDP model and learns about the unknown transition

and observations functions. Initially, if ¢y and g represent the prior Dirichlet count
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parameters (i.e. the agent’s prior knowledge of 7" and O), and by the initial state
distribution of the unknown POMDP, then the initial belief b of the BAPOMDP is
defined as by (s, @, 1) = bo(s)L (46} (@)1 {3 (). Since the BAPOMDP is just a POMDP
with an infinite number of states, the belief update and value function equations pre-
sented in Section 2.2.1 can be applied directly to the BAPOMDP model. However,
since there are infinitely many hyperstates, these calculations can be performed ex-
actly in practice only if the number of probable hyperstates in the belief is finite.
The following theorem shows that this is the case at any finite time ¢:

Theorem 4.2.1. Let (S', A, Z, P', R',~) be a BAPOMDP constructed from the POMDP
(5,A,Z,T,0,R,v). If S is finite, then at any timet, the set Sy, = {0 € S'|bj(o) > 0}

has size | Sy, | < [S|"*.
Proof. Proof available in Appendix A. O

The proof of this theorem suggests that it is sufficient to iterate over S and S/, )
-
in order to compute the belief state b, when an action and observation are taken in

the environment. Hence, Algorithm 1 can be used to update the belief state online.

Algorithm 1 Exact Belief Update in BAPOMDP.
function 7(b,a, z)
Initialize b’ as a 0 vector.
for all (s,¢,v) € S; do
for all s € S do
qb, N u(¢> S, a, 3,)
W —U, 5 a,z2)
b/(S,, ¢/’¢/) - b/(S/, Qb,,?f),) + b(S, QS,?/))T(Z%/O;ZIGZ
end for
end for
return normalized b’
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The value function of a BAPOMDP for finite horizons can be represented by a
finite set I' of functions o : " — R, as in standard POMDP. This is shown formally
in the following theorem:

Theorem 4.2.2. For any horizon t, there exists a finite set I'y of functions S — R,

such that V;*(b) = maxaer, Y, cq (0)b(0).
Proof. Proof available in Appendix A. O

The proof of this theorem shows that as in a POMDP, an exact solution of
the BAPOMDP can be computed using dynamic programming, by incrementally
constructing the set of a-functions that defines the value function as follows (see [44]

for more details):

Iy = A{a%a’(s,¢,9) = R(s,a)},
LY = {af|af™(s,0,9) = 7 Xyes T3 O al(s', U, 5,0, 8), U, 5", a, 2)),

Oé; - Ft—l};
ry = olP?olf? .- @l (where @ is the cross sum operator),
Pt = UaeA F?

(4.8)

However, in practice, it will be impossible to compute a;"*(s, ¢, ¥) for all (s, ¢, 1) €
S’, unless a particular finite parametric form for the a-functions is used. Hence, the
next section shows that the infinite state space can be reduced to a finite state space,
while still preserving the value function to arbitrary precision for any horizon ¢. This
yields an approximate finite representation of the a-functions, that can achieve any

desired precision.
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4.3 Finite Model Approximation

Solving the BAPOMDP exactly for all belief states is impossible in practice due
to the dimensionnality of the state space (in particular to the fact that the count
vectors can grow unbounded). The first proposed method to address this problem
is to reduce this infinite state space to a finite state space, while preserving the
value function of the BAPOMDP to arbitrary precision. This allows us to compute
an e-optimal value function over the resulting finite-dimensionnal belief space using
standard POMDP techniques.

The main intuition behind the compression of the state space presented here
is that, as the Dirichlet counts grow larger and larger, the transition and observa-
tion probabilities defined by these counts do not change much when the counts are
incremented by one. Hence, there should exist a point where if we simply stop in-
crementing the counts, the value function of that approximate BAPOMDP (where
the counts are bounded) approximates the value function of the BAPOMDP within
some € > 0. If we can bound above the counts in such a way, this ensures that the
state space will be finite.

In order to find such a bound on the counts, we begin by deriving an upper bound
on the value difference between two hyperstates that differ only by their model es-
timates ¢ and . This bound uses the following definitions: given ¢, ¢’ € 7, and
V.9 € O, define DY, ¢') = Y yes [T5% — T3], DF(0,0) = 3.1 |03 — O3
NG* = ges Vo and NGT =37 /..

Y

61



Theorem 4.3.1. Given any ¢,¢' € T, 1, ¢" € O, and v € (0,1), then for all t:
sup Jau(s, 6, 1) — ay(s, ¢/, 0| < DAL= [Dg(6,¢) + Dy (v, ¢)

sup
atel,seS s,8'€S,a€A

4 4 Zs”es ¢§S//_¢;Z// + EZGZ wz’z_wg;z
(=) \ AVGHDWVGHD) T VW) ) |

Proof. Proof available in Appendix A. O

We now use this bound on the a-vector values to approximate the space of

Dirichlet parameters within a finite subspace. We use the following definitions: given

1 Q=2 _ e(1=y)?In(y"°) € _ ISIA+e) 1
any € > 0, define ¢ = SRS € = — SR N§ = max -, — 1) and

N§ = max (LKI,“/) - 1).
Theorem 4.3.2. Given any € > 0 and (s,¢,v) € S" such that Ja € A, s € S,
./\/:;/“ > N§ or ./\/;Z/“ > Ng, then (s, @', ') € S" such that Va € A, s' € S, N35* < N§

and N3* < Ng where |oy(s, ¢,0) — au(s, ¢',1)")| < € holds for all t and oy € T,.
Proof. Proof available in Appendix A. O

Theorem 4.3.2 suggests that if we want a precision of € on the value function,
we just need to restrict the space of Dirichlet parameters to count vectors ¢ € 7, =
{¢p e NFFMIlVa € A5 € 5,0 < N3* < Ngtand ¢ € O, = {¢ e NSIMIZllvg € A, s €
S,0 < Nj* < Ng}. While an argument based on the discount factor could easily
be made to bound the counts based on a particular prior (in which case the bound
would depend on the prior counts plus some constant), the previous bound do not
depend on the prior at all. This is convenient as it will allow us to solve one finite
POMDP and use its solution to define a (near-)optimal policy for any prior we may

want to choose afterwards.
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Since 7, and O, are finite, we can define a finite approximate BAPOMDP as
the tuple (S., A, Z,T., O, R,~) where S. = S x 7. x O, is the finite state space.
To define the transition and observation functions over that finite state space, we
need to make sure that when the count vectors are incremented, they stay within
the finite space. To achieve, this we define a projection operator P, : S" — S. that
simply projects every state in S’ to their closest state in S..

Definition 4.3.1. Let d: S" x S — R be defined such that:
T s [Dg(6.¢) + Dy(, 1)

s,8'€S,a€A Zf 5 — S,
d , /’ /’ N — 4 ZSHES‘(sz”_(b:;”‘ EZEZ‘w:/z_w:%J
(87 ¢7 w S ¢ ,l7b ) +1n(“/76) (Ngs“l'l)(Ng/S‘l'l) + (Ngsl-‘rl)(NlZ‘,s,-‘rl) 9
8[| Rl oo 4 2||Rlloo ;
\ (vl_w (1:1— m(fe)) + = otherwise.
Definition 4.3.2. Let P. : S" — S, be defined as P.(s) = argmin d(s, s")
s'eS.

The function d uses the bound defined in Theorem 4.3.1 as a distance between
states that only differ in their ¢ and ¢ vectors, and uses an upper bound on that
value when the states differ. Thus P. always maps states (s,¢,1) € S’ to some
state (s,¢',4’) € S.. Note that if ¢ € S,, then P.(¢) = o. Using P,, the joint

transition-observation function is defined as follows:

P.(s,¢,1,a,s ¢ ), z) = T;“S,OZ“ZI{(S/WW)}(736(8/,Ll(qb, s,a,8), U, s a,z))).
(4.9)
This definition is the same as the one in the BAPOMDP, except that now an
extra projection is added to make sure that the incremented count vectors stay in S,.
Finally, the reward function R, : S, x A — R is defined as R.((s, ¢,v),a) = R(s,a).
The finite POMDP (55, A, Z P, }ée) can thus be used to approximate the original
BAPOMDP model.
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Theorem 4.3.3 bounds the value difference between a-vectors computed with
this finite model and the a-vectors computed with the original model.
Theorem 4.3.3. Given any ¢ > 0, (s,¢,¢) € S and o € T’y computed from
the BAPOMDP. Let &y be the a-vector representing the same contingency plan as
oy but computed with the finite POMDP (S., A, Z, P., R.,v), then |G (P.(s, ¢,1)) —
(s, 0,0)| < 15

Proof. Proof available in Appendix A. O

Because the state space is now finite, offline solution methods from the literature
on finite POMDPs could potentially be applied. However, even though the state
space is finite, it will generally be very large for small €, such that it may still
be intractable, even for small domains. Hence in the next two sections, a more
tractable alternative approach is presented. This approach solves the BAPOMDP
online, by trying only to find the best immediate action to perform in the current
belief of the agent, as in online POMDP solution methods (Section 2.2.2). The
advantage here is that no finite approximation of the state space is required in this
approach. However, because maintaining the exact belief in the BAPOMDP becomes
intractable (exponential in the history lenght, as shown in Theorem 4.2.1), several
polynomial-time approximations of the belief update computations are proposed.
These polynomial-time approximations of the belief are leveraged in the proposed
online planning algorithm, in order to efficiently compute beliefs that may be reached
in the future from the current belief of the agent. The different approximate belief
monitoring algorithms are presented in the next section and then the online planning

algorithm is introduced afterwards.
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4.4 Approximate Belief Monitoring

As shown in Theorem 4.2.1, the number of states with non-zero probability
grows exponentially in the current time, thus exact belief monitoring can quickly
become intractable. We now discuss different particle filter approximations that
allow polynomial-time belief tracking.

Monte Carlo sampling: Monte Carlo sampling algorithms have been widely
used for sequential state estimation [17]. Given a prior belief b, followed by ac-
tion a and observation z, the new belief ' is obtained by first sampling K states
from the distribution b, then for each sampled s a new state s’ is sampled from
T(s,a,-). Finally, the probability O(s’,a, z) is added to b'(s’) and the belief O is
re-normalized. This will capture at most K states with non-zero probabilities. In
the context of BAPOMDPs, we use a slight variation of this method, where (s, ¢, 1))
are first sampled from b, and then a next state s € S is sampled from the conditional
distribution Pr(s'|s, ¢,v,a,z) o T, ;“SIO;'“Z. The probability 1/K is added directly
to O/ (s, U(p, s,a,s"), U1, s, a,z)).

Most Probable: Another possibility is to perform the exact belief update at
a given time step, but then only keep the K most probable states in the new belief
b and renormalize ¥'. This minimizes the L; distance between the exact belief ¥/
and the approximate belief maintained with K particles! . While keeping only the

K most probable particles biases the belief of the agent, this can still be a good

! The L, distance between two beliefs b and ¥/, denoted ||b — V||, is defined as

Y oes [b(o = V(o)
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approach in practice as minimizing the L; distance bounds the difference between
the values of the exact and approximate belief: i.e. [V*(b) —V*(V)| < HR”"" [|b—"b']];.
Weighted Distance Minimization: A potentially better way to minimize
the difference in value function between the approximate and exact belief state is to
use the tighter upper bound on the value difference defined in the previous section.
Hence, in order to keep the K particles which best approximate the exact belief’s
value, an exact belief update is performed and then the K particles which minimize a
weighted sum of distance measures, where distance is defined as in Definition 4.3.1,
are kept to approximate the exact belief. A greedy approximate algorithm that
achieves this is described in Algorithm 2. Again, this procedure biases the belief,

but may yield better performance in practice.

Algorithm 2 Weighted Distance Belief Update in BAPOMDP.

function WD(b,a, z, K)

b — 7(b,a,z)

Initialize b” as a 0 vector.

(s,¢,1) — ArgMAax (s o/, y1)es!, V(s ¢ ).

b”(s7 qba d)) — b,(Sv ¢7 1/})

for i =2 to K do
(S, qb, 1[)) — argmax(slw P’ ES’ v ( (JS/ ¢/) min(S”,¢",¢")€S£// d(S/, qb', 1[),, S”, qb”, Qﬁ”)
V' (s, 6,0) — V(s,6,1)

end for

return normalized b”

4.5 Online Planning

While the finite model presented in Section 4.3 can be used to find provably near-
optimal policies offline, this will likely be intractable in practice due to the very large
state space required to ensure good precision. Instead, we turn to online lookahead

search algorithms, which have been proposed for solving standard POMDPs [55].
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Our approach simply performs dynamic programming over all the beliefs reachable
within some fixed finite planning horizon from the current belief. The action with
highest return over that finite horizon is executed and then planning is conducted
again on the next belief. To further limit the complexity of the online planning
algorithm, the approximate belief monitoring methods detailed above are used to
compute reachable beliefs. The overall complexity is in O((|A||Z|)PCy) where D is
the planning horizon and Cj, is the complexity of updating the belief. Algorithm 3

describes the planning algorithm in detail.

Algorithm 3 Online Planning Algorithm for BAPOMDP.

function V (b, d, k)
if d =0 then
return 0
end if
max@Q «— —oo
for all a € A do
q < R(b,a)
for all z € Z do
b’ < PARTICLEFILTER(b, a, 2, k)
q— q+~Pr(zlb,a)V (¥, d—1,k)
end for
if ¢ > mazx@ then
mazx@) — q
marA «— a
end if
end for
if d =D then
a < maxrA
end if
return max@

~

At each step, the agent computes V' (b, D, K) for its current belief b and then

executes the action a stored by the algorithm. In the previous algorithm, R(b,a)
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corresponds to the expected immediate reward obtained by doing action a in be-
lief b, i.e. R(b,a) = Z(s,qs,w)esg, b(s, p,)R(s,a), and Pr(z|b,a) corresponds to the

probability of observing z after doing action a in belief b:

Pr(zlb,a) =Y Y T;"05%b(s, ¢, 1) (4.10)

s'€S (s,p,0h)€S]

PARTICLEFILTER(), a, z, k) calls the chosen approximate belief monitoring algorithm
(e.g. Algorithm 2) and returns an updated belief with k& particles.
4.6 Experimental Results

We begin by evaluating the different belief approximations introduced above.
To do so, we use a simple online D-step lookahead search, and compare the over-
all expected return and model accuracy in two different problems: the well-known
Tiger [44] and a domain called Follow [63]. Given T'(s,a,s") and O(s', a, z) the exact
probabilities of the (unknown) POMDP, the model accuracy is measured in terms of
the weighted sum of L; distance, denoted W L1, between the exact model and the

probable models in a belief state b:

WLLD) = 3 40es; 05, &, ¥) L1, )

LU Y) = Pea Loves [2ees [ TE™ = Ts,a,8)|+ 32,4105 — O(s', a, 2)]]
(4.11)

4.6.1 Tiger

In the Tiger problem [44], we consider the case where the transition and re-
ward parameters are known, but the observation probabilities are not. Hence,
there are four unknown parameters: Op;, Op,., Og;, Og, (O, stands for Pr(z =

hear_right|s = tiger_Left,a = Listen)). We define the observation count vector
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Y = [Yr1, Ve, Yri, Yre]. We consider a prior of ¢y = [5,3,3,5], which specifies an
expected sensor accuracy of 62.5% (instead of the correct 85%) in both states. Each
simulation consists of 100 episodes. Episodes terminate when the agent opens a door,
at which point the POMDP state (i.e. tiger’s position) is reset, but the distribution
over count vectors is carried over to the next episode.

Figures 4-1 and 4-2 show how the average return and model accuracy evolve
over the 100 episodes (results are averaged over 1000 simulations), using an online 3-
step lookahead search with varying belief approximations and parameters. Returns
obtained by planning directly with the prior and exact model (without learning)
are shown for comparison. Model accuracy is measured on the initial belief of each
episode. Figure 4-3 compares the average planning time per action taken by each
approach. We observe from these figures that the results for the Most Probable
and Weighted Distance belief update approximations are very similar and perform
well even with few particles (lines are overlapping in many places, making Weighted
Distance results hard to see). On the other hand, the performance of the Monte
Carlo approximation is significantly affected by the number of particles and requires
many more particles (64) to obtain an improvement over the prior. This may be due
to the sampling error that is introduced when using fewer samples.

4.6.2 Follow

Next we consider the POMDP domain, called Follow, inspired by an interactive
human-robot task [63]. It is often the case that such domains are particularly suscep-
tible to parameter uncertainty (due to the difficulty in modelling human behavior),

thus this environment motivates the utility of Bayes-Adaptive POMDPs in a very
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practical way. The goal of the Follow task is for a robot to continuously follow one
of two individuals in a 2D obstacle-free area. The two subjects have different motion
behaviors, requiring the robot to use a different policy for each. At every episode,
the target person is selected randomly with Pr = 0.5 (and the other is not present).
The person’s identity is not observable (except through their motion). The state
space has two features: a binary variable indicating which person is being followed,
and a position variable indicating the person’s position relative to the robot (5 x 5
square grid with the robot always at the center). Initially, the robot and person
are at the same position. Both the robot and the person can perform five motion
actions { NoAction, North, Fast, South, West}. The person follows a fixed stochas-
tic policy (stationary over space and time), but the parameters of this behavior are
unknown. The robot perceives observations indicating the person’s position relative

to the robot: {Same, North, East, South, West,Unseen}. The robot perceives the
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correct observation with probability 0.8 and Unseen with probability 0.2. The re-
ward R = +1 if the robot and person are at the same position (central grid cell),
R = 0 if the person is one cell away from the robot, and R = —1 if the person is two
cells away. The task terminates if the person reaches a distance of 3 cells away from
the robot (i.e. the person exits the 5 x 5 square grid), also causing a reward of -20.
We use a discount factor of 0.9.

When formulating the BAPOMDP, the robot’s motion model (deterministic),
the observation probabilities and the rewards are assumed to be known. We maintain
a separate count vector for each person, representing the number of times they move
in each direction, Le. ¢! = [0k 4 Bk, b, Ok, O], 6 = [0 a, % 0%, 02, 6% ). We
assume a prior ¢} = [2, 3, 1,2, 2] for person 1 and ¢2 = [2, 1, 3, 2, 2] for person 2, while
in reality person 1 moves with probabilities [0.3,0.4,0.2,0.05,0.05] and person 2 with
probabilities [0.1,0.05,0.8,0.03,0.02]. We run 200 simulations, each consisting of 100
episodes (of at most 10 time steps). The count vectors’ distributions are reset (to the
prior) after every simulation, and the target person is (randomly) reset after every
episode. We use a 2-step lookahead search for planning in the BAPOMDP.

Figures 4-4 and 4-5 show how the average return and model accuracy evolve
over the 100 episodes (averaged over the 200 simulations) with different belief ap-
proximations. Figure 4-6 compares the planning time taken by each approach. We
observe from these figures that the results for the Weighted Distance approximations
are much better both in terms of return and model accuracy, even with fewer par-
ticles (16). Monte Carlo fails at providing any improvement over the prior model,

which suggests it would require many more particles. Running Weighted Distance
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with 16 particles requires less time than either Monte Carlo or Most Probable with 64
particles, showing that it can be more time efficient and provide better performance
in this environment, despite the additional cost of computing the distance metric in
Algorithm 2.
4.7 Discussion

The main contribution of this chapter is the presentation of a new mathematical
model, the BAPOMDP, which allows an agent to act (near-)optimally under state
and model uncertainty, while simultaneously learning about the unknown /uncertain
POMDP model parameters. This novel framework extends current research in
Model-Based Bayesian Reinforcement Learning to partially observable domains. The
main practical issue with this framework is the computational complexity of moni-
toring the belief state and planning the best action to execute. Our proposed particle
filter algorithms for maintaining the belief and online planning algorithm provide a

novel tractable approximate solution to the BAPOMDP that can be computed in
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polynomial-time. This algorithmic solution allows to trade-off between solution qual-
ity and computation time by changing the number of particles K and the planning
horizon D. Finally, another theoretical contribution is the presentation of a finite
POMDP approximation of the BAPOMDP model, which could also be adapted to
the Bayes-Adaptive MDP, in order to approximate it by a finite MDP.

However, the online planning algorithm is relatively inefficient as it must explore
all future sequences of D actions and observations. It would be possible to make it
more efficient by adopting heuristic search methods similar to other online planning
algorithms for POMDPs (Section 2.2.2). However, these methods rely on informative
lower and upper bound computed offline, and we haven’t yet found an efficient way
of computing such bounds on the BAPOMDP’s value function. Thus, this could be
an important area for future research.

Another avenue for future research is to generalize the current framework to
the case where the number of states is unknown. Since the states are not observed,
knowning the number of states is a strong assumption in practice. In the case
where the number of states is unknown, we believe that Dirichlet Process priors and
posteriors could be used to learn the transition and observation dynamics [2].

Finally, it would also be useful to analyse the convergence of the posterior dis-
tribution over models. One issue in partially observable domains is that there may
be several different models (in terms of state dynamics) which produce the same
action/observation sequences with the same probabilities. This implies that if these
models all have equal likelihood in the prior, then the posterior may converge to-

wards a multimodal distribution, with a mode for each undistinguishable model.
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While this doesn’t pose any problems for predicting future observation sequences,
it causes some problems in terms of predicting future rewards, as these depend on
the state dynamics, which may vary between these undistinguishable models. We
believe such problems can be overcome if the rewards are part of the observations
and the reward model is learned at the same time, however more analysis may be

needed here.

76



CHAPTER 5
Bayesian Reinforcement Learning in Continuous Domains

The previously presented frameworks for model-based BRL, the BAMDP and
BAPOMDP, are only applicable in domains described by finite sets of states, actions
and observations, as the Dirichlet can only be used as a posterior over discrete distri-
butions. This is an important limitation in practice as many practical problems are
naturally described by continuous states, continuous actions and continuous observa-
tions. For instance, in robot navigation problems, the state is normally described by
continuous variables such as the robot’s position, orientation, velocity and angular
velocity; the choice of action controls the forward and angular acceleration, which are
both continuous; and the observations provide a noisy estimate of the robot’s state
based on its sensors, which would also be continuous. Our goal in this chapter is to
present an extension of the model-based BRL framework that can handle domains
that are both partially observable and continuous. To achieve this, we propose an
adaptation of the BAPOMDP framework presented in Chapter 4 to handle domains
described by continuous states, continuous actions and continuous observations. The
proposed approach involves using a bayesian technique to learn the unknown param-
eters of a particular continuous parametric distribution specifying the transition and
observation dynamics of the system. For simplicity of presentation, we focus here on
the case where these parametric distributions are multivariate Gaussian distributions

with unknown mean vector and covariance matrix. However, the framework can be
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easily extended to other families of distributions or more complex models, such as a
mixture of Gaussian model.

In this chapter, we first present the parameterized form of the continuous POMDP
model used in this chapter, and describe how to learn this parameterized form with
a bayesian learning approach. From this approach, the Bayes-Adaptive Continuous
POMDP model (BACPOMDP) is then introduced. However, its optimal solution
and belief update equations are shown to be integrals with no known closed-form so-
lutions. A Monte Carlo integration approach is proposed to approximately maintain
the belief and find an approximate solution. This Monte Carlo approach is essentially
an adaptation of the Monte Carlo particle filter and online planning algorithm for
solving the BAPOMDP model (Sections 4.4 and 4.5), to the BACPOMDP model.
5.1 Continuous POMDP

In a continuous POMDP, the set of states S C R™, set of actions A C R™ and
set of observations Z C RP are all continuous and possibly multidimensional. It
is assumed here that m, n and p are finite and A is closed and bounded' . The
transition function 7" specifies the probability density function (p.d.f.) T'(s,a,s’) =
f(s'|s,a) € [0,00] over the next state s’ € S for any current state s and action a
executed by the agent, such that [, T(s,a,s')ds' =1 for all s € S, a € A. Similarly,
the observation function O specifies the p.d.f. O(s,a,2) = f(z|¢',a) € [0,00] over

the observations z € Z obtained by the agent for any state s’ and previous action a.

! The constraints on A are to ensure existence of an optimal solution within A. It
is not necessary for S and Z to be closed or bounded.
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It is assumed in this chapter that the functions 7" and O are defined through a

Gaussian model of the following form:

St = GT(St—bat—l,Xt) Xy~ Nk(,UX> ZX), (5'1)

2t = GO(St,CLt—hY;&) Y, ~ Nl(,uYa 2Y)7
where s;, a; and 2, represent the state, action and observation at time ¢, X; € R* and
Y, € R! are Gaussian noise vector random variables, G is a function that returns
the next state (given the previous state, previous action and gaussian noise), and Go
is a function that returns the observation (given the current state, previous action
and gaussian noise). It is assumed in this chapter that Gps.(z) = Gr(s,a,2) is a
1-1 mapping from R¥ to S, for all s € S, a € A, such that the inverse G;‘l&a(s’)
exists; and that Goysq(y) = Go(s,a,y) is a 1-1 mapping from R’ to Z, for all s € S,
a € A, such that Gg‘l&a(z) exists. These two assumptions are satisfied by any linear
Gaussian model, including the basic additive Gaussian noise model, as well as some
nonlinear Gaussian models.

In a continuous POMDP, the belief state is a p.d.f. over S and can be updated

via Bayes’ rule, using an equation similar to Equation 2.13:

1

(Zt |bt—1, at—l)

O as 1, =) / T(s,ar 1, o r(s)ds,  (5.2)
S

bi(s") = 7

where:

f(ze|bi1,ai1) :/O(s’,at_l,zt)/T(s,at_l,s’)bt_l(s)dsds’, (5.3)
s S

is the probability density of observing z; after doing action a;_; in belief b;_;.
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Similarly the optimal value function is obtained via an equation similar to Equa-

tion 2.16:

acA

V*(b) = max [ /S b(s)R(s, a)ds + /Z Feb )V (r(ba, 2))dz| . (54)

5.2 Bayesian Learning of a Continuous POMDP

In order to introduce the Bayes-Adaptive Continuous POMDP framework for
model-based BRL in a continuous POMDP of the form presented in the previous
section, we first show how the model of a standard continuous POMDP can be
learned via a bayesian approach.

Let’s assume that the agent is in a continuous POMDP as defined in the pre-
vious section, where the mean vectors (ux, py) and covariance matrices (Xx, 3y)
of the Gaussian noise random variables X and Y are the only unknown parame-
ters of the continuous POMDP (i.e. Gr and G are assumed to be known func-
tions). Recall that we denote s, = (s, s1,...,58), a1 = (ag,as,...,a,_1) and
Z, = (z1,22,...,2) the history of visited states, actions and observations respec-
tively. Our goal is to learn (ux,¥x) and (uy, Xy ) using a bayesian approach from
the history of actions and observations (a;_1, z;). First notice that the posterior dis-
tribution g(s;, px, Xx, iy, Ly |a;_1, Z) over the hidden state s; and unknown mean

and covariance parameters (px,Xx, fly, 2Ly ) can be expressed as follows:

9(se, pix, Bx, oy, By la-1,2) = [g0 f(5e, px, Bx, pry, By [G—1, Z)d5e

= fst g(hx, Xx, py s By |8e, G-, Z) f (8¢ @1, 2)d5p
(5.5)
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The term f(5;]a;—1, z;) is proportional to the likelihood of state-observation sequence

(8¢, Z;) under the prior g(pux, Xy, py, Ly) for the given action sequence a; 1:

f(5]ai—1, Z) OC/f(gt,Et\,ux,EX,/W,Eyadt—l)g(ﬂxaExaﬂy,zy)d(/ix,zx,,uy,EY),
(5.6)

while the previous term, g(px, Xx, fty, 2y |St, @41, Z;), corresponds to the poste-

rior over (uyx, Xx, iy, 2y ) given a known state-action-observation sequence defined

by (8¢, a;—1, z;). This posterior can be defined as follows:

9(px, Xx, py, Xy |8, G—1, Z)

= f(5¢, Z|@s—1, px, Xx, py, By ) 9(px, Xx, pry, Zy)

= g(ux. Sx, iy, By) TTiey f(silai, sio1s px, Sx) f (zil 86 a1, py, Sy) - (5.7)
= glux, Sx, py, Sy) TTi, fx(G;F‘lsHﬂH (si)ltxs 2x) I rys; 1051 (80)

fY(G5|15i7ai,1 (ZZ) |IUY> ZY)JO\Si,ai71 (ZZ) )

where Jr(;4(s") is the Jacobian® of G;‘l&a evaluated at s, Jojsq(2) is the Jaco-
bian of Ga‘lw evaluated at z, fx(z|px,>Xx) is the multivariate gaussian density
function parameterized by mean px and covariance Xy evaluated at z, similarly
for fy(y|lpy,Xy), and g(ux,Xx, py, Xy) is the prior density on the parameters

(:uXa ZX) My, ZY)

2 The Jacobian of a function f : R¥ — R¥ is defined by taking the absolute value

of the determinant of the & x k Jacobian matrix J, where element J;; = gf_.
J
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Let’s denote G (54, ;1) = (G;\lsg,ao(sl)’ e G;ﬁ&flvatfl(st)), the history of val-
ues taken by the random vector X for sequence (5;,a; 1), and G51(§t,&t_1, Z) =
(Gl g (Z1)s s Gafﬁﬂtil(zt)), the history of values taken by the random vector Y
for sequence (5;,a;_1, z;). Under the assumption that g(ux, Xx, iy, 2y ) factorizes as
a product of two independent priors, i.e. g(ux,>x, iy, 2y ) = gx (px, Xx) gy (1y, Xy ),

then we obtain that:

9(ux, Xx, py, Xy |5¢, Gy-1, Zt)
= gx(px, 2x|Gr (3e, -1, %)) gy (i, Sy |G o (5, Gy-1, 21)) (5.8)
[Ty Trisi vae 2 (50) J0jsi.as 1 (24)-
The terms gx (ux, Yx|G7' (51, @1, %)) and gy (uy, Xy |Go' (31, i1, %)) are posteri-
ors over the mean and covariance parameters of a multivariate gaussian distribution,
given observations coming from that gaussian distribution. A standard result in
Bayesian statistics [15] says that the conjugate family of a normal distribution with
unknown mean and covariance matrix is the normal-inverse-Wishart distribution,
i.e. if the prior g(px,Xy) is a normal-inverse-Wishart distribution, then given the
random sample X; = x1, Xo = 29, ..., X; = x, the posterior g(uy, Xx|z1,...,2¢) is
also normal-inverse-Wishart.
The normal-inverse-Wishart prior/posterior distribution can be parameterized
by three parameters which can be easily updated: the sample size n, the sample

mean /i, and the sample covariance matrix 3; and defines a distribution over (u, %)
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of the form: $7' ~ Wishart(-2x5"", n—1)% , u|S ~ N(j1, /n). Thus starting with
a normal-inverse-Wishart prior parameterized by (ny, ﬂo,io), the normal-inverse-
Wishart posterior after ¢ 4+ 1 observations, parameterized by (1741, fli11, iHl), can

be computed online as follows:

N1 = e+l

~ o neg 1

Hiyr = oot + 3Tl (5.9)
S _ om—ly 1 ~ ~\T

Yppr = X4 g (T — ) (@ — )

where ;.1 is the observation at time t+1. We will denote this update by the function
U, such that (ng1, g1, ﬁ)tﬂ) =U(ny, [, S, x41) as defined in the equation above.

By looking back at Equation 5.5 and putting it all together, we observe that if
we choose normal-inverse-Wishart priors for (pux,¥x) and (uy, Xy ), we obtain that
the posterior g(s;, px, Xx, iy, 2y |1, Z;) is an infinite mixture of normal-inverse-

Wishart distributions:

g(sta 15'¢! 2X7 My, Z)Y|C_Lt—17 Zt)
= Jo 9x(nx, 2x |G (51, 1)) gy (v, By |G (50, a1, 20) f(Silag, 2) - (5:10)
szl JT|5i—1yai71 (87:)']0‘52'7@2'—1 (zi>d‘§t—1'

3 The k-variate Wishart distribution, denoted Wishart(3,n), is parameterized by
a k x k positive definite matrix >, and a degree of freedom n. It defines a p.d.f.
over k x k positive definite matrices: f(M|X,n) oc [M|"P=D/2 exp (—2Tr(S71M)),
where T'r is the trace operator.
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In practice, it will not be possible to compute exactly this posterior, but in
section 5.4 we present an algorithm that approximates this infinite mixture by a
finite mixture of normal-inverse-Wishart via Monte Carlo sampling. The essential
idea of this algorithm is that one can sample state sequences s;, and for each such
sampled state sequence, maintain the normal-inverse-Wishart posteriors on the mean
and covariance of X and Y.

5.3 Bayes-Adaptive Continuous POMDP

We now consider the problem of optimal sequential decision-making in a con-
tinuous POMDP, as defined in Section 5.1, where the mean vectors and covariance
matrices of X and Y are the only unknown model parameters. To achieve this, we
proceed similarly to how the BAPOMDP model was defined (Section 4.2). First
notice that as in the BAPOMDP, if the agent could observe the state, it could
then maintain the exact normal-inverse-Wishart posteriors for X and Y (due to
the assumptions that Grpj,, and Gojs, are invertible). However, due to the par-
tial observability of the state, the exact normal-inverse-Wishart posteriors for X
and Y are only partially observable through the observations z € Z perceived by
the agent. Thus this decision problem can be represented as a problem of opti-
mal sequential decision-making under partial observability of both the state s € S,
and normal-inverse-Wishart posteriors (v,w), where v = (nx, jix, )y x ) represents the
normal-inverse-Wishart posterior parameters for X, and w = (ny, fiy, i]y) represents
the normal-inverse-Wishart posterior parameters for Y. Under such perspective, we
seek a policy that maps beliefs over tuples (s,v,w), to actions a € A, such that it

maximizes expected long-term rewards of the agent. Similarly to the BAPOMDP,
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we can define this problem as a Continuous POMDP over hyperstates (s, v, w), which
we call the Bayes-Adaptive Continuous POMDP (BACPOMDP).
The BACPOMDP is defined by the tuple (S, A', Z', P', R") where:

o 5" =S8 xNW;, x NW,, is the set of hyperstates, where NW,, = {(n, j1,%)|n €
N*, i € R¥, S € RkQ} is the space of normal-inverse-Wishart parameters over
k-dimensional multivariate Gaussian distributions.

e A’ = A, is the set of actions. This is the same as in the original continuous
POMDP, as we seek to find which actions in A the agent should choose.

e 7' = 7, is the set of observations. This is the same as in the original continuous
POMDP, as the agent gets the same observations.

e ¥ is the reward function, such that R'(s,v,w,a) = R(s,a). The rewards are
defined as follows since we seek to optimize the rewards that are obtained in
the original continuous POMDP.

e P’ is the joint transition-observation probability density function, such that
P'(s,v,w,a,s, VW' 2) = f(s,V, W, z|s,v,w,a). Proceeding similarly to the

BAPOMDP, we can factorize this likelihood as:
f(s' VW 2|, v,w,a) = f(S]s,v,a) f(2|s',w,a) f(V]s,a, s, v) f(W|s, a, z,w)

Here f(V|s,a,s',v) = 6(v — U(v, Gcﬂls,a(s/))) and f(W'|s;a,z,w) = §(w —

U(w, Ga‘ls,ﬂ(z))) are Dirac deltas® which are non-zero only if v/ = U(v, G;‘l&a(s’))

4 The Dirac delta is the probability measure of a random variable taking value
0 with probability 1. It can be thought of as a p.d.f. where §(x) = ool (x) and
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and ' = U(w, G5|18, ,(2)) respectively, since the update of the normal-inverse-
Wishart posteriors is deterministic. Finally f(s'|s, v, a) and f(z|s',w, a) can be
expressed by looking at the expectations of fX(G;ﬂsa(s’)) and fy(Gafs,a(z))

under the normal-inverse-Wishart posteriors v and w respectively, similarly to

the BAPOMDP, i.e.:

f('lssva) = Jrisals) [ Fx(Grp, o ()i, Bx) f (px, Bx|v)d(px, Bx),
fls' woa) = Jopa(2) [ fy(Goly (D), Sy) f (s Sy |w)d(py, Sy).
However, here there are no simple closed-form solutions to these integrals.

In summary, the BACPOMPD, defined by the Continuous POMDP (S, A", 7, P’,
R’), has a known model and represents the decision problem of optimal sequential-
decision making in a continuous POMDP under both state and model uncertainty,
where model uncertainty is represented by normal-inverse-Wishart distributions.

If by € AS is the initial belief of the original continuous POMDP, and vy € NW,,
and wy € NW), are the normal-inverse-Wishart prior parameters, then the initial
belief of the BACPOMDP is defined by the p.d.f. bj(s, v,w) = by(s)d(v—1)d(w—wy).
The model of the continuous POMDP is effectively learned by monitoring the belief
state of the BACPOMDP, which corresponds exactly to the posterior defined in
Equation 5.10.

Note that since the BACPOMDP is itself a Continuous POMDP, the belief

update and optimal value function equations defined in Equations 5.2 and 5.4 can

ffooo d(x)dx = 1. Measure theory is essential to define it properly, but we leave out
such formalities since this it outside the scope of this thesis.

86



directly be used to monitor the belief of the BAPOMDP and compute its optimal
policy. However, as we can see, these equations are defined by complex integrals
which may not have a simple closed-form solution. In order to find an approximate
solution to the BACPOMDP, we propose to use Monte Carlo approximations of these
integrals. Hence, we first present a particle filter algorithm to approximate the belief
by a finite mixture of normal-inverse-Wishart distributions, and then an online Monte
Carlo planning algorithm which samples future sequences of actions and observations
in order to estimate the best immediate action to take in the environment.
5.4 Belief Monitoring

The particle filter algorithm presented in Algorithm 4 proceeds similarly to
the Monte Carlo particle filter for the BAPOMDP (Section 4.4). Starting from
the current belief b, represented by a set of K particles of the form (s,v,w), the
algorithm first samples a current hyperstate (s,v,w) according to the distribution
b. Then from this sampled current hyperstate, a next state s’ € S is sampled
from f(s'|s,a,v). This is achieved by sampling a mean px and covariance Y
from the normal-inverse-Wishart posterior v, then sampling the normal distribu-
tion N(ux,Xx) to obtain a value x for X, and finally evaluating the function
Gr(s,a,z) to obtain s, for the action a taken by the agent. This then allows us
to update the normal-inverse-Wishart posteriors by computing v/ = U(v,z) and
Wwo=U (w,G(_)Ils,’a(z)). The last remaining part is to compute the weight of the
new particle (s',7/,w") which is going to be added to the next belief &'. The like-

lihood of this particle should be proportional to f(z|s',a,w) for the observation z
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obtained by the agent after doing a, as this likelihood was not considered when sam-
pling s'. Since f(z|s',a,w) = Joisa(2) [ fr(Gol o (2)|py, Zy) f iy, Sy |w)d(py, By )
is an integral which is difficult to compute, we estimate this likelihood by sampling
(py, Xy) from the normal-inverse-Wishart posterior w, and then adding the weight
Jo‘sr,a(z)fy(Gais,ﬂ(z)|,uy, Yy) to the particle (s',/,w’). This process is repeated K
times to generate K new particles. At the end, the weights are normalized so that

the sum of the weights equals 1.

Algorithm 4 PARTICLEFILTER(D, a, z, K)

1: Define b’ as a 0 vector.

2: 0

3: fori=1to K do

Sample hyperstate (s, v,w) from distribution b.

Sample (p,Y) from normal-inverse-Wishart parametrised by v.
Sample x from multivariate normal distribution N (u,X).
Compute successor state s’ = Gr(s, a,x).

Compute y = Ga‘ls,va(z).

Compute v/ =U(v,z) and ' =U(w,y).

10:  Sample (¢/, %) from Normal-Wishart parametrised by w.
11: Add density f(y|p',¥")Jojsa(2) to (s',0/,w") in 0.

12: nen+ f(y‘:u'/7 Z/)JO|8’,a(2”)

13: end for

14: return v

A mean and covariance (i, ) can be sampled from a normal-inverse-Wishart
distribution parameterized by (n, [, i) by first sampling X~ ~ Wishart(ﬁﬁ_l, n—
1), and then sampling p ~ N (,&,%). Details on how to sample a Wishart and
multivariate normal distribution can be found in [42].

The complexity of generating a single new particle is O(log K +k*+1>+Cr+Cp),

where £ is the dimensionality of X, [ is the dimensionality of Y, Cr is the complexity
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of evaluating Gr(s, a,z) and Cp is the complexity of evaluating Gg‘ls,’a(z). Sampling
a hyperstate from b is O(log K'), as b can be maintained as a cumulative distribution,
and the &k and I3 complexity terms comes from the inversion of covariance matrices
and the sampling procedure for the normal-inverse-Wishart distribution. Hence per-
forming a belief update with K particles is achieved in O(K (log K+k3+13+Cr+Cp)).
5.5 Online Planning

We now propose an approximate algorithm for planning in the BACPOMDP.
To ensure tractability, we focus on online methods for action selection, which means
that we try to find the optimal action (over a fixed planning horizon) for the cur-
rent belief state. Several online planning algorithms have been developed for finite
POMDPs (Section 2.2.2). Most of these require complete enumeration of the action
and observation spaces, which cannot be done in our continuous setting. For this
reason, we adopt a sampling-based approach [47, 50]. Algorithm 5 provides a brief
outline of the proposed online planning method.

At each time step, V' (b, D, M, N, K) is executed with current belief b and then
action a is performed in the environment. The algorithm proceeds by recursively
expanding a tree of reachable beliefs by sampling uniformly a subset of M actions and
a subset of NV observations at each belief node, until it reaches a tree of depth D. The
particle filter is used to approximate the belief states. Sampling the observation from
f(z]b,a) is achieved similarly to how the particle filter works, i.e. from Algorithm
4: proceed with lines 4-7 to obtain a successsor state s, then do line 10 to sample a
mean ' and covariance matrix ' from the normal-inverse-Wisart posterior w, draw

y from N;(y/,%') and then the sampled observation is Go($',a,y). An approximate
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Algorithm 5 V(b, d,M,N, K)
1: if d =0 then

2. return V(b)

3: end if

4: max@Q) «— —oo

5: for i =1 to M do

6:  Sample a uniformly in A

T g D (50w DS VW) R(s, a)

8 for j=1to N do

9: Sample z from f(z|b,a)

10: b« PARTICLEFILTER(b, a, 2, K)
11: q—q+%FV(©¥,d-1,M,N,K)
12:  end for

13:  if ¢ > max@Q then

14: max@) «— q

15: mazA — a

16:  end if

17: end for

18: if d = D then
19:  a+ mazA
20: end if

21: return mazx(Q

value function V is used at the fringe node to approximate the value V* of the fringe
beliefs. V can be obtained either from an approximate offline algorithm computing
an approximate value function of V* or can simply be defined to 0 or the immediate
reward if we have no better estimate of the value function V*. The fringe nodes’
values are propagated to the parents’ nodes using an approximate version of Bellman
equation, where the maximization is taken over sampled actions, and expectation
over future rewards is taken over sampled observations. This yields a value estimate
for each sampled action at the current belief. The action with highest value estimate
is stored in the variable a. After executing a in the environment, the agent updates

its current belief b with the new observation z obtained using the particle filter. The
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planning algorithm is then run again on this new belief to compute the next action
to take.

The overall complexity of this algorithm is in O((MN)?(C, + C,)), where C,
denotes the complexity of doing the particle filter update, as given in the previous
section, and C', denotes the complexity of evaluating the approximate value function
V. A nice property of our approach is that the complexity depends almost entirely
on user specified parameters, such that the parameters (M,N,D,K) can be adjusted
to meet problem specific real-time constraints.

Recent analysis has shown that it is possible to achieve e-optimal performance
with an online POMDP planner [62] by using lower and upper bounds on V* at the
fringe node. In our case, the use of sampling and particle filtering to track the belief
over state and model introduces additional error that prevents us from guaranteeing
lower and upper bounds. However, it may still be possible to guarantee e-optimality
with high probability, provided that one chooses sufficiently large M ,N,D and K
and that the value function is Lipschitz continuous. However this is non-trivial to
show and remains an open question for our particular framework.

5.6 Experimental Results

To validate our approach, we experimented on a simple simulated robot naviga-
tion problem where the simulated robot must learn the drift induced by its imperfect
actuators, and also the noise of its sensors. The robot moves in an obstacle-free
2D area and tries to reach a specific goal location. We define the state to be the
robot’s 2D cartesian position; actions are defined by (d, 6), where d € [0, 1] relates

to the displacement and 6 € [0, 27] is the angle toward which the robot moves; the
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observations correspond to the robot’s position with additive Gaussian noise, i.e.

Go(s,a,y) = s +y. The dynamics of the robot are assumed to be of the form:

Cr(s, < d,0 > X) = s+a | =0 70
sinf  cosf

The exact parameters of the normal distribution for X are the mean, pxy = (0.8;0.3),
and covariance Yx = [0.04,—0.01; —0.01,0.01]. Similarly, the observation noise,
Y, is parameterized by py = (0;0) and Xy = [0.01,0;0,0.01]. Both X and Y
must be estimated from data. The robot starts with the incorrect assumption that
for X, ix = (1,0) and Xx = [0.04,0;0,0.16], and for Y, iy = (0;0) and 3y =
[0.16,0;0,0.16]. The normal-inverse-Wishart prior parameters used for X are the
tuple vy = (10, fix, EX) and for Y, wy = (10, f1y, ﬁ)y) This is equivalent to giving an
initial sample of 10 observations to the robot, in which the random variable X has
sample mean fix and sample covariance Sy and the variable Y has sample mean iy
and sample covariance Sy

Initially the robot starts at the known position (0;0), and the goal is a circular
area of radius 0.25 unit where the center position is randomly picked at a distance
of 5 units. As soon as the robot reaches a position inside the goal, a new goal center
position is chosen randomly (within a distance of 5 units from the previous goal).
The robot always knows the position of the current goal, and receives a reward of 1
when it reaches it. A discount factor v = 0.85 is used.

For the planning, we assume a horizon of D = 1, and sample M = 10 ac-

tions, N = 5 observations and K = 100 particles to maintain the belief. The
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Figure 5-1: Average return as a function of the number of training steps.

approximate value function V at the planning fringe was computed as V(b) =
Z(SMW) b(s, v, w)yE) where G(s,v) is the number of steps required to reach the
goal from s if the robot moves in a straight-line towards the goal with distance ||v;]|2
per step.

The average return as a function of the number of training episodes (averaged
over 1000 episodes) is plotted in Figure 5-1. We also compare it to the average
return obtained by planning only with the prior (with no learning), and planning
with the exact model, using the same parameters for M,N,D,K. As we can see, our
approach is able to quickly reach performance very close to the case where it was
given the exact model. Average running time for the planning was 0.074 seconds per
time step on an Intel Xeon 2.4Ghz processor.

To measure the accuracy of the learned model, we computed a weighted L;-
distance of the estimate (sample mean and sample covariance) in each particle com-

pared to the true model parameters as follows:
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(5.11)

In Figure 5-2, we show how the average weighted L;-distance to the true model
evolves over 250 steps. We observe that the weighted L;-distance decreases quickly
and thus the robot is able to quickly improve the model of its actuators and sensors
through selected learning.

5.7 Discussion

The main contribution of this chapter is the presentation of a new mathematical
model, the BACPOMDP, which allows an agent to act (near-)optimally under state
and model uncertainty, while simultaneously learning about the unknown /uncertain
Continuous POMDP model parameters. This novel framework extends current re-

search in Model-Based Bayesian Reinforcement Learning to continuous and partially
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observable domains. The main practical issue with this framework is the compu-
tational complexity of monitoring the belief state and planning the best action to
execute, which have no known closed-form solutions. Our proposed particle filter
algorithm for maintaining the belief and online Monte Carlo planning algorithm
provide a novel tractable approximate solution to the BACPOMDP that can be
computed in polynomial-time. This algorithmic solution allows a trade-off between
solution quality and computation time, which is achieved by changing the number
of particles K, the planning horizon D, the number of sampled actions M, and the
sampled observations N at each belief node in the planning tree. However, since the
planning tree grows exponentially in the planning horizon D, this approach is mostly
efficient in tasks requiring only a short planning horizon, unless a good approximate
value function V is used at the fringe.

It should be noted that there exists a large body of work in the control theory
literature that have tried to address a similar problem. The problem of optimal
control under uncertain model parameters was originally introduced by Feldbaum
[25], as the theory of dual control, also sometimes refered to as adaptive control
or adaptive dual control. Extensions of this theory has been developed for time-
varying systems [26]. Several authors have studied this problem for different kinds
of dynamical systems : linear time invariant systems under partial observability [64],
linear time varying Gaussian models under partial observability [61], nonlinear sys-
tems with full observability [82], and more recently a similar approach to ours, using

particle filters, has been proposed for nonlinear systems under partial observability
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[33]. Our proposed approach differs from [33] in that we use normal-Wishart dis-
tributions to maintain the posterior, and use a different particle filtering algorithm.
Furthermore, their planning algorithm proceeds by evaluating a particular policy on
the underlying MDP defined by each particle, and then averaging the value of the
policy over all particles. Contrary to our approach, this does not reflect the value of
information gained by actions that help identify the state or the parameters of the
model, as it does not consider how the posterior distribution evolves in the future,
for different actions and observations.

Also note that in this chapter, it was assumed that the functions specifying the
dynamics G and G are known. This could be an important limitation in practice
as these may not be known. One possibility for future research is to generalize the
current BACPOMDP framework to handle cases where G and Go are unknown.
We believe that Gaussian Processes could be used to define prior and posterior dis-
tributions over Gy and Go. This would allow the agent to learn the full linear
or nonlinear dynamics of the system, without any particular parametric assump-
tion (other than that the noise is Gaussian distributed) [23]. Other non-parametric
bayesian methods could also be investigated to learn the distributions f(s'|s,a) and
f(z]¢',a). Finally, more expressive parametric models could be investigated, such as

a mixture of Gaussians, which could also be learned via a Bayesian approach.
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CHAPTER 6
Bayesian Reinforcement Learning in Structured Domains

Due to the high complexity of model-based BRL, most approaches based on
the BAMDP and BAPOMDP frameworks presented in Chapters 3 and 4 have been
limited to very small domains (less than a hundred states). This is mainly due to
two reasons. First, the number of parameters to learn grows quadratically in the
number of states, such that when the number of states is large, a large amount of
data needs to be collected to learn a good model (as with any tabular RL algorithm),
unless very few parameters are unknown or some structural assumptions are made
to represent the dynamics with few parameters. Second, most planning approaches
in model-based BRL become intractable as the number of states increases, since
planning is done over the full space of possible posteriors.

We seek to address these issues by proposing an extension of model-based BRL
to structured domains, which can exploit underlying structures that may exist in
the system in order to learn more efficiently the dynamics of the system in large do-
mains. Hence, we propose learning a factored representation of the dynamics via a
Bayesian approach. Factored representations can efficiently represent the dynamics
of a system with fewer parameters using a dynamic Bayesian network (DBN) that
exploits conditional independence relations existing between state features [5, 35].
Current model-based BRL techniques can be extended quite easily to factored rep-

resentations when the structure of this DBN is known, however this is unreasonable
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in many domains. Fortunately, the problem of simultaneously learning the structure
and parameters of a Bayes Net has received some attention [39, 28, 21|, which we
can leverage in this chapter. However while these approaches provide an effective
way of learning the model, it is far from sufficient for model-based BRL, where the
goal is to choose actions in an optimal way, with respect to the full posterior over
models. To address the issue of action selection, we propose incorporating an online
Monte Carlo approach to evaluate sequences of actions with respect to the posterior
over structures and parameters, similar to the proposed online planning algorithms
for the BAPOMDP (Section 4.5) and BACPOMDP (Section 5.5).

In this chapter, background on Bayesian Networks (BNs) and bayesian learning
algorithms for BNs are first introduced. Then we show how such BNs can be used
to represent an MDP more compactly in factored form. Afterwards, we show how
these compact factored respresentations can be leveraged in a model-based BRL
framework. One issue is that the posterior over DBN structures is intractable to
maintain in practice. To overcome this problem, an MCMC algorithm is used to
periodically resample structures from this posterior. Finally, an online planning
algorithm is presented to find an approximate solution to the problem of optimal
sequential-decision making under both structure and parameter uncertainty. Note
that in this chapter we focus entirely on fully observable domains (i.e. MDPs),
but the proposed approach should extend easily to partially observable domains by

combining with the work presented in Chapter 4.
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6.1 Structured Representations

In this section, we introduce some background on Bayesian Networks and how
such structure can be learned from observations via a bayesian method. We then
present the factored MDP model, which uses Dynamic Bayesian Networks to repre-
sent compactly the dynamics of an MDP.

6.1.1 Learning Bayesian Networks

Bayesian networks (BNs) have been used extensively to build compact predictive
models of multivariate data [56]. A BN models the joint distribution of multivariate
data compactly by exploiting conditional independence relations between variables.
It is defined by a set of variables X = (X7,...,X,), a directed acyclic graph (DAG)
structure G over variables in X, and parameters 6, where Hé’f}‘E specifies the proba-
bility that X; = v given that its parents in G take value F (FE is a vector assigning a
value to each parent of X;). We denote A&, the set of possible values for variable X;,
XC, the set of parents’ variables of variable X; in structure G, X¢ = [] X;eX6, X,
the set of possible parents’ values for variable X;.

Several approaches exist to learn BNs. Learning a Bayes net can involve either
only learning 6 (if the structure G is known), or simultaneously learning the struc-
ture G and parameters 6. For our purposes, we are mostly interested in Bayesian
approaches that learn both the structure and parameters [39, 28, 21]. These Bayesian

approaches proceed by first specifying a joint prior, g(G, 0¢), of the form:

9(G.0c) = 9(G)g(0c|G), (6.1)
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where ¢(G) is a prior over structures and ¢(6g|G) is a conditional prior on the
parameters fg given a particular structure G. ¢(G) is often chosen to be uniform,
or proportional to BF@)| for some 3 € (0,1) where |E(G)| is the number of edges in
(G, such as to favor simpler structures.

It follows that if dataset D is observed, then the joint posterior is defined as
follows:

9(G, 06|D) = g(G|D)g(0c|G, D). (6.2)

To compute this posterior efficiently, several assumptions are usually made about
the prior g(0g|G). First, it should factorize into a product of independent Dirichlet

priors:

n i, | B
9(0c1G) = Tl HEeXfi 9(90‘ |G), (6.3)
g(021°|G) ~  Dirichlet(oy'"),
where ngiG’v'E represents the prior Dirichlet count parameter for the observation of
X, = v given X%, = E. Under this independence assumption, the term g(0¢|G, D)
is a product of Dirichlet distributions, which can be updated easily by incrementing
the counts qbgv'E by one for each observation of (X;, X%,) = (v, F) in D. Hence if
¢¢ denotes the current Dirichlet count parameters, and a new observation X = x is

obtained, the posterior Dirichlet count parameters ¢, after observation of X = z,

can be updated via the following update rule:

Ie = Qg + rel,...,n (6.4)
polE o ghelB Viel,....n (v,E) e (X x XG) —{(z;,29,)},
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where x; denotes the value of variable X, in observation =z, I’SZ the values of the
parents of X; in structure G for the observation x. We denote this update rule by
the function U, such that ¢f; = U(¢pq, r) as defined in the previous equation.

A second common assumption is that two equivalent graph structures G and
G’ should have equivalent priors over 6 and 6, (this is called the likelihood equiv-

alence assumption). This enforces a strong relation between the priors ¢(6;|G) and

9(0c.|G.) for the complete graph G, (where every variable depends on all previ-

ous variables), such that specifying ¢q, totally specifies the prior on 6 for any

other graph G (i.e. for any graph G, the prior Dirichlet count parameters satisfy

2F — NPr(X; = v,X% = E|G.,¢¢,) where N = > pexte Loex, o1 s the
equivalent sample size for the prior on fg,).

For many problems, the posterior g(G|D) cannot be maintained in closed form

as it corresponds to a discrete distribution over O(n!Q(g)) possible graph structures.

Instead, MCMC algorithms can be used to sample graph structures from this poste-

rior [28]. The well known Metropolis-Hasting algorithm specifies that a move from

graph G to G’ should be accepted with probability min {1, ! f((DDllGCi‘;ZEg;zzq((Cﬂg,)) }, where
¢(G'|G) is the probability that a move from G to G’ is proposed and f(D|G) =
| f(D|G,05)9(6c|G)dbg is the likelihood of the dataset D given the graph G. Such
random walk in the space of DAGs has the desired stationary distribution g(G|D).
Under previous assumptions concerning the prior g(0¢|G), ¢(D|G) can be computed

in closed form and corresponds to the Bayesian Dirichlet likelihood equivalent metric

(BDe) [39]:
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where ¢ represents the prior counts before the observation of dataset D, and ¢,
the posterior counts after the observation of D (i.e. ¢, is obtained by recursively
applying the function U for each datapoint = € D, starting from ¢¢).

Typical moves considered in the MCMC algorithm include adding an edge, delet-
ing an edge, or reversing an edge in GG. For faster mixing in the space of DAGs, some
recent approaches first sample a topological order for G and then perform addition
and deletion of edges in G for the fixed sampled topological order [28].

6.1.2 Factored MDPs

Dynamic Bayesian Networks (DBNs) can be used to represent MDPs in a more
compact form by exploiting conditional independence relations that exist between
state features. A DBN is essentially a bayesian network with a notion of time built
into it, i.e. we are interested in expressing compactly the joint distribution of the
variables (X, 1,..., X} ,) at time ¢ given variables (X;_11,...,X;_1,) at time £—1 by
exploiting conditional independence relations that may exist between these variables.
A factored MDP is an MDP where the state is described by a set of state features
(or state variables) and its transition function is specified via a DBN. It is formally
defined by a tuple (S, A, T, R):

o 5: 51 X8 x - --x.S8,, is the (discrete) set of states of the system; Si,..., 95,
correspond to the domain of the n state variables (features).

e A, the (discrete) set of actions that can be performed by the agent.
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e 1':SxAxS —|0,1], the transition function, where T'(s, a,s’) = Pr(s'|s, a)
represents the probability of moving to state s’ if the agent executes action a
in state s. This can be represented efficiently using a seperate DBN for each
action, thus exploiting conditional independence relations that exist between
state features [5]. For simplicity, we assume that these DBNs are bipartite
graphs, so dependencies only exist between state variables at time ¢ and state
variables at time ¢ + 1.

e R:S5 x A — R, the reward function, defined for every action of the agent in
every state.

The DBN defining 7" for any action a € A is represented by a graph G(a) and set of
parameters 0¢(q) defining the conditional probability tables. We denote s; the next
state’s i" feature, s; the current state’s i*" feature, S; the set of possible values for s;
and s}, s9, the values of the parents’ features of s, in s for graph G, and S¢, the set
of possible values for the parents’ features of s for graph G. For each possible value
v € S; of next state variable s, and each possible assignment to its parent values
E e 59 A Qg(a contains a parameter 9 that defines Pr(s] = v|sf§a) = FE,a).

Given such graph G(a) and parameters Hg(a), T(s,a,s’) is computed efficiently as:

T(s,a,s) HPr 1599 a). (6.6)

The optimal value function and policy of a factored MDP is defined as for the stan-
dard (non-factored) MDP, as shown in Section 2.1.1. In general, a factored represen-

tation of the transition does not induce a structured representation of the optimal
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value function. However, approximate algorithms exist to compute V* more effi-
ciently by exploiting the factored representation [35].
6.2 Structured Model-Based Bayesian Reinforcement Learning

Now that we have shown how the transition function of an MDP can be defined
compactly via a set of DBNs, and how the structure and parameters of a DBN can
be learned via a bayesian approach, we can address the problem of acting optimally
in a system represented as a factored MDP, in the case where both the structure
and parameters of the DBNs defining the transition function, 7', are unknown. It is
assumed that the state features S, ..., .S,, the action set A, and the reward function
R, are known.

In order to formulate this as a sequential decision problem, we consider the
transition function 7" as a hidden variable of the system, which is partially observed
through the state transitions that occur in the system. In this view, the decision
problem can be cast as a POMDP (Section 2.2). The hyperstates of this POMDP
capture both the known current system state, and the hidden DBN structures and
parameters defining T" for each action a € A. Formally, this POMDP is defined by
the tuple (S, A", 2", T',O", R'):

o 5 : 8 x G where S is the original state space of the MDP, G is the set of
DBNs (G, 0g) (one per action) and G is a bipartite graph from S,...,.S, to
Sty Sh.

e A’ = A, the set of actions in the original MDP.

e /' = S, the set of observations (i.e a transition to a particular state of the

MDP).
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o 1": 5" x A" x 5" —[0,00], the transition function in this POMDP:

T'(s,G,0q,a,s, G, 0)
= f(S,,G,,HIG,‘S,G, era) (67)
= Pr(ss,G,0q,a)f(G,0,|G,0q,s,a,s),

where G = {G(a)la € A}, 0 = {0c@)|a € A}, and similarly for G’ and 6¢.
Since we assume that the transition function 7" does not change over time,
then f(G',06|G.0c,s,a,8") = [lyealow)(G'(a)0(0ca) — biqy) (e with
probability 1, (G",0,) = (G,0¢)), and Pr(s']s, G, 0q,a) = T[], GZGS(Q)SS(G), SO
that >, o [T'(s,G,0q,a,s, G 04)d0 = 1.

o O : 5 x A xZ —|0,1], the observation function, where O(s',G', 07, a, z) is
the probability of observing z when moving to (s',G’,6;,) by doing action a.
Here, the agent simply observes the state of the MDP, so O(s',G’, 0, a,2) =
Ly (2)-

e R : 8 x A" — R, the reward function, which corresponds directly to the
rewards obtained in the MDP, i.e. R'(s,G,0g,a) = R(s,a).

Given that the hyperstate is not directly observable (i.e. we do not know the correct
structure and parameters), we maintain a probability distribution over states, called
a belief. The initial belief state in this POMDP is the initial state of the environment,
along with priors P(G(a),0qw)),Va € A. At time ¢, the belief state corresponds to
the current state of the MDP, s;, along with posteriors P(G(a), 0 (a)|5¢, G1—1), Va € A,
where 5, and a,_; are the histories of visited states and actions respectively at time

L.
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To represent this belief compactly, we assume that the joint priors g(G(a), 0g(a))
satisfy the assumptions stated in section 6.1.1, namely they factorize into a product
9(G(a),0c)) = 9(G(a))g9(0cw)|G(a)) and the g(fg)|G(a)) terms are defined by a

product of independent Dirichlet distributions. For each graph G(a), starting from

G(a)

prior counts qblc;zg for all state variables s}, values v € S;, and parent values £ € S,

the posterior counts are maintained by simply incrementing by 1 the counts gbZGS(;a; S
for all state variables s, each time a transition (s, a,s’) occurs. As mentioned in
section 6.1.1, the main difficulty is in maintaining the posterior ¢(G(a)|S;, a;—1) at
any time ¢, which is infeasible when the space of graphs is large. We approximate this
using a particle filter, and for each particle (i.e. a sampled graph G(a)), the posterior
9(06)|G(a), 5, a;—1) is maintained exactly with counts ¢ (). This particle filter is
explained in more detail in the next section.

Finding the optimal policy for this POMDP yields an action selection strat-
egy that optimally trades-off between exploration and exploitation such as to max-
imize long term expected return given the current model posterior and state of the
agent. Our structured model-based BRL approach therefore requires solving this
POMDP. While many algorithms exist to solve POMDPs, few of them can handle
high-dimensional infinite state spaces, as is required here. Hence, in Section 6.4, we
propose to use online Monte Carlo methods to solve this challenging optimization
problem [50], similarly to the planning techniques proposed in Chapter 4 and 5.
6.3 Belief Monitoring

As mentioned above, for each a € A, the posterior g(G(a)|S;, a;—1) is maintained

using a particle filter algorithm. This is achieved by keeping a fixed set of K sampled
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graph structures {G(a, j)|j € {1,..., K}} and maintaining for each sampled graph
G(a, J) a probability p/. For each sampled graph @(a, j), we also maintain the
Dirichlet posterior count parameters qﬁé(m j) on the parameters Qé(& i) The graphs
G(a, j) are initially sampled from the prior Pr(G(a)).

Whenever a transition (s, a,s’) occurs, the probability p! of graph G(a, J) is
updated as follows:

v = 0} [Pr(s']s,a é(a 3)s 00 f(Oca ) |é(a7j)7¢G(a7j))deé(a,j)7 (65)

R e D SOl |

where the integral term is just the expected probability of Pr(s'|s,a) under the
current posterior for Hé(m i) defined by the counts Dé(a,j)» and 7 1s a normalization
constant such that Zj.ilpflj = 1. After the probability of each graph has been
updated, the Dirichlet posteriors are updated for each sampled graph G(a, j) by

incrementing the appropriate counts in qﬁG for the transition (s, a, s'):

G(aJ) ZS‘S ( a,j)

liysi|s 25 o .
(bG( ) = ¢G( 0 +1 Vie{l,...,n}
1, 0| E V| E . éa,' a,
GE = P e (L (0 B) € (86 SS0) — (5,550},

(6.9)
where ¢’G(a7j) represents the posterior counts for sampled graph G(a, j) after the
observation of (s, a,s).

These two procedures allow us to (approximately) maintain the posterior over
structure (by maintaining it over a subset of graphs), and (exactly) maintain the

posterior over the probability parameters of each sampled graph via the Dirichlet
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count parameters. However this is insufficient to learn the correct DBN structure
defining 7" for each action a € A. In particular, if the correct structures are not
among the sampled structures, then it will be impossible to learn the correct ones
by just ajusting the probability of each sampled structure.

We address this problem by periodically resampling a new set of DBN structures
from the current posterior P(G(a)|S;, a;—1) to obtain more likely structures after
observation of the history of states §; and history of actions a;_;. We implement
this by using an MCMC algorithm, as described in Section 6.1.1. Note that in our
case, the DBNs representing 7" have a known order since they are assumed to be
bipartite graphs (i.e. variables s; always precede any of the variables s;) Hence,
sampling orders is not required for our purposes. Furthermore, since we cannot have
any variable s; depend on any next state variable s/, we do not consider moves that
inverse an edge in the MCMC algorithm. Thus our MCMC algorithm only proposes
moves which add an edge between a current state feature s; to a next state feature
s, or delete a currently existing edge.

In general, it may not be appropriate to resample graphs too frequently. One
useful criteria to decide when to resample new graphs is to look at the overall likeli-
hood L, of the current set of DBNs for a particular action a. This can be computed
directly from the normalization constant 7 (Equation 6.8). Presuming that at time
t=0, L, =1, we can simply update L = nL, at every step where action a is taken.
Then if at time ¢, L, falls below some predefined threshold, we resample a new set
of K graph structures G/(a, j) from posterior ¢(G(a)|s, a;,_1) and update the Dirich-

let posterior g(@GA(aJ)\G(a, J), St,a—1) for each graph according to the whole history
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(8¢,@-1) (starting from the Dirichlet prior g(fg()|G(a))). The probabilities p! for
these new graphs are then reinitialized to % and the likelihood L, to 1.
6.4 Online Planning

Turning our attention to the planning problem, we now search for the best action
to execute, given the current state, the current distribution on sampled graphs for
each action a (defined by p’), and the current posterior over parameters for each
sampled graph. Define Q*(s,b, a) to be the maximum expected sum of rewards (i.e.
the value) of applying action a when the agent is in MDP state s and has posterior b
over DBNs. Then the optimal value is defined by V*(s,b) = max,c4 Q*(s,b,a) and

the best action to apply is simply arg max,e4 Q*(s, b, a).

Algorithm 6 V(s,b,d, N)
1: if d =0 then

2. return V(s,b)
3: end if
4: max@Q) «— —oo
5: for a € A do
6: q — R(S, a)
7. for j=1to N do
8: Sample s from Pr(s'|s,b, a)
9: b’ «— UPDATEGRAPHPOSTERIOR(), s, a, s')
10: q—q+FV(V,d—1,N)
11:  end for
12:  if ¢ > max@Q then
13: maxQ) «— q
14: marA — a
15:  end if
16: end for
17: if d = D then
18: a+« mazxA
19: end if
20: return maz(Q
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A recursive approach for tractably estimating V*(s,b) using a depth-limited
online Monte Carlo search is provided in Algorithm 6. Every time the agent needs
to execute an action, the function V(s,b, D, N) is called for the current state s and
posterior b. D corresponds to the depth of the search tree (i.e. planning horizon) and
N to the branching factor (i.e. number of successor states to sample at each level, for
each action). To sample a successor state s’ from P(s|s, b, a), we can simply pick one
of the sampled graphs G (a, j) for action a according to the probabilities p/ and then
sample s’ from this DBN, given that the parents take values s. At the fringe of the
planning tree, an estimate V(s, b) of the return obtained from this posterior is used.
Several techniques can be used to estimate V(s, b). For instance one could maintain
an approximate value function 17](5) for each sampled factored MDP defined by the
DBNs {(G(a,j),¢é(a’j))|a € A} and then compute V(s,b) = ZJKZIVJ(S) [Leapl.
The approximate value functions \A/J(s) can be updated efficiently via prioritized
sweeping every time the counts gbé(a’ ;) are updated. For the experiments presented
below, we simply use V(s,b) = maxgea R(s,a). The UPDATEGRAPHPOSTERIOR
updates the Dirichlet posteriors and probabilities p/ presuming a transition (s, a, s')
was observed, as defined in Equations 6.8 and 6.9. The best action to execute
for the current time-step can be retrieved through the a variable set during the
online planning algorithm. The computation time allowed to estimate V*(s, b) can be
limited by controlling the branching factor (N), search depth (D), and the number of

sampled graph structures (K) for each action, albeit at the expense of lesser accuracy.
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6.5 Experimental Results

To validate our approach, we experiment with instances of the network adminis-
tration domain [35]. A network is composed of n computers linked together by some
topology. Each computer is either in running or failure mode. A running computer
has some probability of transitioning to failure, independent of its neighbors in the
network; that probability is increased for every neighbor in failure mode. A com-
puter in failure mode remains so until rebooted by the operator. A reward of +1
is obtained for every running computer in the network at every step. No reward is
given for failed computers, and a —1 reward is received for each rebooting action.
The goal of the operator is to maximize the number of running computers while
minimizing reboots actions. The starting state assumes all computers are running.

In our experiments, we assume a probability % that a running computer goes
into failed mode and a probability 1—10 that a failed computer induces failure in any
of its neighbors. So at any step, the probability that a running computer remains in
a running state is 23 (0.9)" where Np is the number of neighbors in failure state.
We assume a discount factor v = 0.95.

This problem can be modeled by a factored MDP with n binary state variables,
each representing the running state of a computer in the network. There are n + 1
actions: one reboot action for each computer and a DoNothing action. The DBN
structure representing the dynamics when no reboot is performed is a bipartite graph
where the state variable s, (the next state of computer i) depends on s; (the previous

state of computer i) and s; for all computers j connected to i in the network. Note

that if 5] depends on s;, then this implies j is connected to ¢ and thus s;» depends on
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s;. Hence the adjacency matrix A encoding the dependence relations in this bipartite
graph (where entry A;; = 1if s’ depend on s;, 0 otherwise) is always symmetric and
has a main diagonal full of ones.

In terms of prior knowledge, we assume the agent knows that rebooting a com-
puter always puts it back into running mode and does not affect any other computer.
The goal of the agent is to learn the behavior of each computer in the network when
no reboot is performed on them. Therefore, a single DBN is learned for the behavior
of the system when no reboot is performed. We also assume the agent knows that
the adjacency matrix is symmetric and has a main diagonal of ones. However we do
not assume that the agent knows the topology of the network. We choose a prior
over structures that is a uniform distribution over bipartite graphs with symmetric
adjacency matrix (and main diagonal equal to 1). Given a prior of this form, the
set of moves we consider to sample graphs in the Metropolis-Hasting algorithm con-
sists of inverting any of the binary variables in the upper-right half of the adjacency
matrix A (excluding the main diagonal) as well as the corresponding entry in the
bottom-left half. Moves of this type preserve the symmetry in the adjacency matrix,
and correspond to adding or removing a connection between any pair of computers
in the network. We assume no prior knowledge regarding the probabilities of failure,
so a uniform Dirichlet prior is used. Under the likelihood equivalence assumption,
the prior counts ¢¢ are defined such that (bgv'E = WIHSZ\

We consider three different network architectures: a simple linear network of

10 computers (1024 states), a ternary tree network composed of 13 computers (8192
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states) and a dense network of 12 computers (4096 states) composed of 2 fully con-
nected components of 6 computers, linked to each other. These networks are shown
in Figure 6-1. To assess the performance of our structured Bayesian RL approach,
we compare it to a similar model-based Bayesian RL that learns the full joint distri-
bution table, i.e. the DBN where each next state variable s, depends on all previous
state variables s;. We also consider the case where the DBN structure is fully known
in advance and only the probability parameters are learned. These three approaches
are compared in terms of three different metrics: empirical return, distribution error
and structure error, as a function of the number of learning steps. The distribu-
tion error corresponds to a weighted sum of L-distance between the distributions of
the next state variables as defined by the Dirichlet posterior counts and the exact

distributions in the system:

K n

G( I
>3 e (s = vl
a€A j=

1 seS i=1 veS; ||¢ ) ||1
The structure error is computed as a Welghted sum of the errors in the adjacency

matrix of the sampled graphs compared to the correct adjacency matrix:

>3 H Y S - AL

aceA j=1 i=1 k=1

where A%@) is the adjacency matrix for sampled graph G (a,7) and A% (@ the exact
adjacency matrix. In our particular experimental results, since we are only learning

the DBN for the DoNothing action, the sum over a € A dissapears in those two
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Figure 6-1: Linear network (top), ternary tree network (bottom left) dense network
(bottom right).
metrics. All reported results are averaged over 50 simulations of 1500 steps each.
Error bars were small, so were removed for clarity.
6.5.1 Linear Network

In the linear network experiment, we sample K = 10 graphs, and resampling is
performed whenever the log-likelihood falls below a pre-specified threshold (In L, <
—100). Online planning is done with depth D = 2 and branching factor N = 5 for
each action. Since we use the immediate reward at the fringe of the search tree, this
corresponds to approximate planning over a 3-step horizon. These same parameters
are also used for planning with the known structure, and over the full joint probability
table. Results are presented in Figures 6-3 to 6-5.

These figures show that our approach (denoted Structure Learning) obtains sim-
ilar returns as when the structure is known in advance (denoted Known Structure).
Both of these cases reach optimal return (denoted Known MDP?) very quickly, within

200 steps. Our approach is also able to learn the transition dynamics as fast as when

! This is the value iteration solution, assuming the structure and parameters are
fully known in advance.
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Figure 6-2: Most likely networks among samples after 1500 steps: Linear network
(top), ternary tree network (bottom left) dense network (bottom right).
the structure is known a priori. On the other hand, the unstructured approach
(denoted Full Joint) takes much more time to achieve a good return and learn the
dynamics of the system. This confirms that assuming a structured representation
of the system can significantly speed up learning. Finally, we also observe that the
structure learning algorithm is able to learn a good structure of the linear network
domain over time (see Figure 6-2). Even though the sampled structures are not
perfect, our approach is still able to predict future states of the system with similar
accuracy as when the structure is known in advance. The average planning times
per action are 100ms for structure learning, and 19ms for the other two approaches
with fixed structure.
6.5.2 Ternary Tree Network

In the ternary tree network experiment, we sample K = 8 graphs, and resample
them whenever the log-likelihood In L, < —150. For the planning, we use a depth
D = 2 and sample N = 4 next states for each action. Results are presented in
Figures 6-6 to 6-8. The results are similar to the Linear Network experiment. The
main point to note is that this is a significantly harder problem for the unstructured

approach, which even after 1500 steps of learning has not yet improved. This is in
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Figure 6-3: Empirical return in the linear network.
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Figure 6-4: Distribution error in the linear network.

contrast to our approach which obtains similar performance as when the structure
is known a priori, and reaches optimal performance after just a few hundred steps
of learning. These results are obtained even though the priors we provide are very
weak. However, the structure learned for the tree network (see Figure 6-2) is not as

good as for the linear network, as quite a few extra links are present and some other
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Figure 6-5: Structure error in the linear network.

links are missing. This may illustrate the fact that more data is required to obtain a
good structure in larger networks. The average planning times per action are 153ms

for structure learning, and 29ms for the two approaches with fixed structure.
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Figure 6-6: Empirical return in the ternary tree network.
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Figure 6-7: Distribution error in the ternary tree network.
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Figure 6-8: Structure error in the ternary tree network.

6.5.3 Dense Network

In the dense network experiment, we sample K = 8 graphs, and resample them
whenever In L, < —120. For the planning, we assume D = 2 and N = 4. Results
are presented in Figures 6-9 to 6-11. In this domain, we observe a surprising result:

our approach using structure learning is able to learn the dynamics of the system

118



much faster than when the structure is known in advance (see Figure 6-10), even
though the learned structures are still far from correct (see Figures 6-11 and 6-2).
This is a domain where there are many dependencies between state variables, so
there are many parameters to learn (whether or not the structure is known). In such
a case, our structure learning approach is at an advantage, because early on in the
learning, it can favor simpler structures which approximate the dynamics reasonably
well from very few learning samples (e.g. < 250). As further data is acquired,
more complex structures can be inferred (and more parameters estimated), in which
case our approach achieves similar return as when the structure is known, while it
continues to estimate the true parameters more accurately.

This result has important implications for RL in large domains. Namely, it
suggests that even in domains where significant dependencies exist between state
variables, or where there is no apparent structure, a structure learning approach can
be better than assuming a known (correct) structure, as it will find simple models
that allow powerful generalization across similar parameters, thus allowing for better
planning with only a small amount of data.

The average planning times per action are 120ms for structure learning, and
22ms for the other two approaches with fixed structure.

6.6 Discussion

The main contribution of this chapter is the presentation of a novel Bayesian
framework for learning both the structure and parameters of a factored MDP, while
also simultaneously optimizing the choice of actions to trade-off between model ex-

ploration and reward exploitation. This novel framework extends current research
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Figure 6-10: Distribution error in the dense network.

in Model-Based Bayesian Reinforcement Learning to structured domains, and also
allows model-based BRL methods to scale to much larger domains, in the order of a
few thousand states. By learning a factored representation, we allow powerful gener-
alization between states sharing similar features, hence learning of the model makes

more efficient use of data, as was shown in the experimental results section. It is
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Figure 6-11: Structure error in the dense network.

especially interesting to notice that our structure learning approach is a useful way
to accelerate RL even in domains with very weak structure and many dependencies
between state variables, as simple structures that approximate well the domain are
favored at the beggining. This is somewhat related to the well known bias-variance
trade-off in machine learning, where one may want to introduce some bias (by lim-
iting the models to simple structures) in order to reduce variance in the parame-
ter estimates and avoid overfitting. Here, the bayesian structure learning approach
trades-off automatically the complexity and accuracy of the model according to the
posterior likelihood. Starting with an uninformative prior favors simple structures
when a small ammount of data is available, as these structures have fewer parame-
ters, and more observations per parameters to estimate them (thus lower variance).
This leads to higher posterior likelihood for simple structures when these have good
predictive power (accuracy). Giving a lower prior likelihood to complex structures

could further enhance this behavior.
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For future work, it would be interesting to extend this framework to partially
observable domains and continuous domains (i.e. Factored POMDP domains [34])
by combining the three frameworks that were presented in this thesis. For instance,
in the partially observable case, the Dirichlet count parameters ¢s would be only
partially observable through the observations z € Z, as in the BAPOMDP case, so
that mixtures of Dirichlet would need to be used for the posterior over 65. These
mixtures could be maintained using particle filter algorithms similar to the ones
presented in Chapter 4. Furthermore, DBNs could also be used to represent the
observation function O, as in standard factored POMDP models. It would also be
interesting to improve the planning algorithm so that the structure can be exploited
to solve the planning problem more efficiently.

Another avenue of future research is to extend this approach to other types of
structured representations. For example, when using tile coding to represent the
dynamics of an MDP, one can view the tiling as a partition of the state space, which
can be represented as a tree. The current approach could be extended to learn
automatically the best tiling structure and the probability parameters for each tile
by doing MCMC over tree structures which partition the state space.

Finally, one last interesting idea would be to extend this framework for doing
automatic feature selection in RL. In domains described by many state features,
it might be desirable to approximate the system by only considering a subset of
the most important features, such as to reduce solving complexity and accelerate
learning. Selecting a subset of features would influence the likelihood of any DBN

restricted to this subset and therefore by doing MCMC over sets of features (in
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addition to MCMC over DBN structures), one could find subsets of features which

approximate well the system.
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CHAPTER 7
Conclusion

The problem of sequential decision-making under model uncertainty arises in
many practical applications of Al and decision systems. It is thus of critical im-
portance that such uncertainty be taken into account in planning algorithms for
robust decision-making. Furthermore, it is also important that such algorithms be
able to learn from past experience in order to improve their model (reduce model
uncertainty) and perform better in the future.

Model-based bayesian reinforcement learning methods address both problems
jointly by providing a framework that can simultaneously reduce the uncertainty on
the model, and plan optimal sequences of actions with respect to the current model
posterior (uncertainty), such as to maximize future expected return. However, the
applicability of these methods had been so far limited to simple and small domains.

This thesis focuses on presenting several extensions of model-based bayesian re-
inforcement learning methods and approximate algorithmic solutions that are appli-
cable in much more complex domains, such as to extend the applicability of model-
based bayesian reinforcement learning to problems encountered in the real world.
The first contribution is an extension of model-based BRL to partially observable
domains, such as to allow optimal decision-making under both state and model un-

certainty. Particle filter algorithms and an online planning algorithm were presented
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to tractably find an approximate solution for this new framework. The second contri-
bution is an extension of model-based BRL to continuous (and partially observable)
domains. An appropriate choice of posterior distribution is identified and Monte
Carlo methods are proposed to tractably maintain the state and model uncertainty,
as well as find an approximate solution to the planning problem. Finally, the third
contribution is the presentation of a novel model-based BRL framework for MDPs
which can exploit underlying structure in the environment to learn more efficiently
in large domains.

Several ideas and suggestions for future work are discussed throughout this
thesis. In particular, the use of non-parametric bayesian methods in model-based
bayesian reinforcement learning seems a promising area of future research, such as
to provide a very general framework for sequential decision-making. While these
decision-making frameworks are attractive for their generality, representation power
and robustness to uncertainty, their computational solving complexity is currently
prohibitive for most practical applications. Developing more efficient approximate
inference and planning methods to handle these frameworks will ultimately be critical
to the successful application of these methods in practice.

As a next step, it would be important to validate these methods on real systems.
We believe that our current frameworks and algorithms could be applied on a real
robot to address several simple control tasks, such as moving to a particular goal
location or following another person, robot, or specific path. A more challenging
medical application we would like to address with such methods in the future is the

control of deep-brain electrical stimulation in the treatment of epilepsy [36].
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Appendix A
Theorems and Proofs

This appendix presents the proofs of the theorems presented in Chapter 4 of
this thesis. Theorems 4.2.1 and 4.2.2 are presented first, then some useful lemmas
and the proofs of Theorems 4.3.1, 4.3.2 and 4.3.3.

Theorem 4.2.1. Let (S", A, Z, T',0', R ,~) be a BAPOMDP constructed from the
POMDP (S, A, Z,T,0,R,~). If S is finite, then at any time t, the set Sgg ={o €
S'lbi(o) > 0} has size [Sy,| < |S[tHL.

Proof. Proof by induction. When t = 0, bj(s, ¢,1) > 0 only if ¢ = ¢y and ¢ = 1.
Hence |Sl6| < |S]. For the general case, assume that |S’;71| < |S|*. From the
definitions of the belief update function, b,(s’,¢',¢’) > 0 iff 3(s, ¢,1) such that
bi_1(s,0,0) >0, ¢ = ¢+ 0%, and ¢ = ¢ + % ,_. Hence, a particular (s, ¢, 1) such
that b,_,(s, ¢,1) > 0 yields non-zero probabilities to at most |S| different states in
b;. Since |S), 271\ < |S|* by assumption, then if we generate |S| different probable state

in b} for each probable state in S, , it follows that |S’£| < |8+ O

Theorem 4.2.2. For any horizon t, there exists a finite set I'y of functions S" — R,

such that V;*(b) = maxXaer, >, cq (0)b(0).

Proof. Clearly this is true for horizon ¢ = 1, since Vy*(b) = maxeea Y, 4 4 b(s, &, V) R(s, a).
Hence by defining I'y = {aq|aq(s, ¢,v) = R(s,a),a € A}, Vi*(b) = maxaer, Y, cq b(0)a(o).
Now assume that this is true for horizon ¢, we show that it must be true for hori-

zon t + 1. By assumption we have that there exist a set I'; such that V;*(b) =
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MaXaer, Y g 0(0)(0).

Now V., (b) = maxeca [2(37 s 05,6, 0)R(s,0) + 3, Pr(z|b, a)Vt*(baz)]. Hence:

V(b)) = maxees [z(sw) b(s, ¢, V) R(s,a) + 3., Pr(z|b, a) maxeer, 3, g baz(a)a((,)}
— maxgea [z(& sy D5, 0,0V R(5,0) + 3,y maxaer, ¥, s Pr(zlb, a)baz((,)a(a)}
— maxees [2(57 5y b5, 6, V)R (s, a)+
S ez M0ty s et Sowres Vs, 6 )T OFCals' UB, .0, 8), U, o0, 2))|

Thus if we define:

NS {Oéa7f|04a,f(8, o, ¢) = R(Sv a)_'_
ZzeZ Zs’eS TEGS/OgaZf(Z)(S/>u(¢7 S, a, S/)a Z/{(’QD, S/a a, Z))a a € Aa f S [Z - Ft]}a
then V% ,(b) = maxaer,,, Y eq b(0)a(o) and Ty is finite since || = |A||T, 171,

which is finite by assumptions that A, Z and I'; are all finite. O

For some of the following theorems, lemmas and proofs, we will sometime denote
the Dirichlet count update operator U, as defined for the BAPOMDP, as a vector
addition as follows: ¢' = ¢+ 0%, =U(p, s,a,s), i.e. 0%, is a vector full of zeros, with

a 1 for the element ¢%,.

Lemma 7.0.1. Foranyt > 2, any a-vector oy € I'y can be expressed as af’o‘l(s, 0, ) =
R(s,a) + 7> e ses T;“SIOZ“ZQ’(Z)(S’, O+ 62,0+ 8% for some a € A, and o/

a mapping 2 — I'y_4.

Proof. Follows from proof of previous theorem (4.2.2). O

(a—c) (b+d)—;(a+c)(b—d)

Lemma 7.0.2. Given any a,b,c,d € R, ab— cd =
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Proof. Follows from direct computation. O

Lemma 7.0.3. Given any ¢,¢' € T, 1,00 € O, then for all s € S, a € A, we have

¢'Z/¢;7Z ¢ZS/¢§/Z /
thot s Toer | — S| < D0, 6) +subyes DE(4,0)

Proof. Using lemma 7.0.2, we have that:

¢/a w/a ¢ /w/
ZSIES ZZGZ Nsa/\/'s a NsaNs a

_ 1 y Ve S VL Yo,
e EZS’ES ZzEZ (N.sa N.sa) <N5a Nsa) ‘l’ (Nsa ‘l’ Nsa) <sz//a - Nila)‘

(9 Vsl 4 Vi, Yo,

S 2 ZS 'eS Nsa N;a ZZGZ NS a Ns a _'_ ZS 'eS Nsa N;a ZZGZ N’Lz//a - N{Z/a
¢la/ ¢a / 1 111 / 111 / ¢'a/ ¢a ’
< ss’ Ss 4 s’z __ s’z Ss Ss
< Dves Nig T Nge| T2 [SUPses 2ez NZ® T Ny 2ses Ngit o Nge

', [ ' P,
= ZSIES ,/\/L?;S? - ,/\/%;SG + Sups’ES ZzeZ N'Ss’; - N})’Z
W

= D¥(¢',¢) +supyes DF“ (¥, 1)

0

Lemma 7.0.4. Given any ¢,¢',A € T, then for alls € S, a € A, D¥(p+ A, ¢ +

2N Zs/ ‘¢SS/_¢SS/‘
) DSU/(¢ ¢) Nﬁl_’_NSS)S(N.Sa_i_N.Sa)
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Proof. We have that:

D¥(p+ A, ¢ +A)
N Fi P M T
s’'esS /\/;“—H\/g“ N;H—Ng“
5 (67, +A2 YN FNZ)— (@2, +A2 Y NGIHNRY)
= Zuses VTHFNRD VSR
S | B N AL N NG N AL NG
s'eS NN VG +NEY)
> 92 N —9/a, N5 S| N e ran, e N
$'€S | INZHNZ VST +NRT) s'es WTFNR NN
S| SN | | N [Coes|ot,—on ||+Vor-nie | oes a2,
s'eS NGNS VT HNR VSR
= Do)+ el
¢ A & A

sa / 2Nzazs’es ¢ZS/—¢:§/
DS (¢7 ¢ ) =+ (N;a_j’_/\/'za)(./\/';;l_;’_./\/'za)

IN

IN

IN

O

Lemma 7.0.5. Given any ¢, ¢', A € O, then for alls € S, a € A, D (¢ + A, +

sa / 2NZazzez|wgz_ g%
A) < DF (Y, y") + N3 TN N3 TR

Proof. Same proof as for lemma 7.0.4, except that we sum over z € Z in this case. [

2

Lemma 7.0.6. Given any v € (0,1), then sup, v*/*z = rYeRa)

Proof. We observe that when = = 0, /%22 = 0 and lim,_... ¥*/?2 = 0. Furthermore,

/2 is monotonically decreasing exponentially as = increase while 2 is monotonically

v
increasing linearly as x increase. Thus it is clear that v*/2z will have a unique global

maximum in (0, 00). We will find it by taking the derivative:
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2 (yrl2)

W +f)/m/2

(o2 | g

Hence by solving when this is equal 0, we have:

vx/z(% +1)=0
e g =0
& o= ﬁ = —2log, (e)
Hence we have that:
N2
< =277 log, (¢)

= —2¢'log,(e)

_ 2
In(y=¢)

Lemma 7.0.7. sup,, cr, ses |1(s,0,¢) — ai(s, ¢',¢")| = 0 for any ¢, &', ¥, .
Proof. Forany a € A, s € S, |af(s, p,0)—af(s, ¢, )| = |R(s,a)— R(s,a)| =0. O

Theorem 4.3.1. Given any ¢,¢' € T, 1, ¢" € O and vy € (0,1), then for all t:

sup  Jau(s, ¢,9) — au(s, ¢/, ¢)| < 2= sup  [Dg(p, &) + Dy (v, ')+

1—~)2
ar€ly,ses (1=7)

s,8'€S,aeA
4 Zsﬁes ¢:S// _(15/:8// + ZZEZ w:’z_djg}z
In(y=) \ VGTHDWVEIHD) T (W) (Ve +1)
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Proof. Using lemma 7.0.1, we have that:

‘ag,a’(s’ va ¢) - ag,a’(& ¢/7 ¢/>|

oYY a a
= ‘R(Su CL) + 9 Zs’es ZzeZ N}ZAEz’Za O/(Z)(‘S,7 (b + 555’7 w + 55’2)

&G
—R(s,a) =YD yeg D ses N};sz,; o (2)(s', ¢ + 0%, 10" +69.)

a a /a e
d)ss’d}s/z ! ¢ss/¢s/z

= 7 Zs’es ZzeZ N;“Nil“a (Z)(Slv ¢ + 5?5’7 ¢ + 5?’2) - WQ&,(Z)(SI’ (b/ + 5?5’7 ¢, + 5g’z>:| ‘

@Y a a a a
= 7 ZSIES ZZEZ W(OA/(Z)(S/, ¢ + 585’7 w + 58/2) - O/(Z)(S/’ ¢/ + 588” ,lvbl + 58/2))

- (s - B ) @60+ ot + 00
T Ses Len g [0/ () 6+ 8y 0 4 05.) — o (2)(s", & + 0l 0/ + 33)
1 Cves Coez |Vinids — N
v sup [a/(2)(s', ¢+ 05y, b+ 85,) — & (2)(s, ¢ + 8y, ¥+ 85))

s'eS,zeZ
/ ’
_'_’YHRHOO Z Z d)s?s’ws(;z _ ¢:s/¢§/z
1—~ s'esS z€Z N;?lel,a N;a./\/'i’a

v osup | (2)(s, o+ 0%, + %) — o (2)(, @' + 6%, 0 + 0%)|
s'eS,zeZ

+ W= (D¢, ¢) + supes Dy, 1))

The last inequality follows from lemma 7.0.3. Hence by taking the sup we get:

IN

‘O/(Z)(Slv ¢, + 5?5’7 w/ + 5(51’z)‘

IN

IN

SupatEFt,SES |Oét(8, ¢> w) - Oét(S, ¢/> w/)|

< 7 sup ‘at—1(8,7¢+5gs’7¢+6g’z) o at—l(“s,’(b/+5gs’7¢,+5g’z>|
s,s’€S,acA,ze€Z,ap 1€

+28  sup  (Dg(¢,0) + Dy (1, 0)

s,s'€S,acA
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We notice that this inequality defines a reccurence. By unfolding it up to ¢t = 1 we

get that:

SupatEI‘t,sES |at(5> ¢> ¢) - Oét(S, gb,? w,)|

< At sup a(s', o+ A0+ A) —au(s', ¢ + A, ¢ + A)]
a1€l'1,8'€S,AeT,A'€0| ||Al1=]|A||1=(t—1)
_'_’YHRHoo ZZ lfyz' sup (Dga(¢,+A,¢—|—A) +DSZIG(¢/+A/,¢+A,))

5,5'€5,a€A,AET, A €0 || Al|1=||A/||1 =i

Bl qup (DS, 0) + DLW )

1—
IR ,s'€S,aeA

Applying lemmas 7.0.7, 7.0.4 and 7.0.5 to the last term, we get that:

SupateI‘t,SES |Oét(5, ¢> w) - O{t(S, ¢/> w/)|
'yHRlloo S2 sup (Dg(¢/, 0) + Dy (', )

s,8'€S,ae A, AT ,A'€O] ||A|[1=||A||1=1

_‘_2/\/’3& Es”es |¢ZSH_¢;ZH‘ ‘l‘ 2NZI/E ZzEZ |¢Z/Z—1/J;‘?Z\
(NSG-FNSG)(N;,G‘FNEZ) (NJ,E+NZIIE)(N;IIG+NZ,/G)

+7\\R|J/w sup  (DE(¢',¢) + Dy (¢, )

s,s'€S,a€A

= =Y sup (/2D (@', ¢) ++/2 Dy (W', )
5,8'€S,a€A,ACT,A'€0| ||A||1=||A!||1=i

; ; ; )/
272/2/\/2(1 Zs”ES ‘d)l;s// _d):z// | + 272/2/\/2/& ZZEZ W}:/Z_d}:%J
W NIV HNRY) W NN N

4l up  (Dge(of, ) + Dy, o))

s,8'€S,a€A
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Now we notice that 4/2 < AN/ since ||A||; = i, and similarly 42 < ~VA7/2. Hence

by applying lemma 7.0.6, we get that:

SupatEI‘t,sES |at(3> ¢> ¢) - Oét(S, gb,? w,)|

< Bl =2 i/2
> T, i=1"
5,5'€5,a€ A,A€T N eO| ||Al1=[|A|[1=i

4 ATweslOa Ol AY e 10, —000,|
In(y " YNGTHFNZYNGFNZD T In(y=o) (N N V2N T

4l up  (Dge(of, ) + Dye(e, )

s,8'€S,a€A

sup (Dg (¢, 6) + D5 (', 4)

428”65 ‘¢Zs//_¢;i// ‘

IN

s,8'€S,a€A

+

In(y=)W *+ 1) (N5 +1) 1—y
(i ~?) Al sup_ [DF(¢/,6) + D" (v, ¢)
s,s'€S,a€e

+ 4 Esﬁgs|¢gsu_¢;i//| ‘l’ ZzEZ WJZ/Z—#J;‘/‘Z\
In(y=¢) \ (VG HDWNZ+T) W e+ 1)V +1)

s,8'€S,a€ A

IN

IN

(2072 Hi= sup  [Dg(¢/,¢) + Dy (¢, )

s,s'€S,a€A

+ 4 Esﬁgs|¢gsu_¢;i//| ‘l’ ZzEZ WJZ/Z—#J;‘/‘Z\
In(y=¢) \ (VG HDWNE+1) W e+ 1)V +1)

Zs” es |¢Z‘5H _d):z// |

R||so -2 i sa s'a s
PYH1—|'\|/ Z?:l Y /2 sup (DS (¢/7 ¢) + DZ (w/7 w) + ln(’Yfe)(Nga—l—l)(/\/‘;f—l—l)

1Y ey I8, —'3 | )+w||z~zoo sup (D¢, 0) + Dya(y', )

ZzEZ W}:’z_d}:%z‘

_ I+ 19IRlle sa( 4 s'a(,/ 4 : .
= 1y 1=y sup [DS (¢ 7¢) + DZ (ID 7¢) + In(v—°) ( (/\/';“+1)(N;?+1) + (qu,a"‘l)(/villa"'l)

s,8'€S,a€A

ZS// es |¢ZS// _d)lsl;// |

Yrez W, —¥ |

29[| R]|o sa( A s'a(,/ 4
S Ty W [DS (¢',0) + D7 (V' ¥) + =) ( Wt VEeD) W)

s,8'€S,a€A

Lemma 7.0.8. Givenp € T,s € S,a € A, then forall A € T,

1
Nzo+T
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Zsles ‘d)l;s’_(d)gs’ +AZ5’)|

NGOV +NZ+1)
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Proof.
Zs’es WZS/ _((bgsl +AZS/)|
NGU+LNZEHNR +1)

Zs’es AZS/
NN +NZE+1)

1 NA®
NGo+1 \ NN+
sa

The term Ng“fiﬁfgaﬂ is monotonically increasing and converge to 1 as N3* —
Thus the lemma follows. O

Corollary 7.0.1. Givene >0, o € T, s € S, a € A, z'f/\/';“ > % — 1 then for all

ZS’ES |¢Zs’ _(¢Zs’ +AZ5/ )‘
NG+ (N +NR*+1)

A € T we have that <€

Zs’es |¢:S/_(¢:S/+A§S/)|

Proof. According to lemma 7.0.8, we know that for all A € 7 we have that N D NG N )

Néa+1 Hence if NS“ > 1 —1 then /\ﬁ < €. O

Lemma 7.0.9. Giveny € O, s € S, a € A, then forall A € O, %Eazif)s(j\/s(fw\;ﬁ%l))l <

1
N+l

Proof. Same proof as lemma 7.0.8. O

Corollary 7.0.2. Givene > 0,9 € O, s € S, a € A, if./\/’j,“ > % — 1 then for all

Zz lesz (wgz+Agz)‘
A € O we have that Nfa+1)(NS“+Ng“+1) <e

Proof. Same proof as corollary 7.0.1 but using lemma 7.0.9 instead. O

Theorem 4.3.2. Given any € > 0 and (s,¢,v) € S such that Ja € A, s € S,
NG > N§ or N > Ng, then 3(s, ¢/, ¢)') € S’ such that Va € A,s' € S, Njj* < N§
and N35° < N5 where |a,(s, ¢,0) — ay(s, ¢, 4")| < € holds for all t and oy € T,.

Proof. Consider an arbitrary ¢ > 0. We will first find a bound on N3* and Nj* such

that any vector with higher counts is within e distance of another vector with lower
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’ _ e(1—)? _ e(1=7)?In(y"°) :
counts. Let’s define ¢ = SR = and €’ = B e According to corollary 7.0.1,

we have that for any ¢ € 7 such that /\/Qf“ > % — 1, then for all ¢’ € 7 such that

there exist a A € 7 where ¢ = ¢ + A, then Z(;};ii‘&j(};ﬁfi;‘ < €’. Hence we want
6 by

to find an N such that given ¢ € 7 with /\fg“ > N, there exist a ¢’ € T such that
N+ < N, Di(¢,¢') < € and exists a A € T such that ¢ = ¢/ + A. Let’s consider

an arbitrary ¢ such that N 5> N. We can contruct a new vector ¢ as follows, for

all s define ¢%, = {N%S,J and for all other @’ # a,s” # s define ¢/%_, = ¢%,, for

Nsa S§7Ss
¢)/
all . Clearly ¢ € T and such that N — |S| < N3* < N. Moreover, we have that

o < ¢%, for all ¢, a’,s” and thus there will exist a A € 7 such that ¢ = ¢' + A.

Furthermore, from its construction we know that for all s, j:/‘i; — j:;s; < /\% Hence
¢ ¢ &'

it is clear from this that D (¢, ¢') < N‘_SHS‘. Thus, if we want D (¢, ¢') < €, we

just need to take N > w‘(%gl) Since we also want N > 5 — 1, let’s just define

€ €

Ng = max (M, L 1). Ng = N§, as defined in Section 4.3, will be our bound
on N such that, as we have just showed, for any ¢ € 7 such that N, 5" > Ns, we can

/ sa sa / / Zs”GS ‘(bf:s//_(b:j;//‘ 17 . .
find a ¢’ € T such that N3* < Ng, D (¢, ¢') < ¢ and WDV < €. Simi-

larly, since we have a similar corollary (corollary 7.0.1) for the observation counts v,
we can proceed in the same way and define N; = max (IZ‘(:%EI), 5 — 1), such that
that for any v € O such that /\/;j“ > Nz, we can find a ¢’ € O such that N5* < Ny,
D (,4") < € and % < €’". Ny = N§ as we have defined in Section 4.3.
Now let S = {(s,¢,9) € S'|Vs' € S,a € A, N;'“ < Ng & N;Z'“ < Nz} and consider

an arbitrary (s, ¢,1) € §'. For any s’ € S, a € A such that ./\/'df/“ > Ng, there exist a

! / Zs”es |¢a/ //_(15“} //‘ 1
¢ € T such that N5 < Ng, Di%(¢p, ¢') < € and =55 I < ¢’ (a5 we have
5°(0,9) W/ T+ DN +1) (

just showed above). Thus let’s define ¢%_, = ¢'¢,, for all s” € S. For any s’ € S,
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a € A such that /\/Qf/“ < Ny, just set ¢%_, = ¢%_, for all s € S. Similarly, for any

s €S, a € A such that lea > Ny, there exist a ¢/ € O such that N3¢ < Ny,

s'a / / ZzeZ |¢§/2—¢;‘?Z\ Vi . y
D3*(,9") < € and i DT < € (as we have just showed above). Thus let’s
define ng,s,, = %, for all " € S. For any s’ € S, a € A such that /\CZ’“ < Ny,
just set ¥4, = %, for all s” € S. Now it is clear from this construction that

(s, gz~5, QL) cS. By Theorem 4.3.1, for any t, sup,,er, ses |a(s, ¢, V) — as(s, gz~5, ’(ZJ)| <

27||R|| oo s,a 7 s',a 7 4 dDsles |¢:s//—¢;gsu‘ ez W, — ~:/Z‘
(1-)? SS,SE%IZGA lDS (6:0) + D7 (. %) + 5=y < NG FD NG +1) * W )W +1) =

2R
(1-7)2

[e’ +ée+ ln(j,e) (" + €")| = e. This prooves the theorem. O

Theorem 4.3.3. Given any ¢ > 0, (s,¢,¢) € S and oy € 'y computed from
the infinite BAPOMDP. Let a; be the a-vector representing the same condition-

nal plan as oy but computed with the finite BAPOMDP (S., A, Z,T.,O., Rc,v), then
|dt(73€(s7 ¢> w)) - Oét(S, ¢> w)| < 15«/ .

Proof. Let (s,¢', 1) = Pc(s, p, ).

|6 (Pe(s,0,9)) — auls, ¢, )]

< (s, ¢, 0) = au(s, ¢, 0)| + |ouls, ¢ 0') — auls, ¢, ¥))|

< ay(s, @', ") — (s, ¢’ ¢")| + € (by Theorem 4.3.2)

= W er Laes T O [& (2)(Pels, ¢ + 85,0 +63.)) — &/ (2)(s, ¢/ + 05,0 +05.)] | + ¢

< YN es Dowes T 0507 16 (2) (Pe(s, ¢ + 828,04+ 65.)) — o/ (2) (s, ¢/ 4 0%, 0 +0%,)| + €
< YSUP,ezpes |0 (2)(Pe(s, @' + 05,0 +04,)) — o' (2)(s', ¢ + 05y, ¥ + 05,)| + €
< YSUDg, ser, (507 wmes [Q—1(Pe(ss 0", 0")) — apa (s, 9", ") + €
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Thus, we have that:

SUDger ves | (Pe(0)) — au(0))]
< Y SUPg, ety yores Q-1 (Pe(0”)) — ara(07)] + €
This defines a recurrence. By unfolding it up to ¢ = 1, where Vo € S, a1(P.(0)) =

ay(o), we get that sup,,er, ses [ (Pe(0)) — ay(o)| <€ Zf;g 7! Hence for all ¢, this

is lower than <. O
v
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KEY TO ABBREVIATIONS

Al: Artificial Intelligence

BACPOMDP: Bayes-Adaptive Continuous Partially Observable Markov Decision
Process

BAMDP: Bayes-Adaptive Markov Decision Process

BAPOMDP: Bayes-Adaptive Partially Observablt Markov Decision Process
BN: Bayesian Network

BRL: Bayesian Reinforcement Learning

DAG: Directed Acyclic Graph

DBN: Dynamic Beyesian Network

FSC: Finite State Controller

HSVI: Heuristic Search Value Iteration

LP: Linear Programming

MCMC: Markov Chain Monte Carlo

MDP: Markov Decision Process

PBVI: Point-Based Value Iteration

POMDP: Partially Observable Markov Decision Process

RL: Reinforcement Learning
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