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ABSTRACT OF THE DISSERTATION

On Asymptotically Optimal Reinforcement Learning

By Daniel Pirutinsky
Dissertation Director:

Professors Michael N. Katehakis and C. Wesley Cowan

We consider the problem of minimizing the long term average expected regret of an agent
in an online reinforcement learning environment. In particular, we model this as a Markov
Decision Process (MDP) where the underlying transition laws are unknown. There have been
many recent successful applications in this area as well as many recent advances in theoretical
techniques. However, there still is a significant gap between rigorous theoretical techniques
and those that are in actual use. This work represents a step towards shrinking that gap.

In the first part we develop a set of properties sufficient to guarantee that any policy satis-
fying them will achieve asymptotically minimal regret (up to constant factor of the logarithmic
term). The goal in this is to, rather than simply add one more learning policy to the mix, build
a flexible framework that may be adapted to a variety of estimative and adaptive policies that
are already in use and grant confidence in the performance. To that aim, this work lays the
groundwork for what we believe is a useful technique for proving asymptotically minimal rate
of regret growth. The conditions are presented here along with hints for how a verifier may
prove that their particular algorithm satisfies these conditions. The ideas in this work build
strongly on those of [1]].

In the second part of this work, we derive an efficient method for computing the indices as-

sociated with an asymptotically optimal upper confidence bound algorithm (MDP-UCB) of [1]]

il



that only requires solving a system of two non-linear equations with two unknowns, irrespective
of the cardinality of the state space of the MDP. In addition, we develop the MDP-Deterministic
Minimum Empirical Divergence (MDP-DMED) algorithm extending the ideas of [2] for the
Multi-Armed Bandit (MAB-DMED) and we derive a similar acceleration for computing these
indices that involves solving a single equation of one variable. We provide experimental results
demonstrating the computational time savings and regret performance of these algorithms. In
these comparison we also consider the Optimistic Linear Programming (OLP) algorithm [3]]

and a method based on Posterior (Thompson) sampling (MDP-PS).
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Chapter 1

Introduction, Background, and Formulation

1.1 Introduction

Reinforcement learning is a rapidly growing area of research with new techniques, problem
specifications, and applications being constantly being developed. There have been many suc-
cessful applications in this area, including Atari games [4], Go [J5]], currency trading [6], op-
timizing trade execution [7]], clinical trials [8] and many more [9]. Although these seem to
enjoy significant empirical success, lack a rigorous theoretical foundation that can give perfor-
mance guarantees remains an issue. The increasing reliance in industry, government, health-
care, safety, robotics on these successful techniques come with an increasing concern about
edge cases, safety, and performance guarantees. As noted in [[10], among others, there still is a
significant gap between rigorous theoretical results and techniques and those that are in actual
use. This work represents an attempt to start closing that gap.

In Chapter 2] we approach this by developing a set of properties sufficient to guarantee that
any policy satisfying them will achieve asymptotically minimal regret (up to constant factor of
the logarithmic term). The goal in this is to, rather than simply add one more learning policy to
the mix, build a flexible framework that may be adapted to a variety of estimative and adaptive
policies and grant confidence in the performance. To that aim, work lays the groundwork for
what we believe is a very useful technique for proving asymptotically minimal rate of regret
growth. The conditions are presented here along with hints for how a verifier may prove that
their particular algorithm satisfies these conditions. The ideas in this work build strongly on
those of [1]].

The practical use of the asymptotically optimal UCB algorithm (MDP-UCB) of [1] has been
hindered [3, [11] by the computational burden of the upper confidence bound indices c.f. Eq.

(3.1). In Chapter 3| we derive an efficient method for computing these indices that only requires



solving a system of two non-linear equations with two unknowns, irrespective of the cardinality
of the state space of the MDP. In addition, we develop a similar acceleration for computing the
indices for the MDP-Deterministic Minimum Empirical Divergence (MDP-DMED) algorithm
developed in [12], based on ideas from [2], that involves solving a single equation of one
variable. We provide experimental results demonstrating the computational time savings and
regret performance of these algorithms. In these comparison we also consider the Optimistic
Linear Programming (OLP) algorithm [3]] and a method based on Posterior sampling (MDP-
PS).

The particular problem under consideration in this work is the online maximization of the
expected average long run reward for an agent in an MDP with unknown transition probabil-
ities. First introduced in [[13]] and later studied by [1] among others. The particulars of the
problem are an important part of the results and the problem is of interest in itself. Long term
average reward is ideally suited to online applications and long term training. We also be-
lieve that the techniques used here can be extended to other related forms of RL problems,
for example, those with unknown rewards. Other criteria for evaluating the effectiveness of a
particular RL algorithm include Probably Approximately Correct [14], Minimax regret [135]],

among others.

1.2 Reinforcement Learning Related Works

As this is a fast growing area of research, there is a lot of recent work. A good resource
for reinforcement learning problems and their potential solution methods is [16]. For a more
bandit focused approach, [[17] has a nice overview of the current state of the art. Most directly
relevant to this paper are Chapters 8, 10, and 38 therein. [18] discuss online learning while
minimizing regret for predicting individual sequences of various forms, with Chapter 6 (bandit

related problems) therein being most relevant here.

1.3 Formulation

Reinforcement learning problems are commonly expressed in terms of a controllable, proba-

bilistic, dynamic system, where the dynamics must be learned over time. The classical model



for this is that of a discrete time, finite state and action Markov decision process (MDP). See
for example, [19] and [11]]. In particular, learning is necessary when the underlying dynamics
(the transition laws) are unknown, and must be learned by observing the effects of actions and
transitions of the system over time.

A finite MDP is specified by a quadruple (S,A,R, P), where S is a finite state space, A =
[A(x)]xes is the action space, with A(x) being the finite set of admissible actions in state x,
R = [rvalces.aca(x)» 1 the expected reward structure and P = [p§ ], yes.qca(x) 18 the transition
law. Here ry, and py , are respectively the one step expected reward and transition probability
from state x to state y under action a. Stated more explicitly, when in state x, taking action
a € A(x) yields a fixed reward of 7y, and a transition to state y with probability p{ ,.

It is convenient to denote subsets of the full set of action A, by A’ C A which is taken to
mean A’(x) C A(x) (and A’(x) is non-empty) for all x € S.

The central problem of interest is then to determine, for each state, which action the agent
should take in that state. In this work, we consider the problem of identifying the optimal
actions to maximize the long term expected average returns. Taking X; to be the state at time
t and H; the total history up to time ¢, and 7(x,h) € A(x) to be the action taken in state x given

history A, the problem can be stated as follows: Find a policy 7 to realize the maximum

. . 1 n—1
0" = mﬁx lim —-E [Z th”(Xth)] . (1.1)
t=0

n—oo 1

When all elements of (S,A, R, P) are known the model is said to be an MDP with complete
information (CI-MDP). In this case, optimal polices can be obtained via the appropriate version
of Bellman’s equations, given the prevailing optimization criterion, state, action, time condi-
tions and regularity assumptions; c.f. [20], [21]. When some of the elements of (S,A,R,P) are
unknown the model is said to be an MDP with incomplete or partial information (PI-MDP).
This is the primary model of interest for reinforcement learning, when some aspect of the dy-
namics must be learned through interaction with the system.

For the body of this work we consider the following partial information model: the transi-

tion probability vector p? = [ pfj’y} yes is taken to be an element of the parameter space

®:{pERS:Zpyzl,VyES,py>O},
yeS



that is, the space of all |S|-dimensional probability vectors.

The assertion of this parameter space deserves some unpacking. It is at first simply a the-
oretical convenience—it ensures that for any control policy, the resulting Markov chain is irre-
ducible. It also represents a complete lack of prior knowledge about the transition dynamics of
the MDP. Knowing that certain state-state transitions are impossible requires prior model spe-
cific knowledge (such knowing the rules of chess). Learning based purely on finite observed
data could never conclude that a given transition probability is zero. Thus, we assert a uniform
Bayesian prior on the transition probabilities and therefore the likelihood associated with p =0
is 0. In this way, asserting this parameter space starting out represents a fairly agnostic initial
view of the underlying learning problem. A possible future direction of study is to examine
how to efficiently incorporate prior knowledge, for instance modifying the specified parame-
ter space, into the learning process without compromising on the learning rate. [22] and [23]]
discuss hidden parameterized transition models, for example, which leverage additional prior
knowledge about the transition probability space.

We will take this unknown transition law to be the only source of incomplete information
about the underlying MDP. The reward structure R = [ry 4|vcs,4ca(x) 1S taken to be known (at
least in expectation), and constant. Much of the discussed algorithms will generalize to the
situation where the distribution of rewards must also be learned, but we reserve this for future
work.

As final notation, it is convenient to define the specific data available at any point in time,
under a given (understood) policy 7: let Ty(t),7“(t),T;¢,(t) be, respectively, the number of
visits to state x, the number of times action a was taken in state x, and the number of transitions
from x to y under action q, that are observed in the first # rounds.

In the next subsection, we consider the case of the controller having complete information
(the best possible case) and use this to motivate notation and machinery for the remainder of

the work.

1.3.1 MDPs under Complete Information

A classical result of [19] is that in order to maximize the long-term expected average value, as

in Eq. (1.1), it suffices for the agent to choose actions based only on the current state. Hence,



we can restrict ourselves to policies that depend only on the current state X;. Indeed, in the
irreducible case, the optimal policy can be derived from the solution (¢*,v*) to the following

system of Bellman’s equations:
II(A,P) = (9,v)

(1.2)
Feat Y piyvy] and ) v, = 0} .

such that ¢ Vx € §: ¢ +vy = max
acA(x) yes yes

Given such a solution (¢*,v*) to the above, an optimal policy (i.e., one that realizes the
maximal long term average expected value) may be realized by the agent taking the maximizing

action in every state, i.e.,

Fea+ Z p;yv;] . (1.3)

m*(x) = arg max

acA yes

It is worth noting that in the case there are multiple such actions, any arbitrary selection of them
will suffice. Indeed, any optimal deterministic policy will realize equality in this system [[19].

The constant ¢* above represents the maximal long term average expected reward of an

optimal policy. The vector v*, or more precisely, v for any x € S, represents in some sense

the immediate value of being in state x relative to the long term average expected reward. The

value v, essentially encapsulates the future opportunities for value available due to being in

state x [19].

1.3.2 MDPs under Partial Information and Regret

Determining the policy 7* as in Eq. depends on having complete knowledge of the tran-
sition law P. If it is unknown, or only approximately known, the underlying optimality values
(¢*,v*) will be unknown, and the optimal actions cannot be determined with certainty. This
may frequently be the case, especially when the transition law must be learned via experimen-
tation or approximated based on available data. In this case, the agent need not only attempt to
determine the optimal actions, but also determine the actions worth experimenting with so as
to collect more data - the classical exploration vs exploitation dilemma.

To quantify the performance of a policy, we utilize the concept of regret or regretful actions:

the number of times an agent takes an action that is sub-optimal. For any policy 7, since



T%(n) < n we immediately get that for all policies 7, and any transition law P, for any sub-
optimal action, a, we have:

E[T%(n)] = O(n). (1.4)

This is trivial. A good policy should therefore achieve a tighter bound (e.g. o(n)) for all possible
P. In [1]], they consider policies that are “uniformly fast” for all P, that is, for all sub-optimal

actions a, E[T“(n)] grows slower than any polynomial function of n. Formally,
E[T%(n)] = o(n*) Va > 0. (1.5)

The central result there is that for any uniformly fast policy, logarithmic regret is the best that

can be achieved universally, i.e., for any uniformly fast policy 7,

a
liming ()]
n—yeo Inn

> C*(S,A,R,P), (1.6)

for some positive constant C*(S,A, R, P). One interpretation of this lower bound is that learning
requires mistakes. Some amount of experimentation with sub-optimal actions is necessary to
be able to correctly identify the true optimum, and this will incur mistakes at least at this rate.
This is in fact tight, as that paper goes on to show, demonstrating both rate constants on this

lower bound, and a specific MDP policy that achieves this lower bound.



Chapter 2

Sufficient Conditions for Asymptotically Optimal Reinforcement

Learning

2.1 Introduction

This chapter can be seen as an extension or generalization of the ideas in [1]]. Rather than fo-
cusing on specific index policy, we use the insights and structure of the analysis in [[1] to guide
the development of sufficient conditions that will guarantee asymptotic logarithmic growth of
regret for a wide range of algorithmic techniques. We present a set of sufficient conditions such
that if a verifier can show that their algorithm satisfies them, they can enjoy guaranteed asymp-
totic minimal regret. Armed with these results the verifier can be confident that their technique
is actually optimal. Where appropriate we include hints for how the verifier may show these
conditions, and why we think these can be more widely applied to existing techniques in prac-

tice.

2.1.1 Related Work

Early work in [21]], [24], and [25]], focused on establishing conditions under which consistent
algorithms could be derived. For conditions on the algorithms, the main result of [26] is that
under some general conditions, value iteration methods (e.g. Q-learning [27]) will converge to
true state-action values. The problem they study is a finite MDP with the goal of minimizing
total expected discounted cost. Their goal of simplifying the proof of the convergence of value
iteration RL methods dovetails nicely with the results presented here. Their results can be seen
as a step towards proving condition 2 Namely, if the technique that an algorithm uses for
value estimation is a value iteration method of the type discussed and can then be shown to

converge fast enough, it will satisfy condition[2] An important caveat is that their results show



that these methods will converge with probability 1 but fail to address the rate at which these
methods converge, which is of central importance here. [26] addresses the estimation of the
value function. This is an important part of the reinforcement learning problem, but doesn’t
address the exploration vs exploitation aspect. In other words, at what rate are we converging?
Can we go faster? How are we choosing the specific actions to take? In fact, we conjecture that
our technique here, coupled with strong results about the convergence rate of value function
estimators, can be used to provide further rigorous guarantees for the growth rate of regret for

a wide range of algorithms.

2.1.2 Chapter Structure

This chapter is organized as follows. Section introduces the concept of over-sampling and
minimally sampling, which aside from being important to the results of this work, are of inter-
est in themselves as they give some nice intuition about the underlying learning problem. In
Section[2.3] we leverage the previous discussion about sampling rates to formalize the effective
estimation of the unknown quantities, namely the transition probabilities and the state values,
and introduce the concept of the 3 different versions of the MDP, IT*, IT;, and I1,. This section
is the basis for conditions [I{ and [2} In Section [2.4] we establish some general notation, some
regularity events, and convenient results. The basis for condition |3|is established here as well.
The fundamental problem of exploration and exploitation is discussed in Section[2.5|which lead
to conditions 4] and [5] Section [2.6]is where the conditions are explicitly stated along with hints
for a verifier on how they might proceed to establish them. In Section we state the main
theorem of this paper and give the proof. In Section 2.8 we conclude by discussing possible
future directions that this research can take. Finally, Section establishes and proves some

useful lemmas about various events for this reinforcement learning problem.

2.2 Sampling Rates

As was hinted at in Section [1.3.2] the logarithmic lower bound of regret from [I]], suggests
that for each action there is a logarithmic sampling rate, dependent on the unknown transition

probabilities, at which the action must be taken in order to distinguish it from the optimal



actions. For any action a, let g*(n) = B%In(n), where B¢ is some positive constant that may
depend on the unknown underlying MDP instance, be this minimal sampling rate. We say an

action has been minimally sampled at time 7 if it has been taken at least g¢(n) times. Formally,

Definition 1. Minimally Sampled Events
Let the event minimally sampled, MS, , denote the event that action a has been sampled at

least g“(n) = B*In(n) times by time n. More precisely,

MSno={T"(n) = g"(n)} 2.1
Next we introduce a useful lemma relating this minimal sampling rate to regret.

Lemma 1. Minimally Sampled Counts
The expected number of times an action a has been taken when it has not been sampled

g%(t) times by time n is less than g*(n) = O(In(n)). Formally,

E

i 1{m = a,MS,"_a}] < g%n) = O0(In(n)) (2.2)
t=0

Proof of this lemma is provided in Section|2.9.1

This minimal sampling rate also implies that if we are to achieve logarithmic regret, the
only actions that should be taken super-logarithmically are the truly optimal actions. With
this as motivation we define the over-sampled rate. Let b(n) be a sub-linear, super-logarithmic
function, for example b(n) = In?(n). We say an action is over-sampled at time 7 if it has been

sampled at least b(n) times. Formally,

Definition 2. Over-Sampled Action
For a sub-linear, super-logarithmic function b(n), we say an action a is over-sampled at

time n, if it has been sampled at least b(n) times. That is,
T(n) > b(n) (2.3)

Figure [2.1]is an illustrative plot of these rates to give a better intuitive sense of these rates.
Consider some action a and plot the number of times it has been been sampled by time n, T%(n).

We can divide this plot into three distinct areas.



10

Sampling Rates

// T

The bottom green area represents a sub-logarithmic sampling rate. If the number of sam-
ples, T%(n), is in that area, we know that we do not have enough information to have ruled it
out as being optimal. That is, we have under sampled the action and regardless of our current
estimates we should continue to sample it in order to collect more information. The top red
area represents a super-logarithmic sampling rate that is greater than or equal to b(n). If the
number of samples, 7%(n), is in that area, then we know have more than enough information
to determine if it is optimal or not. Indeed, only optimal actions should be sampled more than
b(n) times, so if we estimate that action a is sub-optimal, we should stop taking it. Both of these
rates are in some sense “obvious”. That is, they hold, independent of the unknown transition
probabilities, and thus the controller can make decisions about these directly. This insight will
motivate Definition[7]and lead us to condition 3] explicitly defined in Section [2.6]

The key difficulty is the yellow area in the middle. For a controller to achieve minimal
regret they must ensure that all actions are minimally sampled, g“(n), but not over-sample sub-
optimal actions (top red area). We plot three example possible forms of g?(n) in that area.

Since the minimal sampling rate g“(n), depends on the unknown transition probabilities, it is
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within this band that the controller must learn the transition probabilities, attempt to identify
the necessary minimal sample rate, and balance exploration and exploitation. This balancing
act will be discussed in more detail in Section[2.5] First, however, we discuss ensuring that we

use the data we collect to effectively and efficiently estimate the properties of the MDP.

2.3 Estimating the Unknown Probabilities

As indicated previously, knowledge of P and v is sufficient to define and utilize the true optimal
policy. However, if that information is not available, it must be estimated from the data available
at a given time, i.e., observed transitions for actions taken up to a given time. This makes
separating the action policy from the estimators difficult - the data available to construct the
estimators at any time depends explicitly on the policy through the actions taken. Further,
while the transition probabilities for a given state and action represent local information, a
control policy might construct estimators for those transition probabilities based on globally
sampled data (i.e., transitions observed from other potentially related states and actions). In
both these cases, the properties of estimators for P and v at a specific time may depend heavily
on the properties of the policy that brought the controller to that point. However, we can at least
require that our estimators use the data that they have collected to efficiently estimate what they
can. Let P, be an estimate of P, constructed from whatever information is available at time 7 (the
implicit dependence on 7 is suppressed). The estimate £, is a fast local e-effective estimator
if for all sufficiently small € > 0, it quickly provides accurate estimates for the local transition

vectors as more data is collected. Formally,

Definition 3. Fast local e-effective estimators

B is a fast local e-effective estimator if for all sufficiently small € > 0, for sufficiently large

local time k = T“(t), if the estimator depends solely on local time k,
~a 1
P (||Pc(t) — P|| > € and T*(r) = k) §0<ek>' (2.4)

If the estimator depends on global time, we require,

Adl l
P(3>1:|P (') =P} >eand T* (') =k) <O <> (2.5)

ek
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This is indeed condition[Il discussed in Section

Either of the above are natural properties for any worthwhile estimator to satisfy, essentially
guaranteeing that the decision to take a given action will improve knowledge at least about
that action. This guarantees that actions are always locally well-informed, but this does not
guarantee global performance. Constructing a worthwhile policy then depends on successfully
integrating this local information to infer global knowledge.

We can begin this process with the following observation, if every action is better known
the more often it is taken, there must be some subset of actions over which the estimator is
accurate. Indeed, recalling our discussion on sampling rates in Section [2.2] if an action is
minimally sampled it will be well estimated. However, determining the minimal sampling
rate g°(¢) requires knowledge about the unknown transition probabilities, which requires us
to sample at the minimal sampling rate! To address this dilemma, recall that if an action is
over-sampled it will be minimally sampled regardless of its unknown transition probabilities.
Thus, if we restrict our attention to just over-sampled actions we are guaranteed to be using

well estimated actions. This motivates the following definition.

Definition 4. The set of over-sampled actions Ay, is the set of actions such that, for each x € S:
A(x)={a€A(x):Tt) > b(T(t))}. (2.6)

Where b(z) is the over-sample rate function defined in Section E]

Hence, the locally informative estimator P, can be said to give globally accurate informa-
tion, at least about the restricted problem on actions in A,. This definition is independent of the
underlying policy - it simply states that whatever actions are used sufficiently often (b-often),
the transition estimates for those actions are good. It is straightforward to construct and verify
such estimators in this environment but it is worth taking a more general probabilistic view
for the following reason. In applications, an agent may take any number of approaches toward
approximating the transition law (naive estimates, neural networks, etc) and in fact prior infor-

mation as to the structure of the transition law (probabilities peaking around related or similar

UIf a given x has been visited sufficiently rarely that T7¢(t) < b(Tx(t)) for all such q, it is convenient to take
A;(x) = A(x). Recalling that b increases sub-linearly and with high probability we have visited every state linearly
often (see Lemma this will occur rarely.
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states, dropping for distant or dissimilar states) may inform and tighten the resulting estimates.
Whatever the case, all results to follow depend simply on the agent’s estimators converging in
the indicated way, however the agent arrives at that construction.

In particular, if we have an effective estimator of the underlying transition law, then with
high probability, we have good estimates of at least some of the available actions in each state.
While there may be uncertainty about the entire MDP, we can use these estimates to derive
good information about a restricted MDP.

This can be summarized in the following way. There are essentially three MDP problems
we are interested in at any point in time, and therefore three sets of Bellman’s Equations

we are interested in solving:
e IT*: the full ‘unrestricted’ problem I1(A, P) over action set A and transition law P,

e II,: the ‘restricted’ problem at time ¢, I1(A;, P[A,]), over action set A, and transition law

P[A],

e I1,: the ‘estimated’ restricted problem at time #, H(A,,ﬁt[At]), over action set A; and

transition law B[A,].

Note that at any time, IT* the true unknown MDP problem. The problem I1; is a known
MDP and solvable, as it depends only on the known estimates available at any time. The
problem IT; is an interesting midpoint between these two, as it is an unknown MDP which is
restricted to actions that are over-sampled, and therefore have good estimates for their transition
laws. We will show that solving IT, serves as a good estimate for IT;, and how to leverage this
information about I1; into discovering the solution for IT*.

For IT; and IT*, we may take the solutions to the Bellman equations to be (¢,v,) and (¢*,v*)
respectively. For IT,, it is convenient to potentially consider approximate solutions ((ﬁt,ﬁ,),
as solving the full system of Bellman equations may be expensive. Based on the solutions
(0*,v*),(dr,v,), and (¢,,7,), it is convenient to denote the optimal action sets corresponding
with each as O* C A,0; C A,, and O} C A,, respectively. As the solution (¢,?,) may only be
an estimate, like the estimators 2. above, we introduce the following definition. The estimate
(¢,,) is a fast global S-effective estimator if for all sufficiently small § > 0, it quickly

provides accurate estimates for the global state values as more data is collected. Formally,
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Definition 5. Fast global 6-effective estimators

For all sufficiently small & > 0, for sufficiently large global time t,

P(||ﬁ,—H,|>6)§0<1>. (2.7)

e
This is indeed condition 2] discussed in Section 2.6
As in the case of the estimators £, above, the existence and an explicit construction of such
an approximate solution can be easily shown, but these results will hold regardless of how such
a solution is obtained.

The following result summarizes what knowledge effective estimators grant about the un-

derlying restricted problem.

Definition 6. Good Estimation Event

The Good Estimation event, GE; is defined to be

‘;it/ — P¢| < g|| for all a such that MSy ,,
GE =4 [[(¢r,hy) — (9, 1y)[| < 8, (2.8)

" C O forallt' >t

Lemma 2. Good Estimation is likely
Under fast local e-effective estimators and fast global d-effective estimators, then for suffi-

ciently large t,

1

P(GES) <0 (t) . (2.9)

Proof of this lemma is given in Section[2.9.2]

This result warrants some remarks both on its strength and its shortcomings: as to its
strengths, this result holds under any policy. If the estimators are good, there will always
be some subset of actions over which not only are the transitions and optimality values well-
estimated, but as a result, the optimal actions for this restricted problem are known. If we could
additionally guarantee that the restricted problem IT; converges to the true problem IT*, this
would guarantee (probabilistic) discovery of the truly optimal actions.

It is worth noting as well - the growing confidence in the restricted optimal actions does not

necessarily translate to discovery of the unrestricted optimal actions. Consider the hypothetical
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policy that always takes the same (sub-optimal) action in every state. Under this policy, the
single actions taken will be extremely over-sampled, the transitions for these actions well-
estimated, and the optimality values well-estimated as well. Indeed, we can easily determine
the specific optimal actions for this restricted problem (as there would be only one available
action for each state under the restricted problem). However, this policy would fail to discover
the truly optimal actions, as it performs no experimentation at all. But, under a guarantee of
sufficient exploration and exploitation, we can guarantee that ¥, — v*, and ultimately that for

any sub-optimal action a, we have
E[T%(n)] = O(Inn). (2.10)

This will be discussed in Section [2.5] but we first need to establish some regularity results

about the estimation process.

2.4 Preliminaries

Before we discuss the main portion of this chapter, namely the optimal balancing of explo-
ration and exploitation, it is useful to establish some general notation and results related to the

regularity of the estimation of an MDP.

2.4.1 Regularity

Recall from the discussion in Section that only optimal actions should be sampled more
than b(¢) times, and thus stay in the over-sampled set A,. It is convenient to define the following

event.

Definition 7. Retainment and Release Events, RE;
Let the retainment and release event, RE, denote that for all current and future time, be-
lieved optimal actions are retained in the over-sampled set and believed sub-optimal actions

are not taken. Formally,
RE, = {0} C Ayi1, 7y ¢ Av\ O} forall ' >t} (2.11)

A good algorithm should guarantee that this event occurs with high probability. Indeed,

this will be condition [3|explicitly defined in Section
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In order to be able to discuss the local visits to a state over some interval in global time,
we define a mesh that represents the global times over the interval at which the state has been

visited. Formally,

Definition 8. Mesh over an Interval

The mesh of state x over the time interval I = [I,I"] is the ordered set,
M) ={m|Xy=x,1 <m<I"} (2.12)

In this way M, (I) represents the ordered global times over the interval I that we have visited
state x. Having thus established a notional way to refer to the visits to a particular state, we now

address how often a state is visited over an interval.

Definition 9. Frequent Visits Events, F'V,
Let the event frequent visits, FV; denote the event that over any interval I with lower bound
I~ =0(t+1/b(t) >t and width (O(t/b(t)), for any state x, we have visited that state linearly

often. Formally,

FV, = {n(!*)—Tx(I) ZP-O(b(tt)>} (2.13)

Results of [[1]] that this event is occurs with high probability. This claim is made more
precise in Section[2.9.3|
Next, recall the definition of the Good Estimation event GE,, Definition [6] and the fact that

this event also occurs with high probability, Lemma 2]

For simplicity, we combine all these events into one regularity event, R;.

Definition 10. Regularity Events, R,
Let the event regularity, R, denote the event that all the events GE,,RE;, and FV, hold. That

is,
R; = {GE,,RE,,FV,} (2.14)

So under regularity R, for all future time after ¢, we have good estimates for any minimally
sampled action, retainment and release is in effect, and we have frequent visits to every state.
The conditions that we will place on the algorithms will guarantee that with high probability,

the regularity event will occur. This claim is made precise and proven in Section [2.9.3



17

2.4.2 MDP Ordering

For the following discussion, it is convenient to introduce an ordering relation for MDPs. For
action sets A’ A” C A, systems of Bellman’s equations IT' = I1(A’, P), IT" = II(A”, P), with

respective solutions (¢*,v*), (¢*”,v*"'), and respective optimal action sets O*' , O*"
o if 9 < ¢*”, then take IT < IT”
e if 9 =¢* and O C 0", then take IT =I1"

Thus, two MDPs are taken to be equal if and only if they yield equivalent optimal ¢s, and share
at least one optimal policy. Note that we have, by the uniqueness of the solution to Bellman’s

equations that

=" = y’' =" (2.15)
This provides a convenient language for discussing the progression {II,,IT,;y,...}. In fact this

progression can be achieved using the notion of improving actions.

Definition 11. Improving Action
For an MDP T restricted to some subset of actions A’ C A, with solution (¢*' ,v*'), an

improving action at € A\ A’ is such that,

eat Y pfé,yv*’] : (2.16)

R
Frat + Zp)‘j v > max
VYT el <
ye

yeS

That is, adding the action a™ to the restricted action set strictly improves the optimality
values (¢*,v*). Using our language of ordering MDPs, we can write IT' = I[1(A’,P) < IT" =
I1(A’Na™,P). Incidentally, this notion is the basis of policy iteration schemes for solving

known MDPs.

2.5 Optimal Balancing of Exploration and Exploitation

As was mentioned in the end of Section[2.2] the key component of a good algorithm is managing
the exploration and exploitation within the middle portion of Figure 2.1} 1In this section we
present two conditions that if an algorithm can satisfy under relatively simple circumstances, it

will optimally balance these two competing interests.
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2.5.1 Sufficient Exploration

The goal of exploration is to discover actions that perform better than those currently available.
In particular, since over-sampled actions and the restricted MDP are highly likely to be well-
understood, as in Lemma @], better actions must be found outside the over-sampled set. If
the transition law was known, then these actions could be computed as the basis of a policy-
iteration based scheme for computing the unrestricted optimal policy. However, the transition
law is not known, and thus at any time ¢ the improving actions may be unknown. Sufficient
exploration should guarantee that improving actions will be discovered over time. This will lead
to overall improvement of the optimality values for the restricted problem and convergence to
and discovery of the true, unrestricted, optimal actions. In an effort to make this as simple as
possible for a verifier to satisfy this condition we attempt to quantify this in its purest form.
Consider a growing interval of time, under which things behave regularly, our MDP prob-
lem is constant and sub-optimal, where there is a single action outside the over-sampled set,
and that action is an improving action. We want to guarantee that the probability of never tak-
ing such an action (i.e. never exploring when we should) decreases over time. Thus, we may

quantify sufficient exploration in the following way:

Sufficient Exploration

For sufficiently large ¢, for any interval [ = [[~,I"] with a lower bound I~ =
O(t +1/b(t)) and width O(z/b(t)), under the regularity conditions R;-, I, = IT <
IT* for all #/ € I, for at least one improving action a™ in state x,+, and where for ev-
ery action a except a®, TS (¢) > b(I'"), we have,

1

P (7, #a” forallme M,  (I)) <O <I+b(1+)> : (2.17)

This property guarantees (with high probability) that if there is an improving action to be
found, over a growing time interval we are performing at least some exploration to find it.

Indeed, this will be condition[4] discussed more in Section 2.6
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2.5.2 Sufficient Exploitation

The goal of exploitation is to leverage our knowledge to gather the maximum rewards. Put
another way, if we know enough about all action to determine that it is sub-optimal we should
stop taking it.

Similarly to the exploration condition above, consider a growing interval of time, under
which things behave regularly, but now we have a constant but optimal MDP. We have thus
correctly identified the optimal actions. To ensure that we exploit our correct identification of
the optimal actions, we want to guarantee that the probability of taking a sub-optimal action

decreases over time. Thus, we may quantify sufficient exploitation in the following way:

Sufficient Exploitation

For sufficiently large ¢, for any interval / = [[—,I"] with a lower bound I~ = O(¢ +
t/b(t)) and width O(7/b(z)), under the regularity conditions R;-, IT, = IT* for all ¢’ € I,
for any sub-optimal action a ¢ O*(X; ) with, MS;+ ,, we have,

1

P(m.=a)<O0 <1+> . (2.18)

This property guarantees that if we have sampled an action enough to determine it is sub-
optimal (minimally sampled), the probability that we continue to take it decreases over time.

Indeed, this will be condition [3] discussed more in Section [2.6]

2.6 Sufficient Conditions

In this section we provide an explicit statement of each of the conditions presented in this paper,
give some intuition to aid the reader, and explain how a verifier might use the specifics of these
conditions to bound their own algorithm’s performance.

The first two conditions are related to the efficiency and accuracy of our estimators as
discussed in Section[2.3] Firstly, we must have fast local (transition) e-effective estimators. Let
13, be an estimate of P, constructed from whatever information is available at time ¢, then the

condition is,
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Condition 1. B, is a fast local e-effective estimators
For all sufficiently small € > 0, for sufficiently large local time k = T“(t), if the estimator

depends solely on local time k,

P (||Bi(t) — P%|| > € and T*(t) = k) §0<1>. (2.19)

ek

If the estimator depends on global time, we require,

~a 1
P(3 >1:|P(t)—Pi|>€eand T(t') =k) < O <ek> (2.20)

. J

Intuitively this condition guarantees that after gathering sufficient data, we are able to
quickly and accurately estimate the transition probabilities. This can be achieved by a direct
tabular form of estimation. Note however, that this condition allows for other potential esti-
mation techniques which may, for example, take into account a priori knowledge of the MDP
structure, or use non-tabular methods for example as in a neural network approach.

Secondly, we must have fast global (restricted MDP) §-effective estimators. Let (q?,, v,) be

an estimated solution to the restricted MDP, I1;, then the condition is,

s )

Condition 2. (¢;,7,) is a fast global S-effective estimators,

For all sufficiently small 6 > 0, for sufficiently large global time t,

P (||TT, —1L,|| > 8) go(elt). (2.21)

In a similar way to the condition above, this guarantees that if we have collected enough
data, we can quickly and accurately estimate the state values of the restricted MDP II,. That is,
considering only the actions which have been over-sampled, can we at least accurately estimate
the state values of that version of the MDP? This can be accomplished directly, namely by
explicitly solve the restricted MDP using our estimates of the transition probabilities. Note
however, that this condition allows for other potential estimation techniques which may not
require explicitly solving the MDP, may allow the incorporation of a priori knowledge, etc..

The third condition, which is the first condition on how the algorithm actually takes actions,

is that the algorithm must retain what it is almost sure is optimal and must release what it is



21

sure is sub-optimal. Recall the discussion motivating this particular form in Section the

related Deﬁnition and the definition of the good estimation event, GE,, Definition @

Condition 3. Refainment and Release,
For sufficiently large global time t, under the good estimation event GE;, our best guess
at the optimal is taken at least b(t) times (Retainment) and our best guess at the sub-

optimals are taken at most b(t) times (Release). Formally, Retainment,

A 1
P(O} £ A1) < (2.22)

and Release,

a1
P(m €A\ Oy) < = (2.23)

Intuitively, this condition can be thought of as follows Ensure the optimal action stays
over-sampled (retainment) and don’t over sample clearly sub-optimal actions (release). We
know that if we want to obtain minimal regret the only actions that should be taken more than
logarithmically often are the optimal actions and we only need to take sub-optimal actions
logarithmically often (up to a constant factor) to determine that they are sub-optimal. Thus,
if we have taken an action more than logarithmically often (and thus we as the controller are
guaranteed to have a good estimate of it) if it seems sub-optimal, don’t take it anymore (release)
and if it seems optimal, keep our estimate of it accurate (retainment).

How can a verifier ensure that their algorithm satisfies this? Firstly, this can easily be
satisfied by fiat in any policy. Take your arbitrary MDP policy layer these two rules on top.
Note that this is not in general necessary. Under the good estimates event GE,, everything we
think we know about I, is accurate, thus any good algorithm should, with high probability not
take clearly sub-optimal actions and at least super logarithmically often it should take a clearly
optimal action.

The last two conditions pertain to balancing exploration and exploitation within the “log-
arithmically often” band, introduced in Section [2.2] and made more explicit in Section [2.5]
The fourth condition, is that the algorithm must be explore sufficiently often to ensure it will

eventually discover the true optimal action.
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Condition 4. Sufficient Exploration
For sufficiently large t, for any interval 1 = [I-,I"] with a lower bound I~ =

O(t +1/b(t)) and width O(t/b(t)), under the regularity conditions R;-, II, =I1 <

J’_

IT* for allt' € I, for at least one improving action a™ in state x,+, and where for ev-

ery action a except a™, Te () > b(IT), we have,

1
P (7tn #a* forallme M, (1)) <O <1+b(1+)) : (2.24)

\. J

Intuitively, this condition states that if all actions except one are over-sampled, and thus
we know they are well estimated, and that one action is in truth an improving action, there
shouldn’t be long stretches of time where we don’t take it. In other words, the probability of
not exploring the one action that will yield improvement at all, over longer and longer stretches
of time should decrease.

How can a verifier ensure that their algorithm satisfies this and why is it relatively straight-
forward? Notice that the improving actions set is constant, the estimated values of states, vy
are constant within some small 8, there are linear visits to a state with improving actions, every
action except the improving action is over-sampled and all actions taken at least g(/~) are
well-estimated. Thus the only reason we should be not taking the improving action is because
it has not been sampled enough to obtain good estimates. A verifier must now show that the
probability of going for long stretches of time without ever taking the under sampled improving
action decreases at the appropriate rate.

The fifth, and last condition is that the algorithm must exploit often enough to guarantee

that it will maximize its expected average reward or equivalently, incur minimal regret.

Condition 5. Sufficient Exploitation
For sufficiently large t, for any interval I = [~ 1] with a lower bound I~ = O(t +
t/b(t)) and width O(t /b(t)), under the regularity conditions R;-, 1y =I1* for all ' € I,

for any sub-optimal action a ¢ O*(Xyy. with, MS+ 4, we have,

1
P(m.=a)<O0 <I+> . (2.25)
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Intuitively this condition states that if we have indeed discovered the optimal actions, and
have minimally-sampled a sub-optimal action and thus have an accurate estimation for its value,
the probability that we take this sub-optimal action decreases over time.

How can a verifier ensure that their algorithm satisfies this and why is it relatively straight-
forward? Since I, = IT* we can assume that all optimal actions have been taken at least b(t)
times. Recall that any action we take was taken at least g*(I") times. In particular for the
sub-optimal action a we have MS;+ , and thus transition probability estimates are good, so why

did we take it?

2.7 Main Theorem and Proof

These conditions are enough to guarantee that an algorithm has at most asymptotic logarithmic

regret.

Theorem 1. Given Fast Local e-effective Estimators, Fast Global 6-effective Estima-
tors, and a policy that satisfies Retainment and Release, Sufficient Exploration, and
Sufficient Exploitation, we have at most asymptotic logarithmic regret, i.e. For any

sub-optimal action a, in state x,

n—1
E[Tn)]=E|Y 1{m =a}| = O(lnn) (2.26)
t=0

Proof. We first split this expectation in to two events, where action a has been minimally

sampled (MS; ,), and where it has not been minimally sampled (MS;'ﬂ).

E[T%n)] =E i 1{m = a}]

L =0
[n—1 n—1
<E|Y 1{m =aMS;.}|+E|) 1{m =aMS;,} (2.27)
t=0 =0
[n—1
<E|) 1{m =a,MS;.}|+0(In(n))
t=0

Where the last line follow directly from Lemmal ]

We continue splitting the first event in to two events, regular(R, /2) , and non-regular
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n—1
E|Y 1{m=aMS,.}
t=0

n—1
=E|) 1{m=aMS,,,Rn}|+E
t=0

Y 1 {m=a MR, |

n—1

y 11{R;‘/2}

t=0

(2.28)

n—1
<E|Y 1{m=a,MS s,R;pp} | +E
t=0

n—1
<E|Y 1{m =a,MS,s,R; )} | +O(In(n))
t=0

Where this time the last line follows directly from Lemma [6] It remains to show that the
first term, sub-optimal activations of a minimally sampled action, under regular circumstances,
happens at most logarithmically often. Focusing on that term,

n—1 n—1
E ;‘) 1{m =a,MS;4,R, o} | = ;)]P (m =a,MS; 4, R, )2) (2.29)

We will proceed by bounding the probability P (7r, =a,MS, 4,R, /2) for sufficiently large
t. Consider the interval [t/2,¢]. Recalling the definition of R/, (Definition , we have good
estimation over the entire interval, i.e. GE;;. In particular, actions that are estimated to be
optimal for the estimated restricted MDP, I, are indeed optimal for the true restricted MDP

1. More precisely,

D5 C O forallt >1/2 (2.30)

Under R, /, we also have retainment, RE, ,. That is, for all t' >t/2, actions that are optimal
to the restricted problem are kept from leaving the over-sampled set. Thus, if ¢, is the restricted
optimality value at time ¢/, there is a set of actions in OA:‘, capable of achieving this optimality
value. Retainment ensures that O;i C Ay 41, hence there are actions in the over-sampled set at
time ¢ + 1 capable of achieving ¢, as well. Since ¢, is at least achievable with over-sampled

actions at time 7/, we must have that ¢ < ¢y,;.

2The ¢ /2 is a somewhat arbitrary value. As will become apparent later in the proof, we will be looking backwards
from ¢ over some interval with lower bound, I~ = O(t). We also technically are considering |¢/2] instead of 1/2
but we suppress this detail so as not to obscure the important portions of the proof.
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We can summarize this with the following:
Il <ILjpqy <...<I (2.31)

Hence we have monotonically non-decreasing (in terms of the optimality values) sequence
of restricted problems. The exploration condition will guarantee sufficient exploration to push
improving actions into the over-sampled set, resulting in a steady increase in the optimality
values of the restricted problem, until the unrestricted optimum is discovered. Then the ex-
ploitation condition will guarantee that we are taking this truly optimal action sufficiently often
S0 as to incur at most logarithmic regret.

Let D be the number of possible unequal I/, looking at every possible restricted action set
of A. Since D must be finite, we can split the interval [t/2,7] into D intervals of equal width,

I, L,...Ip, where the lower bound of the ith interval is I, =1/2+ (i — 1)+, upper bound

1
2D’
I7 =1t/2+i% ], and width |I;| = £ 1. We also note that [, =t/2 and I} =1.

Now, for sufficiently large 7 such that % > D, there must be at least one interval /; over which
the restricted problem is constant. That is, IT, = H,; fort' € I,. To see this, recall that there are
at most D possible values of I/, we have a monotonic non-decreasing sequence of I/, and we
have D different intervals. For an interval to not be constant the restricted MDP must increase
at some point in that interval, that is IT;- <II;+. So we have at most D — 1 increases (remember
that we start with some II; ) but we have D intervals. Thus, there must be at least one interval
with no increase and therefore constant IT,.

We can further split the event of interest, {71', =a,MS, 4,R, /2} into two event Let the
bad exploitation event F, denote the event that the last interval was the optimal MDP, but we
still took the sub-optimal action a at the last point. That is,

F, — {m = 4,MSt0, T & O°(Xp+),Ryo TIy =T1,_ =TT for 1’ € ID}
(2.32)
C {m = 4,MS;q, R, Ty =TI, =TI" for /' € ID}
Where the second line follows, by noting that a was assumed to be a sub-optimal action and

Dt =1t.

3These events are not mutually exclusive but we will still be able to use them to get an upper bound on the
probability.
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Let the bad exploration event S; ; denote the event that there exists some interval /; with a

constant sub-optimal restricted MDP. That is,
Spi= {n, = a,MS, o, R, )5, Ty =TI, <TT" fort € 1,-} (2.33)

In this manner we have,

D
P (7 =a,MS;4,R, o) <P (F)+ Y P(S:) (2.34)

i=1
First we turn to bounding the probability of the first event, IP (F;). Noting that we have
regularity, RE, », [Ty = IT* (constant optimal MDP) over the interval Ip with lower bound O(t)

and width O(t), and a was minimally sampled MS, ,. This is exactly what is assumed in the

exploitation condition [5| Thus we can bound this probability by,

P@J§O<é>:0(i> (2.35)

Next we look at the bad exploration event S; ;, where we have an interval /; for which we
had a constant sub-optimal restricted MDP. As noted previously in Eq. (2.13)), this implies
that over this interval the f, are constant and thus from Definition the set of improving
actions for each state is non-empty and constant for at least one state, since by assumption the
optimality values are sub-optimal. Let a™ be one such improving action and x,+ be the state

with that improving action.

Divide the interval /; into |A|b(I;") sub-intervals of equal width, 7;,, I;,, .. i+ The lower
bound for the kth interval is,
_ _ 1
L, =17 + (k- 1)’7m
1
t t t t 1
= (5+-135) + k=1 (3+i55) oo 2.
(5+6-D35)+ =D (5+i55 Alb (L +is5) (2:30)
t
=0(t+—
(+5)
the upper bound is,
1
LM =1 +kl
T )
t t t t 1
= (546155 )+ (5+is) s 2.37)
2 2D 2 2D/ |Alb (5+i55)

~o(r+57)
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and the width is,

1
L |l=7r—
= 0 ey

t t 1
SCAVAA B |
(220) W 5 1) @39

t
-o(5i5)

In order to be able to discuss the visits to this state over each sub-interval recall the definition
of the mesh for a state x over an interval I, M, (I) (Definition . By the frequent visits event
FV,, of the regularity condition R, 5, [My . (I;,)| > p|I;;|. That is, we have visited the state x,+
and taken an action in A(x,+), at least pO (ﬁ) > 1 times in each sub-interval.

Now, we must have at least one such sub-interval for which the improving action is never
taken, all other actions are over-sampled, and only the believed to be optimal actions a* € 0;*,
are taken.

To see this we argue as follows. Firstly, any sub-optimal action that is in the over-sampled
set Ay \ 02, will not be taken by the “Release” condition of the Retainment and Release event.
Any sub-optimal and thus non-improving action that would be outside the over-sampled set
T%(I;7) < b(I;") by the end of the interval if not taken, was taken at most b(I;") times. This is
because, if at any point in ; it was taken b(I;") times, it would enter the over-sampled set and
stay there, not taken, for the rest of the interval. Lastly any improving action a™ must have been
taken less than b(I;") times, because otherwise it would enter the over-sampled set and improve
the restricted MDP HI; (by the good estimation event, GE, /, and the retainment event, RE,
of the regularity condition R, ;) which we have already assumed to be constant. Recalling that
we have |A|b(I;") sub-intervals, with at least 1 visit (and thus 1 action taken) to state x,+ in
each, there must be at least one sub-interval k, over which all actions except improving actions
are in the over-sampled set, and the only action taken on the mesh of that interval, M, , (f;) is
believed optimal actions in OA;‘i,.

Next we argue that the probability of never taking the improving action over a sub-interval
is small. The probability of never taking the improving action over some sub-interval [;, is
given by,

P (7, # a” forallm e M, (1;,)) - (2.39)
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Recall that we are assuming the regularity condition, R, >, a constant sub-optimal restricted
MDP, I, = II,- < IT*, all other actions are over-sampled, only the believed to be optimal

. oA . . t
actions in O;, are taken, and we are looking over an interval of lower bound O | ¢ + ) and

b(r)

t
width O (b(t)) . This is exactly what we assumed in the exploration condition |4, Thus we can
bound this probability like so,

1
P (7, #a* forallme M, , (I,)) <O (’f”@) (2.40)

Summing over all |A|b(I;") sub-intervals,

P (S:) < Z P (7rm £a*t forallm e M, . (I,-k))

|A[b(L;")
k=1

Ale(r) |
0 -
k; (I,t b(I; )) (241)
N 1
<010 (7575

1
:0<ﬁ>

IP (75[ - a;MStﬂvRZ/Z)

and so,
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Thus,
P (m = a,MS,4,R;2) <O(1/t)+ P (F,)
<Oo(1/t)+0(1/1) (2.43)

=0(1/1)



Putting it all together,

[n—1
E[T%n)]=E ;) 1{m = a}]

[n—1 n—1

<E|Y 1{m =aMS,}|+E|) 1{m=aMSs],}
| =0 t=0 '
(n—1

<E Z 1{m =a,MS; .} | +O0(In(n))
| =0

n 1

—1
<E|Y 1{m=a,MS R} | +E
=0

L!

n

I
- O

n—1
<E|Y 1{m =a,MS 4R, p} | +E
=0

L!

n

+O(In(n))

1{R}}

0

N
Il

n

—1
<E|Y 1{m=a,MS; R, )2} | +O(In(n))
| =0

n—1
<Y P(m=a,MS,4,R,))+O0(In(n)

t=0
n—1 D n—1
< ;) ;)]P (St,i) + ;}P (F:) +0(In(n))
n—1 1 n—1 1
< t;) 0 <t> + I;)O <t> +O(In(n))
< O(In(n))

and we have finally the main result,

E[T%(n)] < O(Inn)

2.8 Future Work

1{m =a.MS,. R, }

29

+O(In(n))

(2.44)

(2.45)

The most immediate extension of this work would be to apply these conditions to algorithms

that are in actual use to demonstrate their effectiveness. It is also of import to extend these

results to the case with unknown rewards or additional apriori knowledge about the structure of

states, rewards, and transitions.
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2.9 Event Lemmas and Proofs

The purpose of this section is to hold various lemmas and proofs for events that are ultimately
used in the proof of Theorem I}

2.9.1 Minimally Sampled Counts

We restate Lemmall

Lemma 1. Minimally Sampled Counts
The expected number of times an action a has been taken when it has not been sampled

g%(t) times by time n is less than g*(n) = O(In(n)). Formally,

E

i 1{m = a,MSf,a}] < g%(n) = 0(In(n)) (2.2)
t=0

Proof.
n—1 n—1
Y 1{m=aMSj,} =Y 1{m=aT"(r)<gdt)}
t=0 =0

n—1
< Z 1{m =a,T(t) < go(n)} (because g“(t) < g*(n))
t=0

n—1
— ;) 1{m = a} 1{T(t) < ga(n)}
:;1 8a(n) (2'46)
<Y 1{m=a} Y 1{10) =k}
=0 k=0
n—18a(n

)
=Y Y 1{m=a}1{T°() =k} (because a(b+c) = ab+ac)
t=0 k=0

ga( )n—l
= Z Z 1{m =a} 1{T%(t) = k} (because ab+ ac = ba+ ca)
k=0 1=0
We proceed by noting that for a fixed k, both events can only simultaneously occur for at

most one value of ¢. To see this suppose that 7, = a and T%(t) =k, then T*(t + 1) =T*(¢t)+ 1 =

k+1 and T%(r + i) for any positive integer i is < k+ 1. Thus,
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8a(n) n—1

- Y Y i{m—aj1{r'n -k

k=0 t=0

8alr) (2.47)

Recalling that g,(n) = B,In(n) = O(In(n)) the proof is complete. O

2.9.2 Good Estimation Lemmas and Proofs

Instead of proving Lemma [2]directly. It is convenient to first break it into individual events and

then bound the total probability by the sum of the probabilities of each individual event.

Definition 12. Good Local Estimates
Let the event good local estimates, GLE, denote that for any future time t' > t and minimally

sampled action a with (MS,Qa), transition estimators are accurate. More precisely,

GLE, = {|Ei,/ — PY| <é€|| forallt' >1t, for all a such that MSy , } (2.48)

Definition 13. Good Global Estimates
Let the event good global estimates, GGE, denote that for any future time t' >t our esti-

mates of the restricted MDP 11, are accurate. More precisely,

GGE; = {||(¢s, 1) — (¢, )| < 8 forallt' >t} (2.49)

Definition 14. Good Optimal Beliefs
Let the event good optimal beliefs, GOB, denote that for any future time t' > t actions that

we estimate to be optimal for the restricted MDP 11, are indeed optimal. More precisely,

GOB, = {0}, C O}, for allt' >t} (2.50)

Armed with these definitions, the good estimation event GE, = { GLE,, GGE,, GOB, }. Next

we state and prove lemmas that bound the probability of each individual event.

Lemma 3. Under fast local €-effective estimators the following is true.

P(GLES) < O C) 251)
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Proof. Let G; be the set of actions a such that MS, , i.e., T¢(t) > g“(t).

P(GLES) =P (3 = 1:||B[G,] - PIG/)|| > €)
<P(3 >txa: |P()— P > eand T9() > g*(1)
/ ! A /.1 / (252)
(3" >k >g(t'),x,a: |P.(f') — P{| > € and T*(1") = k)

= Y P >k:|B() P4 > eand T() =)

For sufficiently large 7, we will have sufficiently large minimum local time 7¢(z) > g%(z). If
the local estimators depend solely on the local time & then the estimator B;l (¢") remains constant
for a fixed local time k. Let /" = min{¢' > 1 | T%(¢') = k}, that is the first global time that we
have a local time k, then by the definition of fast local estimators we have,

A

P(||BS(") — P! > e and T*(t") = k) < —. (2.53)

X

and thus we can bound the existence probability directly.

P (3t >¢:|Pi(t') — P > eand T(') = k)

<P(||B{(t") —P%|| > e and T“(¢") = k) (2.54)
<L
o

If however, the local estimators depend on global information, and thus global time, we
appeal to the second version of the fast local estimators condition

a 1
P(3 >1:|P(")—Pi >€eand T“(') = k) < " (2.55)

In either case we have,
Y Y Z (3t >k:|BL(t") — PY| > eand T(') = k)

XESacA(x) k=[g4(1)]

- iSBacAl kel (2.56)

o)

Where the last line follows by recalling that g%(¢) = O(In(t)). O
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Bounding the probability of the next event,

Lemma 4. Under fast global 8-effective estimators the following is true.

P(GGE;) <0 <;> (2.57)
Proof.

P(GGE!) =P ({||(¢v,hy) — (¢, hy)|| > & for some ¢’ >t})
=P{||fI, - IL|| > & for some ¢’ >}

S Z]}D{Hﬁt,_HI,H >6}
t'=t

-5

t'=t
)
<0\ -
t

Where the penultimate line follows directly from the definition of fast global estimators.

(2.58)
1

T
el

O]

Lemma 5. Under fast local and fast global estimators the following is true.
1
P(GOB;) <0 <t> (2.59)

Proof. To show the result, it suffices to argue that in the event that we have good local and
global estimates (GLE, and GGE;,), then the actions that realize the maximum for the estimated
case will also realize the maximum for the true (restricted) case. In particular, if P, is a fast local

estimator, and ((]3,,@,) is a fast global estimator, and we have good local and global estimates
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(GLE; and GGE;,), we have for any state x and action a,

(et P ) = (ot L0y ) |
YES yes

e g [z g)

yes yes yes
(B i) - (E 0~ lin )|
yes yeS (260)
< Z P;,y’h%f - il}’yt| + Z ‘P\)ﬁy(t) - P)?,y| V:l%t’
yES yeS

<Y P8+ ) e(hy|+9)

yeSs yes

<d+¢ Z\hy,t\ +|S|ed
yeS

Let D = 6 + &Y cg|hy:| +|S|€0, be this gap. From the above, we get that if € and § are suffi-
ciently small (i.e., the estimates are sufficiently good), then the gap, D, between the estimated
action value and the true action value can be made arbitrarily small.

For any state x, let V, and V; be the true values of the maximal action and the second largest

action, respectively, i.e.

V, = max rxc—i—Zchy Vi
cEA;(x) yes
and
Vs = max

Fee+ Y PSR
ce{A;(x)\O} (x)} He }% X,y )’J]
Let Va be the minimum estimated value of any #ruly optimal action and f/b be the largest

estimated action value of any truly sub-optimal action, i.e.

V,= rmn Iy, +
and
V= max 7o+ pe til,
P e m\ory | yezs vy (1) ),z]

If we can show that V,, < V,, we will have shown that given Good Estimators, actions
estimated to be optimal are indeed optimal ( i.e. if a € OF, then we must have a € 0;)

Taking € and § sufficiently small such that, D < %(Va —V;), and noting that 0 <V, — V; <
V. — V. for any ¢ € {A;(x) \ Of (x)}, we have,



35

1 1 N
Vi — V| < E(VQ—VS) < E(Va_Vb) = Vo <Vo+=(Va—Vp)
and
1 1 1
Va—Va| < E(VQ_Vg) < E(Va_‘/b) == -V, < E(Va—Vb)—Va = V,—=(Vu—Vp) <V,

and together we have,

N 1 1 N
V, < Vb—l—E(Va—Vb) =V,— E(Va_Vb) < V5.

This, combined with the probability bounds on good local and global estimates, GLE; and

GGE;, from Lemmas [3|and || respectively, yields the result. O
Finally we restate Lemma 2]

Lemma 2. Good Estimation is likely
Under fast local -effective estimators and fast global d-effective estimators, then for suffi-

ciently large t,

P(GE) < O (1) . (2.9)

Proof. Recalling that GE, = {GLE,, GGE,,GOB, } the result is immediate from Lemmas [3|
and [5] by bounding the total probability by the sum of the probabilities of each individual

event. O

2.9.3 Regularity Lemmas and Proofs

Lemma 6. Under local e-effective estimators, fast global d-effective estimators, and the Re-
tainment and Release condition[3|, then non-regularity contributes at most O(In(n)) expected
regret. Formally,

E [f 1{R‘}| < O(In(n)) (2.61)
t=0

Similarly to[2.9.2] instead of proving Lemma [6| directly, it is convenient to bound the prob-

ability of individual events and then bound the total probability by their sum.
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Lemma 7. If an adaptive policy satisfies the Retainment and Release condition |3| then the

Retainment and Release event[]|is likely. Formally,

1
P(RES) < O <t) (2.62)
Proof.
P(RE!) <P (0 C Ay for somet’ > 1) +P(my ¢ Ay \ O} for some ¢’ > 1)

< ZIP’ W CAps) +P (1 ¢ A\ O})

) ZO ( ) (2.63)

t'=t

cof

Where the penultimate line follows directly from the definition the retainment and release

condition 3 O
Lemma 8. Frequent visits are likely. Formally,
: 1
P(FV;) <O <t> (2.64)

Proof. The proof relies on the following proposition on MDPs from []1], given there as Prop. 2

@1):

P(T,(r) < pt) < Ae P (2.65)

This implies that, with high probability, every state is visited roughly linearly often. Con-

sider “restarting” the MDP at time /™. For sufficiently = O(t/b(t)) will be greater

than |S|. By Proposition |1/ we know that regardless of the policy 7 with high probability we

visit any state a, p|/| times. In particular,
P(T(I") —T(I") < p|I|) < Ae PVl

— Ae P (2.66)

<0(1/1)
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Restating Lemma 6]

Lemma 6. Under local €-effective estimators, fast global d-effective estimators, and the Re-
tainment and Release condition[3|, then non-regularity contributes at most O(In(n)) expected
regret. Formally,

< O(In(n)) (2.61)

E [ZO 1{R¢)

Proof. The proof directly follows from the previous lemmas [2][7} [8]

E

Y 1{R}
=0

<E +E +E

n—1
Z 1{GE¢}
=0

n—1
Z 1{RE‘}
t=0

n—1
Y 1{Fv;{}
t=0

n—1 n—1 n—1
<Y P(GE)+ Y P(RE)+ ) P(FV/)
=0 1=0 1=0 (2.67)

<) (P(GE;)+P(RE;)+P(FVy))

<5 (0() () ()
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Chapter 3

Accelerating the Computation of UCB and Related Indices for

Reinforcement Learning

3.1 Introduction

The practical use of the asymptotically optimal UCB algorithm (MDP-UCB) of [1]] has been
hindered (3, |11]] by the computational burden of the upper confidence bound indices c.f. Eq.
(3.1), that involves the solution of a non-linear constrained optimization problem of dimension
equal to the cardinality of the state space of the MDP under consideration. In this chapter
we derive an efficient computational method that only requires solving a system of two non-
linear equations with two unknowns, irrespective of the cardinality of the state space of the
MDP. In addition, we develop a similar acceleration for computing the indices for the MDP-
Deterministic Minimum Empirical Divergence (MDP-DMED) developed in [12], that involves
solving a single equation of one variable. In Section [3.3] we present these computationally
efficient formulations and provide experimental results demonstrating the computational time
savings.

The body of the paper is devoted to presenting and discussing four computationally simple
algorithm that are either provably asymptotically optimal, or at least appear to be. While no
proofs of optimality are presented, the results of numerical experiments are presented demon-
strating the efficacy of these algorithm. Proof of optimality for these algorithm will be discussed

in future works.

3.1.1 Related Work

In addition to the papers upon which the algorithms here are explicitly based, there are many

other approaches for adaptively learning MDPs while minimizing expected regret. [28|] propose
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an algorithm, UCRL2, a variant of the UCRL algorithm of [[11f], that achieves logarithmic
regret asymptotically, as well as uniformly over time. UCRL2, defines a set of plausible MDPs
and chooses a near-optimal policy for an optimistic version of the MDP through so called
“extended value iteration”. This approach, while similarly optimistic in flavor, is sufficiently
different than the algorithms presented here that we will not be comparing them directly. The
algorithms in this chapter act upon the estimated transition probabilities of actions for only our
current state, for a fixed estimated MDP. Specifically, MDP-UCB and OLP inflate the right
hand side of the optimality equations by perturbing the estimated transition probabilities for
actions in the current state. MDP-DMED estimates the rates at which actions should be taken
by exploring nearby plausible transition probabilities for actions in the current state. Finally,
MDP-PS obtains posterior sampled estimates, again, only for, the transition probabilities for
actions in the current state.

Recently, [29] show that model-based algorithms (which all the algorithms discussed here
are), that use 1-step planning can achieve the same regret performance as algorithms that per-
form full-planning. This allows for a significant decrease in the computational complexity of
the algorithms. In particular they propose UCRL2-GP, which uses a greedy policy instead of
solving the MDP as in UCRL2, at the beginning of each episode. They find that this policy
matches UCRL2 in terms of regret (up to constant and logarithmic factors), while benefiting
from decreased computational complexity. The setting under consideration however, is a finite
horizon MDP and the regret bounds are in PAC terms [[14]] and optimal minimax [[30]]. Further
analysis is required to transfer these results to the setting of this paper. Namely, an infinite
horizon MDP with bounds on the asymptotic growth rate of the expected regret. A fruitful
direction of study would be to examine the relationship between UCRL2-GP, UCRL2, and the
algorithms presented here, more closely, paying particular attention to the varying dependen-
cies on the dimensionality of the state space.

[31]] analyze and compare the expected regret and computational complexity of PS-type
algorithms (PSRL therein) versus UCB-type (OFU therein) algorithms, in the setting of finite
horizon MDPs. The PSRL algorithm presented there is similar to MDP-PS here. However,
their optimistic inflation or stochastic optimism is done across the MDP as a whole, either over

plausible MDPs in the case of OFU, or for a fixed MDP in the PSRL case. By contrast, in this
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paper we present non-episodic versions where the inflations are done only for the actions of
our current state for a fixed estimated MDP. They also argue therein that any OFU approach
which matches PSRL in regret performance will likely result in a computationally intractable
optimization problem. Through that lens, the main result of this paper, proving a computation-
ally tractable version of the optimization problem shows that actually a provably asymptotically
optimal UCB approach can compete with a PS approach both in terms of regret performance as
well as computational complexity. A more thorough analysis is required in order to determine
what parts of our analysis here, with an undiscounted infinite horizon MDP, can carry over to

the finite horizon MDP setting of [31]] and [30].

3.1.2 Chapter Structure

This chapter is organized as follows. In Section [3.2] we present four simple algorithms for
adaptively optimizing the average reward in an unknown irreducible MDP. The first is the
asymptotically optimal UCB algorithm (MDP-UCB) of [1f] that uses estimates for the MDP
and choose actions by maximizing an inflation of the estimated right hand side of the average
reward optimality equations. The second (MDP-DMED) is inspired by the DMED method for
the multi-armed bandit problem developed in [32} 2] and estimates the optimal rates at which
actions should be taken and attempts to take actions at that rate. The third is the Optimistic
Linear Programming (OLP) algorithm [3]] which is based on MDP-UCB but instead of using
the KL divergence to inflate the optimality equations, uses the L; norm. The fourth (MDP-PS)
is based on ideas of greedy posterior sampling that go back to [[33]] and similar to PSRL in [31]].
The main contribution of this chapter is in Section[3.3] where we present the efficient formula-
tions and demonstrate the computational time savings. Various computational challenges and
simplifications are discussed, with the goal of making these algorithms practical for broader
use. In Section 3.4 we compare the regret performance of these algorithms in numerical exam-
ples and discuss the relative advantages of each. While no proofs of optimality are presented,
the results of numerical experiments are presented demonstrating the efficacy of these algo-
rithms. Proof of optimality for these algorithms will be discussed in future works, especially in

light of the conditions in Chapter 2]
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3.1.3 Notation

It will be convenient in what is to follow to define the following notation:
L(x,a,g,y) =r(a)+ Zpyvy.
yES

The function L represents the value of a given action in a given state, for a given transition
vector—both the immediate reward, and the expected future value of whatever state the MDP
transitions into. The value of an asymptotically optimal action for any state x is thus given by
L*(x,A,P) = L(x,a*(x,P),B;‘*(x’P),y(A,P)).

In general, for the unknown transition laws case, we have the following bound due to [1]],
for any uniformly fast policy 7, any sub-optimal action must be sampled at least at a minimum
rate. In particular, for a suboptimal action a,

E|TYT 1
liminf 7Tl > .
T InT K, .(P)

where K, ,(P) represents the minimal Kullback-Leibler divergence between plandany g€ ®
such that substituting g for Bjx in P renders a the unique optimal action for x. Recall, the
Kullback-Leibler divergence is given by I(p,q) = ¥rcs pxIn(px/qx)-

This can be interpreted in the following way: for a sub-optimal action, the “closer” the
transition law is to an alternative transition law that would make it the best action, the more
data we need to distinguish between the truth and this plausible alternative hypothesis, and
therefore the more times we need to sample the action to distinguish the truth. Anything less
than this “base rate”, we risk convincing ourselves of a plausible, sub-optimal hypothesis and
therefore incurring high regret when we act on that belief.

Policies that achieve this lower bound, for all P, are referred to as asymptotically optimal.
Achieving this bound, or at least the desired logarithmic growth requires careful exploration of

actions. In the next section, we present four algorithms to accomplish this.

3.2 Algorithms for Optimal Exploration

Common reinforcement learning algorithms solve the exploration/exploitation dilemma in the

following way: most of the time, select an action (based on the current data) that seems best,
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otherwise select some other action. This alternative action selection is commonly done uni-
formly at random. As long as this is done infrequently, but not too infrequently, the optimal
actions and policy will be discovered, potentially at the cost of high regret. Minimizing regret
requires careful consideration of which alternative actions are worth taking at any given point
in time. The following algorithms are methods for performing this selection; essentially, in-
stead of blindly selecting from the available actions to explore, each algorithm evaluates the
currently available data to determine which action is most worth exploring. Each accomplishes
this through an exploration of the space of plausible transition hypotheses.

The benefit of this is that through careful exploration, optimal (minimal) regret can be
achieved. The cost however, is additional computation. The set of alternative transition laws is
large and high dimensional, and can be difficult to work with. In Section [3.3| we show several

simplifications, however, that make this exploration practical.

3.2.1 A UCB-Type Algorithm for MDPs Under Uncertain Transitions

Classical upper confidence bound (UCB) decision algorithms (for instance as in multi-armed
bandit problems, c.f. [34], [35], [36]), approach the problem of exploration in the following
way: in each round, given the current estimated transition law, we consider “inflated” esti-
mates of the values of each actions, by finding the best (value-maximizing) plausible hypothe-
sis within some confidence interval of the current estimated transition law. The more data that
is available for an action, the more confidence there is in the current estimate, and the tighter
the confidence interval becomes; the tighter the confidence interval becomes, the less explo-
ration is necessary for that action. The algorithm we present here is a version of the MDP-UCB
algorithm presented in [/1]].

Atany time t > 1, let x; be the current (given) state of the MDP. We construct the following

estimators:

e Transition Probability Estimators: for each state y and action a € A(x, ), construct £ based

on
ﬁa — Yj\fétlsy(t) +1
Xty 73::([)—’—‘5"

Note the biasing terms (the 1 in the numerator, |S| in the denominator). Including these,
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biases the estimated transition probabilities away from 0, so that our estimates p¢ will
—M
be in ®. Additionally, these guarantee that the above is in fact the maximum likelihood

estimate for the transition probability, given the observed data and uniform priors.

e “Good” Action Sets: construct the following subset of the available actions A(x;),
A = {a €A(y): T4(t) > (InT,, (t))z} .

The set A, represents the actions available from state x; that have been sampled frequently
enough that the estimates of the associated transition probabilities should be “good”. In
the limit, we expect that sub-optimal actions will be taken only logarithmically, and hence
for sufficiently large 7, A, will contain only actions that are truly optimal. If no actions
have been taken sufficiently many times, we take A, = A(x;) to prevent it from being

empty.

e Value Estimates: having constructed these estimators, we compute ¢, = (D(A,,}A’,) and
V= X(At,ﬁ,) as the solution to the optimality equations in Eq. (1.2), essentially treating
the estimated probabilities as correct and computing the optimal values and policy for

the resulting estimated MDP.

At this point, we implement the following decision rule: for each action a € A(x;), we

compute the following index over the set of possible transition laws:

Int
ug(t) =supq L(x;,a,q,0,) : 1(p% ,q) < , (3.1)
o) = sup{ Lls.0.8) 1(72.0) < 0 )

where I(p,q) = ¥, pyIn(p,/qy) is the Kullback-Leibler divergence, and take action
m(t) = argmax ey, Ua(t)-

This is a natural extension of several classical KL-divergence based UCB algorithms for the
multi-armed bandit problem c.f. [13]], [35]], [36] taking the view of the L function as the ‘value’
of taking a given action in a given state, estimated with the current data. In [35[], a modified
version of the above algorithm is in fact shown to be asymptotically optimal. The modification
is largely for analytical benefit however, the pure index algorithm as above shows excellent
performance c.f. Figure Further discussion of the performance of this algorithm is given

in Section
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An important and legitimate concern to the practical usage of the MDP-UCB algorithm
that has been noted in [3] among others, is actually calculating the index in Eq. (3.1I). This
and other issues are discussed in more depth in Section [3.3] where a computationally efficient
formulation is presented. Additionally, in Section [3.4] we highlight beneficial behavior of this

algorithm that makes it worth pursuing.

3.2.2 A Deterministic Minimum Empirical Divergence Type Algorithm for MDPs

Under Uncertain Transitions

In the classical DMED algorithm for multi-armed bandit problems [32], rather than consid-
ering (inflated) values for each action to determine which should be taken, DMED attempts
to estimate how often each action ought to be taken. Recall the interpretation of [35] given
previously, that for any uniformly fast policy 7, for any sub-optimal action a we have

BT 1
In ~ K q(P)’

liminf
T

where K, ,(P) measures (via the Kullback-Leibler divergence) how much the transition law for
action a would need to be changed to make action a optimal.

DMED proceeds by the following reasoning. If we estimate that the sub-optimal action a
is close to being optimal (low K, ,), make sure we take it often enough to differentiate between
them (ensure 7} is high). If, on the other hand, we estimate that the sub-optimal action a is far
from being optimal (high K ,), we don’t need to take is as often (ensure 7, is low). As with
the MDP-UCB and OLP algorithms, this requires an exploration of the possible transition laws
“near” the current estimated transition law.

In general, computing the function K, ,(P) is not easy. We consider the following substi-

tute, then:

K,.(Pv,a") = inf {I(p”,q) :L(x,a,q,v) > L(x,a*,p“*,y)}.
’ P = Sx

This is akin to exploratory policy iteration. That is, determining, based on the current value
estimates, how much modification would produce an improving action.

The function K measures how far the transition vector associated with x and a must be
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perturbed (under the KL-divergence) to make a the optimal action for x. The function K mea-
sures how far the transition vector associated with x and @ must be perturbed (under the KL-
divergence) to make the value of a, as measured by the L-function, no less than the value of an
optimal action a*. As will be shown in Section K may be computed fairly simply, in terms
of the root of a single non-linear equation.

In this way, we have the following approximate MDP-DMED algorithm (see [32[] and [_2]
for the multi-armed bandit version of this algorithm).

At any time ¢ > 1, let x; be the current state, and construct the estimators as in the MDP-
UCB algorithm in Section B, A,, and utilize these to compute the estimated optimal
values, ¢; = ¢)(At,f’t) and 9, :y(A,,E).

Let a4 = arg max,ca(y,)L(x,a, é; ,7,) be the estimated “best” action to take at time ¢. For

each a # a;, compute the discrepancies
D(a) = lnt/f(xt,a(lﬁtvfn&;‘) —Tya(t)

If max,z4; Di(a) <0, take 7(t) = dy, otherwise, take 7(t) = argmax, .- D:(a).

Following this algorithm, we perpetually reduce the discrepancy between the estimated
sub-optimal actions, and the estimated rate at which those actions should be taken. The ex-
change from K to K sacrifices some performance in the pursuit of computational simplicity,
however it also seems clear from computational experiments that MDP-DMED as above is not
only computationally tractable, but also produces reasonable performance in terms of achieving
small regret c.f. Figure[3.3] Further discussion of the performance of this algorithm is given in

Section[3.4

3.2.3 Optimistic Linear Programming, Another UCB-Type Algorithm for MDPs

Under Uncertain Transitions

As we have previously noted, [3]] raises some legitimate computational concerns. They pro-
pose an alternative, algorithm which they term “optimistic linear programming” (OLP), which
is closely related to the MDP-UCB algorithm presented here. The main difference between
OLP and MDP-UCB is that OLP does not use the KL. divergence to determine the confidence

interval. Instead, OLP uses L; distance, which allows the resulting index to be computed via
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solving linear programs. This reduces the computational complexity at the cost of performance.
As we will show in Section the MDP-UCB optimization problem can be simplified drasti-
cally, to render the use of OLP, at least with respect to the computational issues, unnecessary.
The algorithm we present here is a version of OLP algorithm presented in [3].

At any time ¢ > 1, let x; be the current state, and construct the estimators as in the MDP-
UCB algorithm in Section B, A,, and utilize these to compute the estimated optimal
values, ¢, = ¢(A,,B,) and 9, = v(A,, B,).

At this point, we implement the following decision rule: for each action a € A(x;), we com-
pute the following index, again maximizing value within some distance of the current estimates:

R R 2Int
uq (1) = e {L(xha,q,b) gy —alh < w} :
and take action

m(t) = arg max,ea(y,)a(t)-

3.2.4 A Thompson-Type Algorithm for MDPs Under Uncertain Transitions

In MDP-UCB, MDP-DMED, and OLP, above, we realized the notion of “exploration” in terms
of considering alternative hypotheses that were “close” to the current estimates within ©, in-
terpreting closeness in terms of “plausibility”. In this section, we consider an alternative form
of exploration through random sampling over ®, based on the current available data. Given a
uniform prior over @, the posterior for B)“C is given by a Dirichlet distribution with the observed
occurrences. Posterior Sampling (MDP-PS) proceeds in the following way:

At any time ¢ > 1, let x; be the current state, and construct the estimators as in the MDP-
UCB algorithm in Section B, A,, and utilize these to compute the estimated optimal
values, (ﬁt =0 (A,,f’t) and ¥, = y(ﬁ,,f’,). In addition, generate the following random vectors:

For each actiona € A(x;), let I'§ () = [T ,(¢)]yes be the vector of observed transition counts

from state x; to y under action a. Generate the random vector Q according to

Q(t) ~ Dir (T, (1))-

The Q“(t) are distributed according to the joint posterior distribution of P} with a uniform
= At

prior.
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At this point, define the following values as posterior sampled estimates of the potential

value L of each action:
Wa(t) =rya +ZQ;(I)‘7)H
S
and take action 7r(f) = arg max ey, Wa(t)-

In this way, we probabilistically explore likely hypotheses within ®, and act according to

the action with best hypothesized value.

3.3 Accelerating Computation

All of the above algorithms require computing the estimated optimality values ¢, ¥, each round.
This is an issue, but efficient linear programming formulations exist to solve the optimality
equations in Eq. (1.2) see for example [19]. It may also be possible to adapt the method of [37]]
for approximately solving MDPs, among others, to our undiscounted and potentially changing
MDP setting.

However, each of these algorithms additionally has unique computational challenges, through
computations over the high dimensional parameter space ® due to the typically high cardinality

of the state space.

3.3.1 MDP-UCB

We will first examine the MDP-UCB algorithm from Section Recalling the notation
that I(p,q) = ¥ pxIn(px/qx), MDP-UCB has to repeatedly solve the following optimization
problem:

C(p,v,8) = sup{quvx 1(p.g) < 5}.

ge@ X

The index of the MDP-UCB algorithm may be efficiently expressed in terms of the C func-

tion above, u,(t) = ry (a) +C (Bj 9, TL’@) We will refer to this formulation as the g-

Formulation.

This represents an |S|-dimensional non-linear constrained optimization problem which is

not, in general, easy to solve.
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For mathematical completeness, as well as for practical implementation, we first analyze

some trivial cases. Let 4, =}, pxv, and V = max,v,, then
Theorem 2. The value of C(p,v,8) can be easily found in the following cases:

e [f 8 <0 then the optimization problem, C(p,v,d) is infeasible and we say C(p,v,0) =

e [f6 =0, thenC(p,v,6) = Up.
o If§ > 0and v, = vy, forall x;,x; €S, then C(p,v,8) = Up.

Proof of this theorem is provided in Section[3.6.1]
For other cases, we can reduce this to solving a 2 dimensional system of non-linear equa-

tions, with unknowns p; and A as follows.

Theorem 3. For any 6 > 0 and v such that vy, # vy, for some x1,x; € S,

C(p,v,8) =y,

where

szm<1+ Vx;’hz) _s,

xes§
A

Pxa V% )
Xx: x)’_'_vx_;u’q

Py < Uy <Vand A < p;—V.

Proof of this theorem is provided in Section [3.6.2]

Solving these systems, which we will refer to as the (1, A )-Formulation, provides dramatic
speed increases for the implementation of the algorithm (Figure [3.1). We also note that the
(u;,l)—Formulation scales manageably with the dimension of the state space, as opposed to
the g-Formulation. Additionally, the structure of the equations admits several nice solution
methods since, for a given y,, the second equation has a unique solution for A in the indicated
range, and given that solution, the summation in the first equation is increasing to infinity as a

function of .
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3.3.2 MDP-DMED

Next we examine the MDP-DMED algorithm from Section Again, recalling the notation
that I(p,q) = ¥, pxIn(p+/qx), MDP-DMED has to repeatedly solve the following optimization

problems:

D(p,v,p) = inf {I(pﬂ) : ;QXV)C > P}-

q€0
The rate function K of the MDP-DMED algorithm may be efficiently expressed in terms
of the D function above, K, (B, 7,,d") = D(B;’t,g,L(x,,a*,B;’* ,9,) —ry,(a)). We will refer to
as the g-Formulation. This represents an |S|-dimensional non-linear constrained optimization
problems, which is not, in general, easy to solve.
As before, we consider some trivial cases first. Let i, =}, pyvy and V = max, vy, then

Theorem 4. The value of D(p,v, p) and by extension D;(a) can be easily found in the following

cases.:

e Ifp >V then the optimization problem, D(p,v, p) is infeasible and we say D(p,v,p) =
and Dy(a) = —T,, 4(1).

o Ifp <, then D(p,v,p) =0 and we say D;(a) = .

o If vy, # vy, for some x1,x; € S and p =V, then optimization problem D(p,v,p) diverges

to infinity and we say D(p,v,p) = o and D;(a) = —T, 4(t).

Proof of this theorem is provided in Section[3.6.3]
For other cases, this optimization problem reduces to solving a 1-dimensional system of

non-linear equations with one unknown, A, as follows:

Theorem 5. For any v such that vy, # v, for some x1,x, € S and u, <p <V,

D(p,v,p) =) pcIn(1+(p —vi)A),

where
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Proof of this theorem is provided in Section [3.6.4]

As with the MDP-UCB case, solving this system, which we will refer to as the A-Formulation,
provides dramatic speed increases for the implementation of the algorithm (Figure [3.1). We
also note that the A-Formulation scales manageably with the dimension of the state space, as
opposed to the g-Formulation. Additionally, the A-Formulation structurally lends itself well
to solutions. Over the indicated range, the summation is positive and constant in the limit as
A — 0, and monotonically decreasing, diverging to negative infinity as A — 1/(V — p). Hence

the solution is unique, and can easily be found via bisection.

3.33 OLP

Next we examine the OLP algorithm from Section OLP has to repeatedly solve the

following optimization problem:

B(B,X,(S) = Sup{z%cvx : ||éx' —g|!1 < 6}

QG@ X

The index of the OLP algorithm may be efficiently expressed in terms of the B function above,

ug(t) =ry(a)+B (é;,g, \ /%) B(p,v,0) is equivalent to the following linear program:

maxgt g Y V(g x—q A+ pr),
o xeSs

S.t.

Y atit+q <6,

xeSs

Zqix_q+x:07

x€S

gt —q << px Vx €S,
+ —

q g x>0 VxeS.

This represents an |S|-dimensional linear program, which can generally be computed quite
efficiently. However, as the dimension of the state space increases we incur a greater computa-

tional burden (Figure 3.1).
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3.34 MDP-PS

The most attractive advantage of MDP-PS is the reduced computational cost, relative to the
other three proposed algorithms (Figure [3.2). Notice there is no extra optimization problem
that needs to be solved. In the MDP-UCB algorithm, at every time ¢, we had to iteratively
solve |A(x;)| instances of C(p,v,6), for OLP |A(x;)| instances of B(p,v,6), and for MDP-

DMED,

A(x;)| instances of D(p,v, p). Under MDP-PS, the computational burden stems from
sampling from the Dirichlet distribution for each action (again, |A(x;)| steps), but this is a well
studied problem with many efficiently implemented solutions (see for example [38]]). Specific
properties of the MDP-PS algorithm may still make these other algorithms worth pursuing,

however, as seen in Section[3.4]

3.3.5 Computation Time Comparison

To demonstrate the computational time savings achieved by these simplifications we randomly
generated the parameters for 15 different action indices and timed how long each algorithm
took to solve. We repeated this for 4 different values of |S|, the dimension of the state space,
10, 100, 1,000, and 10,000. In Figure we plot the mean computation time as |S| increases,
for each algorithm, [1] MDP-PS, [2] MDP-DMED A-Formulation, [3] MDP-UCB ( ,LL;,)L)-
Formulation , [4] MDP-DMED g-Formulation , [S] MDP-UCB g-Formulation, and [6] OLP,
along with a 95% confidence interval.

In order to keep the comparisons as equitable as possible, the optimization problem for all
the algorithms (with the exception of MDP-PS) were solved to within 4 digits of accuracy using
TensorFlow for Python [39]]. MDP-PS used SciPy’s random Dirichlet generator. They were all
run on a MacBook Pro with a 3.1 Ghz 17 processor with 16GB DDR3 RAM.

The top three fastest algorithms were [1] MDP-PS, [2] MDP-DMED A-Formulation, and
[3] MDP-UCB (4, A )-Formulation. Figure|3.2|shows these three in more detail.

From Figure we can see the dramatic savings achieved by [2] MDP-DMED using the
A-Formulation, and [3] MDP-UCB using the (u;,l)-Formulation as compared to [4,5] the g-
Formulations. [6] OLP also suffers from increasing computation time as the dimension of the

state space increases. OLP performs the worst in terms of computational time which is likely
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due to the fact that we are not using a specialized fast LP solver but rather TensorFlow.

In Figure[3.2) we can see the relative performances of the top three algorithms. [1] MDP-PS,
unsurprisingly with the fastest, followed by [2] MDP-DMED using the A-Formulation with its
single unknown, and then [3] MDP-UCB using the (i, 4 )-Formulation with its two unknowns.

The absolute time is not as important as the relative time. There are numerous ways to
achieve significantly faster absolute time but our focus here is to demonstrate the relative speed
increase gained by using our simplifications. In addition, one can get raw computational time
savings by developing a devoted optimizer for problems of this type but if we restrict to using
a generic black box optimizer, the method we employed seems a reasonable reflection of what

one would do.

3.4 Comparison of Performance

In this section we discuss the results of our simulation test of these algorithms on a small
example problem. There is nothing particularly special about the values for this example, and
we observe similar results under other values. Our example had 3 states (x,x», and x3) with 2
available actions (a; and a») in each state. Below we show the transition probabilities, as well

as the reward, returned under each action.

X1 X2 X3

x1 | 0.04 | 0.69 | 0.27

Pla)] = :
xy | 0.88 | 0.01 | 0.11
x3 | 0.02 | 0.46 | 0.52
X1 X2 X3
x1 | 0.28 | 0.68 | 0.04
Play] = :

x| 0.26 | 0.33 | 0.41

x3 | 043 ] 035 | 0.22

X1 X2 X3

R=|a | 013|047 | 089 |

a, | 0.18 | 0.71 | 0.63

If these transition probabilities were known, the optimal policy for this MDP would be

n*(xl) = al77r*(x2) =daj, and 7[*()(:3) =a.
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Figure 3.3: Average cumulative regret over time for each algorithm

We simulated each algorithm 100 times over a time horizon of 10,000 and for each time step
we computed the mean regret as well as the variance. In Figure [3.3] we plot the mean regret
over time for each algorithm, [1] MDP-PS, [2] MDP-UCB, [3] OLP, and [4] MDP-DMED,
along with a 95% confidence interval for all sample paths.

We can see that all algorithms seem to have logarithmic growth of regret. There are a few
interesting differences that the plot highlights, at least for these specific parameter values:

MDP-DMED has not only the highest finite time regret, but also large variance that seems
to increase over time. This seems primarily due to the “epoch” based nature of the algorithm,
which results in exponentially long periods when the algorithm may get trapped taking sub-
optimal actions, incurring large regret until the true optimal actions are discovered. The benefit
of this epoch structure is that once the optimal actions are discovered, they are taken for expo-
nentially long periods, to the exclusion of sub-optimal actions.

As expected, see [3]], OLP has a higher finite time regret when compared to MDP-UCB, but
still achieves logarithmic growth.

MDP-PS seems to perform best, exhibiting lowest finite time regret as well as the tightest
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variance. This seems largely in agreement with the performance of PS-type algorithms in other
bandit problems as well, in which they are frequently asymptotically optimal c.f. [36] and

references therein.

3.4.1 Algorithm Robustness—Inaccurate Priors

How do these algorithms respond to potentially “unlucky” or non-representative streaks of
data? How does bad initial estimates effect their performance? Can these algorithms be fooled,
and what are the resulting costs before they recover? This is a practically important question,
in terms of data security and risk assessment, but also an important element of evaluating a
learning algorithm. How does the learning agent respond to non-ideal conditions?

To test these algorithms, we “rigged” or biased the first 60 actions and transitions, such
that under the estimated transition probabilities the optimal policy would be to activate the sub-
optimal action in each state. In more detail, let Tx‘fy be the number of times we transitioned from

state x to state y under action a. Then we rigged T“ so that it started like so,

X1 | X2 | X3
X1 8 1 1
T [a] ] - ’
x| 1|18
x3 | 8 1 1
X1 X2 | X3
X1 1 1 8
Tlay] =
X2 8 1 1
X3 1 1 8

Under the resulting (bad) estimated transition probabilities, we have that the (estimated)
optimal policy is *(x;) = aa,#*(x2) = ay, and #*(x3) = a;, which in fact chooses the sub-
optimal action in each state.

The subsequent performances of the MDP algorithms are plotted in Figure All algo-
rithms still appear to have logarithmic growth in regret, suggesting they can all ‘recover’ from
the initial bad estimates. It is striking though, the extent to which the average regrets for MDP-

DMED and MDP-PS are affected, increasing dramatically as a result, MDP-PS demonstrating
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Figure 3.4: Robustness test. MDP-UCB seems to be largely unaffected by the inaccurate priors.

an increase in variance as well. However, the MDP-UCB algorithm seems relatively stable:
its average regret has barely increased, and maintains a small variance. Empirically, this phe-
nomenon appears common for the MDP-UCB algorithm under other extreme conditions. The
underlying cause and a rigorous examination of these intuitions, will be explored in a future

work.

3.5 Conclusion and Future Work

We have presented four algorithms adapted from classical multi-armed bandit algorithms that
either are provably asymptotically optimal or at least give that appearance in practice. The sim-
plifications for MDP-UCB and MDP-DMED presented here have been shown to dramatically
reduce the computational burden for these algorithms, rendering them more useful in practice.
As aresult, the provably worse performing OLP, no longer has any advantage over them. MDP-
DMED under the A-Formulation is fast and possibly optimal, but has a high variance for regret
that increases over time. While MDP-PS is very fast and appears to be optimal, it is highly

sensitive to incorrect priors or extreme sampling errors. MDP-UCB is provably optimal has
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stable performance under various extreme conditions, and can be computed quickly using the
(#;,A)-Formulation.

The most immediately obvious extension of this work is to show how the algorithms here
satisfy the sufficient conditions developed in Chapter 2] This will not only provide guarantees
about the algorithms themselves, but also potentially allow these algorithms to be modified to
use other state value estimators (for example, Q-learning [40]]) while maintaining their theoret-
ical guarantees.

There are various interesting directions to continue this work, we mention a few potential
avenues here. The idea of “exploring the hypothesis space” is something that extends imme-
diately to the case of unknown rewards. Each of the algorithms presented here can generalize
immediately to such situations, though the computational simplifications would need to be
modified significantly.

From a practical computational point of view we could consider systems where we can’t

easily iterate over all possible states, and how these algorithms can be modified to address this.

3.6 Proof of Theorems of Section

3.6.1 Proof of Theorem

First we restate Theorem 2

The value of C(p, v, §) can be easily found in the following cases:

e If 6 <0 then the optimization problem, C(p,v,d) is infeasible and we say C(p,v,0) =

e If 6 =0, then C(p,v,0) = U,.
e If 6 >0and v, = v, forall x;,x; €S, then C(p,v,0) = U,.

Proof. Recall that I(p, g) is the KL Divergence from p to g. We then have by Gibb’s inequality
that I(p,q) > 0, with equality if and only if p = g. Thus, if § <O then the optimization
problem is infeasible. If 6 = 0 then it has the trivial solution ¢* = p. We therefore take 6 > 0.
Now, if vy, = v,, for all x;,x; € § then any feasible probability vector ¢ is also optimal with

C(p,v,0) = vy = Up. O
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3.6.2 Proof of Theorem

In this section we will prove Theorem [3| which we restate here.
Let tt, = Y pxvx and V = max,v,. Then for any v such that v,, # vy, for some x;,x, € S
and 6 > 0,
C(p,v,0) = 1y,

where

Vx_.u; .
prln <1+k ) =90,

xes
Y po =1
~ xl—i—vx—u;‘ )

Hp <My <Vand A < p, —V.

Before giving the formal proof, it may be helpful to understand the overall conception of
the proof. The main idea is the use of Lagrange multiplier techniques, which greatly reduces
the dimensionality of the problem to be solved. We are able to exchange from trying to find
the optimal probability vector ¢*, to a problem where we need only find two moments of the
optimal g*, a dramatic dimension reduction. In the MDP-UCB case, it suffices to find the
unknown optimal mean of the optimal distribution, ¢*, 7, and a value A = qu* /(= 1)

which depends on the optimal, unknown variance.
Proof. Recall that,

C(p,v,8) = sup{quvx I(p,q) < 5} (3.2)

QEG) X

Since {q: ¢ € ©,I(p,q) < &} is a closed compact set, the supremum will be realized by a
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maximum, and we may express the problem of computing C(p,v, ) in the following form:

man

S.t.

Hq = Z qxVx,

xeS

prh‘l <px> <9,

xes qx

qu: 1,

xes

qx >0 x€eS.

(3.3)

34)

Let 4, = Yxesqyvx be the optimal value of the objective function, U, = ¥ ,c5pxVx, and

V = max, v,. First we will argue that,

pp < Hy < V.

To see the first inequality, observe that g = p satisfies the constraints and is therefore feasi-

ble, hence the objective function at g = p is less than or equal to the optimum: p, < pg. To see

the second, note that u; will be an expected value over the {vx}, and hence less than or equal

to the maximum, V. Because the probabilities in g* are strictly positive, the expected value p;

must actually be strictly less than the maximum: p; <V.

Utilizing Lemma EI in Appendix for any feasible ¢ such that the KL Divergence con-

straint is not achieved with equality, a different feasible ¢’ exists with an improved value of the

objective function. Hence we can rewrite the optimization problem as,

man

S.t.

Hq = Z qxVx,

xeS

Y peln <px> =8,

xeS qx

ZCIx: 1,

xes

g >0 xeS.

(3.5)

(3.6)

3.7
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We now turn to the main task, reducing the dimension of the optimization problem. Using
Lagrange multipliers we have the following auxiliary function,

L(ﬂ>luu) = ZQxVx‘FA (prln <Zx> —5> +u <qu— 1) .

X€S XES X X€S
Note that when using the Lagrange multipliers, we can safely ignore the positivity inequal-
ity constraints in Eq. because they are strict inequalities, thus inactive, and removing them
will not change the local optimum.

Taking partial derivatives, we get,

ADx
X

L/)L(QJL,.“) = prln (Zx> _57

BYSA) x

L, (g, A, 1) = vy — +u , Vxes,

xes

Setting them to zero, results in the following system of equations for the optimal solution,

A
etU=—-> , Vx€S§, (3.8)

r(2) s

xes§ X

Ya =1

x€S
We are looking for a solution g* to this system, and any such solution will be a global max-
imum. To see this, observe that our optimization problem is a convex optimization problem.
This can be seen more easily when put in its original form, as in Eq. (3.2)). We are maximizing
a linear (and thus concave) function, the inequality constraint is convex, and the equality con-
straints are affine. Thus, any stationary point will be a local maximum and any local maximum
will be a global maximum. [41]]

Multiplying Eq. (3.8)) through by ¢, we have,
Apr=qi(vi+ 1) , ¥x€S. (3.9)

Summing Eq. (3.9) over x, we have
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A=+ u. (3.10)

We now introduce a quantity, qu*, the variance under transition law ¢*, explicitly defined as

follows

o =Y qivi— .. (3.11)
xes

Looking at Eq. (3.9) again, but this time, multiplying through by v, we get,

Apive =g Vi givep , Vx€S.
Summing this over x yields,
UpA = O + o + Ml (3.12)

Equations (3.10) and (3.12)) form a system of equations with two unknowns p and A. Solv-
ing this system yields,

2 2

N - ‘up _ ‘uq* )
2
r= 0
Hp — Hy

Substituting them into the first equation in the original system Eq. (3.8)), and recalling the

relationship between A and u from Eq. (3.10), we get that for each x:

Pr_Vx K
g A A
Vy U
-+
A Pg M
_ Vix_i_.uq*+,u*ﬂq*
A Pg + 1
Ve — Mg
=1 . 1
+ 1 (3.13)

We can now rewrite the optimization problem in Eq. (3.2) in terms of our new variables

using Eq. (3.13).
The positivity constraint in Eq. (3.7) and recalling that p, > 0O for all x € S, yields,

Pr Bl
qx A

>0,
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the normalization constraint in Eq. yields,

ZLZI
xl—l—vx_)t'uq* ’

and the KL divergence constraint in Eq. (3.5)) yields,

Vx_u'; .
prln(l—i— 7l >_6.

xes

Observe that 1, must be strictly less than ;. To see this, take g = p, then g is feasible and
the left hand side of Eq. is 0 which is less than 8. Lemma [9]implies there exists some
feasible ¢’ with a strictly greater objective function, i.e. u, =y, < [.L(’] < g We also know that
A < 0 because 0'3* > 0 by definition in Eq. (3.T1).

Thus we can rewrite the optimization problem in Eq. (3.2) as, follows:

max”q’,l [lq,

S.t.

prln <1+ Vx;.“q) = 67

xes
A
=1,
;pl+m—M
12 Vxes, (3.14)

A
Mp < Hg <V and A <O0.

Having established that A is strictly less than zero we can simplify the last constraint, Eq.

(3.14), as follows. Let V = max, vy

Hg—vi>A,VxeS

= U, —V>A.
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Thus we have,

max#q.ﬂ [J,q,

S.t.

Vam Mg\ _
prln<1+ 1 )—5,

xes
A

;me =1,

My < g <Vand A < p,—V.

Which is just two equations with two unknowns. Recalling that any feasible solution will

be a global maximum by our discussion of the convexity of the optimization problem, we have

the desired result,
C(p,»,0) = g,

Where the only unknowns are (; and A, and they satisfy these constraints:

Vx_.u;F
pxIn <1 + ) =90,
L 7
A

P =1,
; xa’—i_vx_‘u“q

Hp <My <Vand A < p, —V.

3.6.3 Proof of Theorem (4|

First we restate Theorem

The value of D(p,v,p) and by extension D;(a) can be easily found in the following cases:

e If p >V then the optimization problem, D(p, v, p) is infeasible and we say D(p,v,p) = o

and D, (a) = —T,, 4(1).

o If p <, then D(p,v,p) = 0 and we say D;(a) = o.
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e If vy, # vy, for some x1,x; € S and p =V, then optimization problem D(p,v,p) diverges

to infinity and we say D(p,v,p) = o and D;(a) = —T, 4(t).

Proof. For p >V =max, v,, the optimization problem is infeasible because there is no feasible
q that will have an average more than V (i.e. ¥, ¢,v; < V). In that case we take D(p,v,p) = o
and the corresponding DMED discrepancy index D;(a) = —T,, 4(t).

For any p < u,, i.e. less than or equal to the expected value under the current estimates,
D(p,v,p) = 0 by simply taking ¢g* = p and we take the corresponding DMED discrepancy
index D, (a) = oo.

If vy, = v,, for all x;,x € S then u, = v, =V and depending on the value of p one of the
previous two situations apply.

If vy, # vy, for some x1,x; € S and p =V we have the following. Any feasible g such that
Y . ¢ =V must have g, = 0 for some x € S such that v, <V, in which case q falls outside
of @ - and it is in fact not feasible. We therefore take D(p,v,p) = o and the corresponding

DMED discrepancy index D, (a) = —T,, 4(1). O

3.6.4 Proof of Theorem [3

In this section we will prove Theorem[5] which we restate here. Let V = max, vy. Then, for any

v such that vy, # vy, for some x1,x, € Sand for ) c¢pve <p <V,

D(p,v,p) =Y pcIn(1+(p —vy)A),

where

Before giving the formal proof, it may be helpful to understand the overall conception of
the proof. The main idea is the use of Lagrange multiplier techniques, which greatly reduces
the dimensionality of the problem to be solved. We are able to exchange from trying to find
the optimal probability vector ¢*, to a problem where we need only find two moments of the

optimal ¢*, a dramatic dimension reduction. In the MDP-DMED case we are able to simplify
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even further, because the optimal unknown mean fi; is given as p, and it suffices to find A=
(g —1p)/ qu* which is a function of the unknown optimal variance.

The proof follows along similar lines as the one for MDP-UCB in Appendix [3.6.2]

Proof. Recall that,

D(p,v,p) = qig(g{l(p,q) DY g > p}. (3.15)

We want to show that the infimum in EQ. (3.15)) is realized by a minimum.

Let 0 < &€ < 1 and x* = argmaxv,. Consider the probability vector ¢’ defined as g\, =1 —¢
and ¢, = €/|S| for x # x*. For the appropriate choice of &, we will have Y, ¢/vy = p <V with
finite valued I(p,q’). Thus, D(p,v,p) <I(p,q') and we can restrict to only considering g € ©
such that I(p,q) < I(p,q’). This feasible set is closed and compact, and hence the infimum
is realized by a minimum over this set. Since I(p,q’) is diverging to infinity as € — 0, this
minimum must occur in the interior of the constrained feasible region. Hence the infimum
without the additional constraint on feasibility will also be realized by a minimum within the
interior of the set {g € ©,Y,q.vx > p}.

Thus, we can rewrite the problem of computing D(p,v,p) in the following form:

ming Z pxIn &,
xes 4x

S.t.

Y g >p, (3.16)

xS

Z‘hzl,

xeS

g >0 xes.

Here we can use Lemma [10]in Appendix [3.7)to observe that for any feasible g where the
constraint in Eq. (3.16) is strict, we can construct a feasible ¢’ with a strictly smaller objective
function (KL divergence w.r.t. p). As such, the optimum must occur when this constraint is

satisfied with equality, and the optimization problem can be re-written as so:
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min prln&,

T xeS qx

S.t.
Y ave=p, (3.17)
x€S
Y a=1, (3.18)
BYSA)
q: >0 xX€ES. (3.19)

We now turn to the main task, reducing the dimension of the optimization problem. Using

Lagrange multipliers we have the following auxiliary equation,

L(g, A, 1) prlnHt(quvx )HL(qul)-

xes xeS xeSs

Note when using the Lagrange multipliers, we can safely ignore the positivity constraints in

Eq. (3.19) because they are strict inequalities, thus inactive, and thus have a Lagrange multiplier
of zero.

Taking partial derivatives, we get,

Ly (g2, 1) = %Jrlvjﬂru Vxes,

L)L CI77L [,L quvx p;

xS

q,)L‘U qu_l

xes

Setting them to zero, results in the following system of equations for the optimal solution,

P vetu, Wres, (3.20)

X

ZQ;VX:I)’

xeSs

Yar=1

xes
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We are looking for a solution g* to this system, and any such solution will be a global
minimum. To see this, observe that our optimization problem is a convex optimization problem.
We are minimizing a convex function, with affine equality constraints. Thus, any stationary
point will be a local minimum, and any local minimum will be a global minimum. [41]]

Consider the first equation: multiply through by g} to get —p, = Av,q + tgf. Summing
this over x and simplifying accordingly, we get —1 = Ap + L.

If we take —p, = Av,q} + g’ and multiply through by v,, we get —v,p, = Av2g: + uv,q’.
We now introduce two new quantities, p,, the mean under transition law p, and 0'3* , the variance

under transition law g*, explicitly defined as follows

Pp = prv)ﬁ
X

o =Y vigi—p°. (3.21)
X
Summing —v,py = Av2g + uvygt over x and simplifying accordingly, we get —Pp =
A (qu* +p?) 4 up. So we have two equations and two unknowns,
—l=2Ap+u,
_ =2 2 2
pp=A(0g +p°)+up.

Solving these for A and u we have,

pP—p
A= Gz*p’
! o p (3.22)
p=-1- Gg*pp'

q
Substituting them into the first equation in the original system Eq. (3.20), and noting that

Eq. (3.22) implies u = —1 — Ap, we get that for each x:

&:_A'Vx_.u

qx
= _Avx+1+lp

=1+ (p—v)A. (3.23)
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In order to reduce the original problem to a 1-dimensional problem, we now express each
of the constraints in terms of our new variables using Eq. (3.23). The positivity constraint in

Eq. (3.19) and recalling that p, > 0 for all x € S, yields,

the normalization constraint in Eq. (3.18) yields,

y Py
L (p—v)k
and the mean constraint in Eq. (3.17) yields,

Dx B
Z 1+(p—Vx)kvx_p.

xes

Therefore, we can express the problem in Eq. (3.15), noting Eq. (3.23)) above for the p, /g

term, as follows:

min, prln(l +A(p—wy)),

s.t.
ZL =1,
- (p— i

Z Px Vx =P,
S+ (p—vi)A

1+2A(p—v,) >0 Vx€S. (3.24)

We next establish feasible bounds for A. Observe that the variance, qu* is strictly greater
than 0 by definition in Eq. (3.21)) and by recalling that there exists some x;,x; € S such that
Vy, # Vy,. We also know that p > p, = ¥, p,v, by assumption. Thus, A > 0.

Having established that A is strictly greater than zero we can simplify the last constraint,

Eq. (3.24), as follows. Let V = max, vy,



I1+A(p—vy) >0,VxeS
= 1+A(p—-V)>0
I1+Ap—AV >0
1+Ap > AV

1>A(V—p)
1

vt
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Where the last step is justified by recalling that by assumption V is strictly greater than p.

So,0< A < and our optimization problem becomes,

1
(V—-p)

minl prln(l—Fk(P_Vx))’

S.t.

1
0<A< )
(V—-p)

Taking a closer look at the normalization constraint, Eq. (3.23)),

_ Dx _
=LA !

:;Px (H;L(lp_vx)_ 1>
=)
- (Tt

:_A;px(m>'

However, recalling that A is strictly positive, it must be that ), p, <

(p—vy))

T+A(p—vy)

(3.25)

> = 0. Hence
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we have:

miny, prln(l—l—l(P—Vx)),

S.t.

(p—vy)) _
pr (HMP)> =0, (3.26)

Px
X — ) 27
Zl—k(p—vx)lv p (3:27)

xes

1
0<A< .
(V—-p)

Next we show that any A that satisfies Eq. (3.26) will also satisfy Eq. (3.27) and thus we

can remove that constraint,

_ PxVx DxP
Zl-l—?t —vx)+zx"1—l—7t(p—vx)
_ —PxVx Px
L PP R
PxVx

_Z1+A (p—vy)

Where the last line is justified by recalling Eq. (3.25)). Thus we have established that,

+p-1.

PxVx

—PxVx _ P
Livie-w P T LTap o P

which is Eq. (3.27).

Thus we can write the optimization problem as,

miny, prln(l +A(p—w)),

S.t.

(P—vs) '\ _
Y P <1+7L(p—vx)> =0, (3.28)
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Recall that any feasible solution will be a global minimum, by our discussion of the con-
vexity of the optimization problem. To find a feasible solution, notice that the derivative of the
objective function with respect to A is simply the first constraint, Eq. (3.28)). Therefore any
stationary point of the objective function will satisfy the constraint, be feasible, and thus be a
global minimum. Hence, we may replace the original optimization problem with the problem
of solving,

Lo (i) =0
x
subjectto 0 < A < ﬁ.

Thus we have the desired result,

D(p,v,p) =) pcIn(1+(p —vi)A),

Where the only unknown is A, and it satisfies these constraints:

3.7 KL Divergence Optimization Lemmas

The purpose of this section is to state and prove a number of lemmas associated with convex
optimization problems involving KL-Divergence terms. They are relevant, but tangential to
most of the content of the paper.

In this section, we take pE ® to be a distribution over S, with v to be the vector of inter-
mediate state values. It is convenient to define i, =}, pyvy and V = max, v,. The vector g is
taken to be another distribution over S, with possibly zero-valued elements. The KL Divergence
between p and q is given by

p
I(p,q) =) pIn=.
X qx

Lemma 9. Let g € © be such that I(p,q) < 6 < o, and suppose vy, > vy, for some x1,x; € S.

Then there is a valid probability distribution g’ such that I(p, g’ ) <4, and

Z gxVx < Z q;vx-

xeSs xes
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Proof. Consider constructing an alternative ¢’ € @ in the following way. Define q;, = ¢, +A,
qy, = 9x, — A, and ¢ = gx for x # x1,x. Note that for 0 < A < min(gy,,qx,), ¢’ will be a valid
probability distribution vector over S.

We have that for A > 0,
ZQ;;VX - ZLIXVX = (Cle + A)Vxl + (sz - A)sz —qdxVx; T4 Vx,
x X
= A(Vxl - vxz)

> 0.

It remains to show that the KL Divergence I(p,q’) does not exceed . Note the following

relations,
p.
I(p,q) =} pein>>
X qx
=Y pxln&+pxlln PX1A+plen p)f
x£x1 %0 x X1 X
px le px] pr sz
=) pyIn—=+p, In —pyIn=—+p, In — Py, In
; * qx . qx, +A . qx xz Gx, —A . gx, — A
qx 4dx,
=I(p,q) + px, In + py, In .
(p:@)+pyIn =y puIn . =20

So, if A= 0then I(p,q’') = I(p,q) < 8. Noting that additional terms in the last equation above
are smooth functions of A, I(p,q’) will not exceed & in a neighborhood of A = 0. Thus for

sufficiently small A > 0, the Lemma holds. ]

Lemma 10. For any q such that

Y ave>p =Y pos, (3.29)

xes xeS

if Vi, # Vi, for some x1,x3 € S, there exist distributions q' such that I(p,q') <I1(p,q) and

quvx > Zq;vx >p.

xS xS

Proof. As aconsequence of our assumption that )" g,v, > Y, pVy, there must be some vy, # vy,
such that g puts more weight on the larger and p puts more weight on the smaller. Let vy, > vy,,
with g, > py, and gy, < py,.

Consider constructing an alternative distribution ¢’ € @ in the following way. For 0 <A <
qx,» define ¢' by ¢\ = gx, — A, ¢}, = gx, + A, and g}, = g, for x # x1,x2. As before, for A in this

range, ¢' € © represents a valid probability distribution on S.
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As in the proof of Lemma[9] we have that for A > 0,
Zqzvx - Z(/vax = (%cl + A)Vxl + (%cz - A)sz —qdx1Vx; T4 Vx,
X X
= A<Vx1 - ng)
> 0.

Taking A sufficiently small (so that the mean does not drop below p), we have that

quvx > Zq;vx >p.

BYSA) xS

It remains to show that I(p,q’) <1(p,q). Similar to the proof of Lemmal?], we have that

qx,
qx; — A

dx,
gx, +A

I(B,g’) =1(p,q) +px In + px, In

Hence we see that I(p,q’) = I(p,q) when A = 0. Looking at the derivative of I(p,q') with

respect to A at A =0, we see

d
ZX(p,q)|aco = 2 — P2

<0,
dA dx;  4x,

where the last step follows since py, /gy, < 1 and py,/qx, > 1, as discussed initially. Hence
while the KL divergences are equal for A =0, I(p,q’) is decreasing within some small neigh-

borhood, and the KL divergence between p and ¢’ is reduced. 0
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