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Abstract

The field of Learning Automata (LA) has been studied and analyzed extensively for more
than four decades; however, almost all the papers have concentrated on the LA working
in Environments that have a finite number of actions. This is a well-established model
of computation, and expedient, e-optimal and absolutely expedient machines have been
designed for stationary and non-stationary Environments. There are only a few papers
which deal with Environments possessing an infinite number of actions. These papers
assume a well-defined and rather simple uni-modal functional form, like the Gaussian
function, for the Environment’s infinite reward probabilities.

This thesis pioneers the concept and presents a series of continuous action LA (CALA)
algorithms that do not require the function of the Environment’s infinite reward probabil-
ities to obey a well-established uni-modal functional form. Instead, this function can be,
but not limited to, a multi-modal function as long as it satisfies some weak constraints.
Moreover, as our discussion evolves, the constraints are further relaxed. In all these
cases, we demonstrate that the underlying machines converge in an e-optimal manner to
the optimal action of an infinite action set. Based on the CALA algorithms proposed,
we report a global maximum search algorithm, which can find the maximum points of
a real-valued function by sampling the function’s values that could be contaminated by
noise.

This thesis also investigates the performance limit of the action-taking scheme, sam-
pling actions based on probability density functions, which is used by all currently avail-
able CALA algorithms. In more details, given a reward function, we define an index of
the function which is the least upper bound of the performance that a CALA algorithm
can possibly achieve. Besides, we also report a CALA algorithm that meets this upper
bound in an e-optimal manner.

By investigating the problem from a different perspective, we argue that the algo-
rithms proposed are closely related to the family of “Stochastic Point Location” problems
involving either discretized steps or d-ary parallel machines. The thesis includes the de-
tailed proofs of the assertions and highlights the niche contributions within the broader
theory of learning. To the best of our knowledge, there are no comparable results reported

in the literature.
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Chapter 1

Introduction

Finding close relations among the results that were previously considered unrelated,
would be the most fascinating fruits of research. Such analogs have appeared in the
fundamental sciences for centuries, for example, in Physics, when it concerns wave theory
and light. Without belaboring this point from a philosophic perspective, we submit a
similar thesis within the field of computerized Learning Theory.

Researchers have studied, analyzed and worked within the field of Learning Au-
tomata (LA) for many years. Apart from schemes that have a continuous value space
of action-taking probability, significant research has also been done on those with a
discretized space. Further, while most of the results within the topic of LA have con-
centrated on Environments possessing a finite number of actions, a few pioneering pa-
pers [18, 19, 46, 48, 55] boast contributions when the number of actions is infinite. All of
them, categorically assume a well-defined and rather simple uni-modal functional form,
like the Gaussian function, for the Environment’s infinite reward probabilities. From a
third, but completely different perspective, there has been a lot of work done within the
family of so-called “Stochastic Point Location” (SPL) problems [20, 36, 11, 12,52, 61, 62].

The proposed solutions to the SPL are either discretized or work with d-ary parallel ma-



chines. This papers attempts to tie all the consequent loose ends, and proposes a single
theoretical foundation that knits them together.
Firstly, our concern is the field of LA in which the Environment has infinite actions [18,
, 16, 18, 55]. However, secondly, within this domain, unlike the prior art, we pioneer
the concept in which the uni-modal functional form for the Environment’s infinite reward
probabilities, does not obey a well-established form. Thirdly, as our theory does not have
direct constraints on the shape of this function, the potential functional forms include, but
are not limited to, multi-modal functions. Fourthly, all of our solutions further operate
by moving in the search domain in a step-oriented manner, thus also embracing the field
of Discretized LA [24, 25, 35, 37, 38, 64]. In a nutshell, by putting them all together, we
propose solutions to LA problems that deal with an infinite number of actions, where
the functional form for the infinite reward probabilities are arbitrarily general and the
proposed solution moves within the solution space in a discretized manner, as the one
does in the SPL. Thus, apart from the results that we present being novel and pioneering,
they are also extremely captivating and fascinating.
This introductory section briefly presents the existing literature about the above-

mentioned distinct areas, and then addresses the problem at hand, and our contributions.

1.1 Learning Automata

We first briefly survey the well-trodden field of LA. For more than fifty years!, this field,
initiated by Tsetlin [70], has been studied as a typical model for learning in random
Environments. This domain has actually served as the precursor for the area of Rein-

forcement Learning. Unlike other fields of Artificial Intelligence (Al), like game playing,

'In the interest of brevity, we assume that the reader is fairly well-versed in the fundamental concepts
of LA and their convergence properties. The review here is thus, though still comprehensive, necessarily
brief. That being said, excellent surveys of the field can be found in [22, 30, 31, 33, 45, 55].



problem solving, natural language processing etc., an LA, by definition, operates in a
random medium. Consequently, the “Teacher” (formally refereed to as the “Environ-
ment”) can respond differently and stochastically, for the same query, at different time
instances.

The basic tenets of the field of LA are the following:
e The LA interacts with a random Environment that offers it a set of actions;

e The LA adaptively attempts to learn the optimal action offered by the Environ-

ment;
e To render the problem non-trivial, the Environment is stochastic;

e At each iteration (or time step), the LA selects one action and communicates it to

the Environment;

e This, in turn, stochastically triggers either a reward or a penalty from the Environ-

ment;

e Based on the “history” and this response, the LA adjusts its action selection strat-

egy;

The goal is that the LA adapts itself, or “converges”, to the optimal action.

More specifically, the LA uses the knowledge acquired in the past iterations, and changes
its state either deterministically or stochastically in order to make a “wiser” decision in
the next iteration. In this manner, the LA, though lacking a complete knowledge about
the Environment, is able to learn its optimal action by repeatedly interacting with it.
FSSA and VSSA: Initial LA were designed to be Fixed Structure Stochastic Au-

tomata (FSSA). Their state update and decision functions are time invariant [31, 56], as



in the case of the Tsetlin and Krinsky machine. Variable Structure Stochastic Automata
(VSSA) were initially characterized by continuous functions that update the probability
of selecting the various actions. These permit the action probabilities to take any value
in [0,1], and have been extensively designed and analyzed. Representatives of VSSA
include the Linear Reward-Penalty (Lg_p) scheme, the Linear Reward-Inaction (Lg_)
scheme, the Linear Inaction-Penalty (L;_p) scheme and the Linear Reward-ePenalty
(Lr—ep) scheme [22, 31], all of which use linear updating functions. As a general princi-
ple, the Lr_; and Li_.p schemes assign more importance to reward responses than to
penalties; they are also e-optimal in all stationary environments. This is also the case
with FSSA, where, for example, the Krinsky automaton, which treats rewards signifi-
cantly “more seriously” than penalties, is e-optimal in all stationary environments, while
the Tsetlin automaton, which treats rewards and penalties equally, is only e-optimal
when the largest reward probability is greater than 0.5 [31]. VSSA schemes which invoke
nonlinear functions have also been designed and analyzed [22, 23, 31].

Applications of LA: With regard to applications, the entire field of LA and stochas-
tic learning has had a myriad of applications listed in [22, 30, 31, 45, 55]. Besides, the ap-
plications also include solutions for problems in network and communications [29, 31, 11],
network call admission, traffic control, quality of service routing [3, 4, 59], distributed
scheduling [19], training hidden Markov models [21], neural network adaptation [28], in-
telligent vehicle control [57, 58], service selection [60] and even fairly theoretical problems
such as graph partitioning [39] and string taxonomy [10]. Besides these fairly generic ap-
plications, with a little insight, LA can be used to assist in solving (by, indeed, learning
the associated parameters) the stochastic resonance problem [11], the stochastic sampling
problem in computer graphics [12], the problem of determining roads in aerial images

by using geometric-stochastic models [0], and various location problems [7]. Similar



learning solutions can also be used to analyze the stochastic properties of the random
waypoint mobility model in wireless communication networks [9], to achieve spatial point
pattern analysis codes for GISs [17], to digitally simulate wind field velocities [13], to
interrogate the experimental measurements of global dynamics in magneto-mechanical

oscillators [13], and to analyze spatial point patterns [5].

1.2 Contributions

In the context of what we have explained above, the main contributions of this thesis are

as follows:

1. We have devised a series of LA-based schemes in which the action space is contin-
uous and thus infinite. All the Continuous Action Learning Automaton (CALA)
schemes we have proposed adopt a linear search-based strategy for searching op-
timal actions and thus are named as the Linear Search-Based CALA (LSCALA)

algorithms.

2. Unlike the state-of-the-art, we have shown that, for all the schemes proposed, the
functional form for the Environment’s infinite reward probabilities, if uni-modal,

does not need to obey a well-established functional form.

3. Unlike the state-of-the-art, we have shown that the functional form for the Envi-

ronment’s infinite reward probabilities can be, but not limited to, multimodal.

4. Based on the LSCALA scheme, we have also devised an algorithm that can find the

global maximum of a real-valued function by sampling its noisy function values.

5. For a reward function ¢, we have defined an associated index, denoted by gE, referred

to as the Optimal Reward Probability (ORP) of ¢. We have shown that ¢ is the



least upper bound of reward probability that a CALA, taking actions sampled
from the actions’ probability distribution, can possibly achieve. Besides, we have
reported an LSCALA algorithm whose long-term reward probability converges to

it in an e-optimal manner.

6. We have proven that all the LSCALA algorithms reported are e-optimal under
some weak assumptions on the reward functions. Besides, as the discussion evolves,
we have shown that those assumptions can be further relaxed. Compared to the
assumptions required by the currently-available algorithms, our assumptions are
much more general and can, in practice, be easily satisfied. To the best of our
knowledge, these algorithms are the first a few CALA-based algorithms that have

been proven to be e-optimal in Environments of the type listed above.

7. To support all these claims, we have provided simulation results to corroborate our

theoretical work.

8. Finally, we have provided a single framework which merges three distinct phenom-
ena, namely that of working with infinite actions, working within a “discretized”

paradigm, and relating these to the SPL problem.

To the best of our knowledge, all of these results are novel and pioneering.

1.3 Outline of the Thesis

The rest of the thesis is organized as follows:

e In Chapter 2, we briefly survey the respective fields of LA with a large number or

even an infinite number of actions, “Discretization”, and the SPL.



e Chapter 3 introduces the original LSCALA algorithm. We discuss the idea of
“Discretization” behind the algorithm design as well as the relation between the
algorithm and the SPL problem. We also prove that the algorithm is e-optimal
if the reward function is strictly positive and Lipschitz continuous. Besides, we

provide some experimental results to corroborate our analysis.

e In Chapter 4, we show that the Lipschitz continuity of the reward function is
unnecessary for the e-optimality of the LSCALA algorithm introduced in Chapter 3.
Instead, we prove that the continuity of the function near its global maximum points
is sufficient. Besides, by slightly modifying the original algorithm, we show that
we can get rid of the condition that the reward function is strictly positive. Some
experimental results are provided at the end of the chapter to support our analysis

results.

e Chapter 5 reports a global maximum search method based on the original LSCALA
algorithm. The method can find the global maximum points of a real valued
function according to the sampled function values that may be contaminated by

noise.

e Chapter 6 discusses the performance limit of the LA algorithms that take actions
according some continuous probability density functions. This strategy have been
used by all currently-available CALA algorithms. Given a reward function ¢, an
index ¢, named the Optimal Reward Probability (ORP), is defined. We have
proved that gE is the least upper bound of the long term reward probability that
any CALA algorithms can possibly achieve. We have also reported two LSCALA
algorithms whose long-term reward probabilities meet ¢ in an e-optimal manner.

Similar to the previous chapters, we also have provided necessary experimental



results to demonstrate the validity of our claims.

e Chapter 7 concludes the thesis and includes some avenues for future work.



Chapter 2

State-of-the-Art in the Relevant

Fields

As we have previously stated, our goal is to present a new LA scheme for a continuous
action space. Our solution is based on the idea of discretization, which is also related to
the SPL problem. To place these in perspective, it is prudent for us to briefly catalog

the state-of-the-art in these three areas.

2.1 Designing LA when R is Large or Infinite

The first paradigm, which is central to this paper is that of designing LA when R is large
or infinite. The literature here deals with two distinct cases, i.e., when the number of
actions is large or even countably infinite, and then when the action space is continuous.
We consider each of them separately.

LA for a Large Number of Actions: Designing LA when the number of actions

involved, R, is large is complex, for the following reasons:

1. In the case of FSSA, one requires N-states for each of the R actions. As the

9
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Environment responds, the LA, for the most part (i.e., except at the so-called
boundary states) moves within the states of a single action, and it can take a large
number of iterations (for example, in the Krinsky LA) for the machine to even
enter the boundary state of another action. Before all the actions are even visited,
in certain environments, it could take tens of thousands of iterations for all the

actions to be visited.

. In the case of FSSA, since the machines are almost always ergodic, the Markov
chain lingers in its transient behavior for a long time before convergence. Thus,
when the number of actions is large, one deals with an R- N x R - N-sized Markov

chain, and this adds to the sluggishness of the machine.

. In the case of VSSA, the above two concerns are mitigated by the use of the action
probability vector. This has noticeable advantages, when R is relatively small, for
example, of the order of 10. In this case, the action probability vector has the
dimension R, and all the actions have a reasonable probability of being chosen.
This permits the LA to discriminate between the various actions, and to converge
to the superior one. However, when R is large, many of the action probabilities can
have very small values and may not even be chosen, thus rendering the principle

motivating VSSA to be void.

. In the context of VSSA, for example, in linear schemes, the probabilities which
are decreased are multiplied by a constant. Thus for any R, typically R — 1 of
these probabilities may have to be decreased. Notice that when R is large, the
decrement of these R — 1 probabilities can make a “non-small-step” change in the
probability that is being increased. This will, consequently, significantly hinder

the convergence of the machine, inasmuch as all the convergence proofs depend on
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the theory of “small-step” random processes. The same assertion is valid for the

discretized families of LA.

5. The families of continuous and discrete pursuit algorithms, described above, are
universally accepted to be the fastest reported LA because they augment the action
probability vector with a vector of the estimates of the reward probabilities. When
R is large, this poses a problem of a disproportionate magnitude, because all the R
actions have to be sampled a reasonably large number of times so that the inferior
actions can be filtered out. Thus, pursuit LA are also quite sluggish when R is

large.

LA for a Continuous Action Set: Within this family, two Continuous Action Learning
Automata (CALA) algorithms have been reported, both of which were devised in the

1990’s.

1. The first algorithm was due to Santharam et al., and its convergence was proven
under some strict assumptions [18]. In particular, if the reward function ¢ is
continuously differentiable and its derivative is Lipschitz, the final result converges
to a point arbitrarily close to a local maximum of ¢ by forcing some parameters to

the limit (zero or infinity) [55].

2. An alternative implementation of CALA is the Continuous Action Reinforcement
Learning Automaton (CARLA), introduced by Howell et al. [18, 19]. Rodrguez et
al. reported an improvement of the CARLA method in terms of the computation
effort required and the local convergence properties [16]. However, they confessed
that their analysis was made under really strict assumptions, which confines the

application of the algorithm considerably to a narrow scope.

The solution that we propose in this paper, resolves all of these issues.
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2.2 Concept of Discretization

The second paradigm, whose properties we intend to capture, deals with the phenomenon
of discretization. In practice, the relatively slow rate of convergence of continuous LA
constituted a limiting factor in their applicability. In order to increase their speed of
convergence, the concept of discretizing the probability space was introduced in [35, 53].
This concept is implemented by restricting the probability of choosing an action to be
one of a finite number of values in [0,1]. If the values allowed are equally spaced in
this interval, the discretization is said to be linear, otherwise, it is called non-linear.
Following the discretization concept, many of the continuous VSSA have been discretized.
As a matter of fact, discretized versions of almost all the continuous LA have been
reported [24, 25, 35, 37, 38, 64]. As alluded to earlier, in this research, we shall incorporate

the concept of moving in a discretized and stepwise manner.

2.3 Stochastic Point Location Problem

We now formulate the Stochastic Point Location (SPL) problem, which is the third
paradigm that we consider. To do this, we assume that there is a Learning Mechanism
(LM) whose task is to determine the optimal value of some variable (or parameter), pu.
We assume that there is an optimal choice for u - an unknown value!, say u* € [0, 1].
The SPL attempts to learn p*. Although p* is unknown to the LM, we assume that
it has responses from an intelligent “Environment” E (via a Teacher/Oracle) which is
capable of informing it whether the current value of i is too small or too big. To render
the problem both meaningful and distinct from its deterministic version, we emphasize

that the responses from E are assumed “faulty”. Thus, £ may tell the LM to increase u

Tn the SPL, we assume that yu is any number in the interval [0, 1]. The question of generalizing this
is rather straightforward.
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when it should be decreased, and wice versa. However, to render the problem tangible,
we initially assume that the probability of receiving an intelligent response is p > 0.5.

The quantity “p” reflects on the “effectiveness” of the Environment, £. Thus, when-
ever the current p < p*, E correctly suggests that the LM increases p with probability p.
It simultaneously could have incorrectly recommended that it decreases p with probabil-
ity (1—p). Similarly, whenever 1 > p*, E advises the LM to decrease p with probability
p, and to increase it with probability (1 — p).

The crucial issue that we have to address is how to update our guess p(n), at time
n, of u*. Each updating mechanism yields a different potential solution to the SPL. The
goal, of course, is for the proposed solution to converge to a value u(oc0), whose expected
value is arbitrarily close to p*. In line with the accepted terminology in the field of LA,

we characterize such a scheme as being e-optimal.

The reported solutions to the SPL are listed below:

1. The first paper proposed the problem and pioneered a solution operating in a

discretized space [30];

2. The Continuous Point Location with Adaptive Tertiary Search (CPL-ATS) solution

was one in which three LA worked in parallel to resolve it [11];

3. The extension of the latter, namely the Continuous Point Location with Adaptive
d-ARY Search (CPL-AdS), used d LA in parallel [12], and it could operate in

truth-telling and deceptive Environments;

4. The General CPL-AdS methodology extended the CPL-AdS to possess all the prop-

erties of the latter, but it could also operate in non-stationary Environments [20];

5. In the Hierarchical Stochastic Search on the Line (HSSL), the authors proposed

that the LM moved to distant points in the interval (modelled hierarchically), and
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specified by a tree [(1];

6. The Symmetrical Hierarchical Stochastic Search on the Line (SHSSL) symmetri-

cally enhanced the HSSL to work in deceptive Environments [62];

7. The Adaptive Step Search (ASS), used historical information within the last three

steps to determine the current step size [52].

This concludes our brief survey of the SPL and permits us to proceed with our specific

contributions.



Chapter 3

Linear Search-based CALA
(LSCALA)

In this chapter, we propose the original Linear Search-Based CALA (LSCALA) and
show that it is e-optimal. The implementation of the algorithm is introduced in Sec-
tion 3.1. Also, we discuss how the algorithm is related to the SPL problem, as well as,
the “discretization” idea behind the design. To show the e-optimality of the algorithm,
we first analyze the convergence properties of LSCALA in Section 3.2. In particular,
we show that its behaviour can be characterized by a Markov Chain (MC) model that
asymptotically converges to its unique limiting distribution. Based on this, we discuss
its long-term reward probability followed by proving its e-optimality in Section 3.3'. In
Section 3.4, we demonstrate some representative experimental results to corroborate our

analysis claims. Finally, we conclude this chapter in Section 3.5.

!The analysis is made under the assumption that the reward function is strictly positive and Lipschitz
continuous. We show that these assumptions can be considerably relaxed in Chapter 4.

15
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3.1 Approach

To design the LSCALA, we assume, without loss of generality, that [0, 1] is the action
space of the Environment whose reward function is ¢ : [0,1] — [0,1]. Let Z; denote

integer set {0,1,---k — 1}. Then for n € N*, define a list of points
P =100 :=i/n:i€ Ly

that are evenly scattered on the action space. Since, later, LSCALA searches the maxi-
mum of ¢ according to ¢(67"). We name 67" probing points (PP), and n the PP Density
(PPD). We abbreviate ¢(6) to ¢; whenever there is no ambiguity. Let P be a pointer
of P" such that P = ¢ means it points to #'. Pick some m € N*. Define a variable O,,

(named the order of P) with two operations, IncO and DecO. They set
O,=0,,+1 modm & O0,=0,,—1 modm,

respectively. Besides, if O,, = 0 after performing IncO, we say O,, overflows. Similarly,
it O,, = m — 1 after implementing DecQO, we say O,,, underflows.

Then we implement LSCALA as follows. Initialize P and O,, with random initial
values from Z,.; and Z,,, respectively. The LA sets variable = P — 1 or P + 1
with the same probability 0.5. If T ¢ Z, 12, the LA gets a penalty without consulting
the Environment. Else, it takes action §f and has probability ¢; to get a reward and
(1 —¢r1) a penalty. If the LA gets a penalty, it leaves P and O,, unchanged. Otherwise, it
implements IncO (if [ = P+1) or DecO (if I = P —1) followed by updating P according

to Eq. (3.1). Finally, the LA repeats the procedure from setting I. The pseudo-code of

2This is possible when P = 0 or n.
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the algorithm is given in Algorithm 1.

P—-1 if O,,, underflows
P=q4P+1 if O,,, overflows, (3.1)

P else.

The design of O,,, slows down the transition of P. With bigger m, the pointer P requires
a longer time in average to move to another PP. Thence, we name m the Transition
Resistance of P (TR). We later show that after a sufficient number of iterations, larger

m makes it more likely for P to point to a 67 that has the largest ¢;.

Algorithm 1: Linear Search-Based CALA (LSCALA)
Input: reward function ¢, PPD n, TR m.

Method:

1 Pick P € Z,,1 and O € Z,,, randomly.;
2 while True do

3 I < choose P + 1 or P — 1 randomly;
4 if [ € Z,,, then

5 resp <— the environment’s response given input 6y;
6 if resp is reward then

7 if [=P +1 then

8 ‘ IncO;

9 else

10 ‘ DecO;

11 end if

12 if O,, underflows then

13 ‘ P+—P-1

14 else if O,, overflows then

15 ‘ P+—P+1

16 end if

17 end if

18 end while

The following remark guarantees that the updating is always within the pertinent
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bounds:

Remark 1. If P € Z, 1 initially, it stays in Z, 1 forever. Assume P = 0 in an iteration.
Then the LA cannot get a reward by choosingl =P —1 = —1 as it is not in Z, 1. So the
LA has no chance to implement DecO, and O,, cannot underflow. Namely, P cannot
decrease to —1. Similarly, P cannot be updated to n + 1 when P = n. Therefore, P

always stays in L.

Based on the above formulation and algorithm, we can make the following pertinent

assertions:

1. The updating is purely of a discretized flavor, thus satisfying one of the primary

goals of the paper;

2. Tt is analogous to the scheme for the SPL [36], thus satisfying another primary goal

of the paper;

3. The quantity p of Section 2.3 is precisely in line and analogous to the quantity A

utilized here.

3.2 The Markovian Analysis on LSCALA

In this section, we shall formally analyze the convergence properties of Algorithm LSCALA.
The main goal is to derive a closed-form expression for the limiting distribution of P.

In Section 3.2.1, we show that the transition of P and O,, is a MC which has a unique
stationary distribution. As a result, the limiting distribution of P exists. We give a
closed-form expression of the limiting distribution and show its validity. In Section 3.2.2,
we provide a more constructive way to find P’s limiting distribution. Compared to the

method we used in Section 3.2.1, this method is more intuitive and heuristic.
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Our analysis is performed under the following assumption.

Assumption 1. The reward function ¢p(\) > 0 for all A € [0, 1].

3.2.1 The Limiting Distribution of P

The main goal of this section is to derive a closed-form expression for the limiting dis-
tribution of P (Theorem 4). For the sake of conciseness, we write P and O,, together
as a tuple (P, 0,,). We first show that the transitions of (P,,,) can be characterized
by a MC. Then we prove that, regardless of the initial distribution, the distribution of
(P, O,n) converges to a unique stationary distribution (denoted by 7*) after a sufficient
number of iterations (Theorem 3). A closed-form expression of 7* is also provided. For
a fixed P, we accumulate its stationary probabilities in 7* over O,,. Then a closed-form
expression of P’s limiting distribution follows (Theorem 4).

Figure 3.1 lists all the possible values of (P, 0,,) in a matrix-like presentation. Each
dot represents a possible value. The dots in a column have the same P, and those in
a row have the same ,,. The arrowed lines connecting the dots give the potential
transition path of (P,0,,). When DecO happens, if (P,O,,) is not at the first row
(that is, O,, > 0), O,, decreases by one without triggering the underflow. So (P, O,,)
moves to the dot above in the same column. Otherwise, O,, = 0, and O,,, underflows.
So P decreases by one and O,, is set to m — 1. Namely, (P, O,,) moves to the last dot
of the previous column. Regardless of the case, when the LA implements DecO, let
Prev|(P, O,,)] be the dot to which (P, O,,) moves. A similar transition pattern can be
observed when the LA implements IncO. Specifically, if O,, # m — 1, (P, O,,) moves
to the next dot below without changing the column. Else, it moves from the last dot of
current column to the first dot of the right one. Whichever the case, let Next [(P, O,,)]

denote the dot to which (P, O,,) moves. If neither DecO nor IncQ is performed, (P, O,,)
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The Pointer of P™ (P)

The Order of P (O,,)

on o7 . or . or
Action Space P"

Figure 3.1: The transition graph of (P, O,,) with the corresponding
action 07 € P". Each dot represents a possible value of (P,O,,). If
two dots connected by an arrowed line, then (P,O,,) could move
from one dot to the other within one iteration. Suppose that
(P,O0,) = (i,7). If the LA implements DecO, then (P, O,,) moves
to Prev|(i, j)], which equals (i,j — 1) if 7 > 0 and (i —1,m — 1) if
j = 0 (that is, O,, underflows). If IncO is performed, (P,O,,) is
updated to Next [(7, 7)], which is (i, 4+ 1) if j <m —1 and (i +1,0)
if j =m — 1 (namely, O,, overflows).

stays at the current dot.

Let (P,0,,); denote the (P,0,,) at the t-th iteration before the update. Suppose
that (P,O,,): = (i,7). The LA has probability 0.5 to take action # ; and then has
probability ¢;_; to get a reward. So it has probability 0.5¢;_; to implement DecO and

thus (P, O)i+1 = Prev[(i, 7)]. Namely,

Pr (P, On)ir1 = Prev((i, j)] (P, Opn): = (i,7)] = 0.5¢; 1. (3.2)
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Similarly, for IncO, we have

Pr{(P,0m)i1 = Next [(4,7)] (P, On): = (i,5)] = 0.5¢;41. (3.3)

If neither DecO nor IncO is performed, (P, O,,) stays at the current dot. That is,

Pr{(P,On)ir = (6, )|(P, Om)i = (1, ))] = 1 = 0.5(¢i1 + diga)- (3.4)

Remark 2. Egs (5.2)-(3.4) are not applicable when P equals zero or n since ¢p_1 and
Oni1 are not defined. To fix the problem, we set ¢_1 = ¢p1 = 0 considering that the LA

cannot implement DecO when P = 0 and cannot perform IncO when P = n (Remark 1).

To sum up, by Eqs (3.2)-(3.4), (P, O )e+1 follows a distribution fully determined by
(P, O):. Therefore, the transition of (P, O,,) is a MC, which is plotted in Figure 3.2.
The figure, derived from Figure 3.1 (the dots in Figure 3.1 corresponds to the states in
Figure 3.2), presents the transition probabilities of (P, O,,) given its current value. The
transition probability is determined by P, which can be seen from Egs (3.2)-(3.4). In
more details, assume (P,O,,) = (4,7). It moves to Prev|(i,j)] and Next [(,j)] with
probability u; = 0.5¢;_1 and d; = 0.5¢;1, respectively. Otherwise, it stays at (7, j) with
probability s; = 1 — 0.5(¢;_1 + ¢i11). According to Remark 2, ¢_1 = ¢,+1 = 0, which
implies vy = d,, = 0. So, although (P,O,,) starts from some states outside the red
cycle, it finally leaves the state and never comes back. In other words, these states are
transient. By Assumption 1, ¢(A) > 0 for all A € [0,1]. Then ¢; > 0 for i € Z,,1,
and thus all u; and d; except uy and d,, are greater than zero. So, any two states in the
red cycle can communicate with each other. Combining with the fact that once (P, O,,)

enters the red cycle, it cannot leave (since ug = d,, = 0), the states in the red cycle form
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The Order of P (O,,)

So S; Sn

Figure 3.2: The MC of (P,O,,) with the transition probabilities,
where u; = 0.5¢;_1, d; = 0.5¢; 41 and s; = 1 — 0.5(¢;_1 + ¢;11). Note
that the dotted transition edges in the first and the last columns do
not exist as the transition probabilities ug = d,, = 0. This makes
transient the states outside the red cycle. The states within the cycle
make up the only CCC of the MC.

the only CCC? of the MC. Thus, we have the following theorem,

Theorem 1. Ast — oo, the MC in Figure 3.2 converges to a MC restricted to the states

of the CCC (the red cycle).

In the sequel, we call the MC of (P, O,,) the Original MC (OMC) and the one, to
which it converges, the Restricted MC (RMC).

The uniqueness of the CCC also implies

Theorem 2. The OMC and RMC have a unique stationary distribution.

3That is, starting from any state in the class, we have a non-zero probability of reaching any states
in the class and zero probability of escaping from the class [32, pp. 10-11].
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Proof. Since the OMC only has one CCC, the class is recurrent [32, Theorem 1.5.6].
Therefore, the OMC has a unique stationary distribution 7* [27, Proposition 1.28]. The
OMC itself is a CCC. So the same conclusion follows. ]

Let 7(t) denote the distribution of (P, Oy,) at the t-th iteration and 7;; the probability

of (P,O,,) = (i,J) in the stationary distribution 7*. Then we have,

Theorem 3. lim,, ., 7(t) = 7* regardless of the initial distribution 7(1). Besides, 7} ;

equals

C oo Ul (3.5)

for (i,7) € Zni1 X Ly, where C is some constant that makes the sum of all 7} ; equal to

one.

Proof. Suppose that v* is the stationary distribution of the RMC, () its distribution
at the t-th iteration, and ~;; the probability that (P,0,,) = (i,j) in v*. Then, by

Theorem 1, Theorem 3 follows if we show
1. limy_o (t) = 7* regardless of (1),
2. 95 = Corl" ' ¢l,, for all states of the RMC, and
3. Eq (3.5) is zero for the states exclusively owned by OMC.

For the first two points, we show

Lemma 1. lim; ., y(t) = v* regardless of v(1). And
iy =C el bl (3.6)

Proof. For state (0, m — 1), it has a loop with transition probability sy =1 — 0.5(¢_1 +

¢1) =1 —0.5¢1 > 0. So the state is aperiodic, which implies the RMC is also aperiodic
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[32, Lemma 1.8.2]. Since the RMC is a communicating class, it is irreducible. So,
regardless of (1), lim;_ v(t) = 7* [32, Theorem 1.8.3].
Then we show Eq (3.6) holds by showing

VZ,v " Pluw)s(r,s) = 7:,5 “ P(r,s)(uw)

for any two states (u,v) and (r,s) in the RMC, where p)s(rs) and per.sysue) are the
transition probabilities from (u,v) to (r,s) and (r,s) to (u.v) respectively [3, Cor 6.1].
In Figure 3.2, the states of the RMC are connected by transition edges in cascades. So it
is sufficient to verify the equation when (u,v) = (7,j) and (r,s) = (i,j+1) for 0 <i <mn
and 0 < j <m—1, and (u,v) = (i, — 1) and (r,s) = (i + 1,0) for 0 < i < n. For the

first case,
¥ di = C el G (0.50i0) = C - @l IV (050i1) = 44w
For the second,
Vim-1+di = C - ¢ (0.50i11) = C - 711071 (0.505) = Va0 - Uit

So Eq (3.6) holds. O

For the third point, when i = 0 and j = 0,1,---m — 2, since ¢_; = 0, Eq (3.5)
becomes

C-ore™ ¢l = 0.

Similarly, for i =n and j=1,---m — 1, as ¢,.1 = 0, Eq (3.5) can be written as

C-oron el =0.
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Therefore, Theorem 3 follows. O

Let 77 denote the Pr[P =i| in the limiting distribution of P. In other words,

% m—1 __x
;=35 7 ;. Then

Theorem 4. For 0 <i <n,

- G; (m)
= , 3.7
>0 Gy (m) ( )
where
Gi (m) = ¢z”< o0 zH) - (3.8)
§=0
Proof. By Theorem 3,
m—1 m—1 i
R Y= O Y 6l = O Gym). (39)
j=0 j=0
Since
n m—1 n n
i=0 j=0 i=0 i=0
then
1
C=————.
0 Gi (m)
Inserting it to Eq (3.9), we get Eq (3.7). O

3.2.2 A Constructive Method to Derive the Closed Form Ex-

pression of the Limiting Distribution of P

In Section 3.2.1, we directly give the closed-form expression of the limiting distribution
of P followed by showing its validity. In this section, we provide a more constructive
method for finding the expression. So the main goal is to reprove Theorem 4. Our

discussion assumes that we already know the existence of the stationary distribution 7*
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of the MC demonstrated in Figure 3.2.

Theorem 5 discusses the expression of 7 regarding the states in the first and last
columns of the chain. These states cannot be covered by the general formulas, Egs. (3.10)
and (3.11), introduced in Theorem 6. The general relationship among 77, is discussed in
Theorem 6. In particular, it constructs a relation between two consecutive states in the
MC. Eq (3.10) shows the relation between the last state of any specific column and the
first state of the next column while Eq (3.11) shows the one between two states within the
same column. Corollary 1 gives a closed-form expression of 7}, in term of 75 ;. Lemma 3
derives an algebraic result for calculating the sum of a geometric sequence. The result
allows us to get a closed-form expression of 7; by taking the sum of all 7}, within one
column. In more details, combining the result with Corollary 1, we can get a closed-form
expression of 77 in terms of 7. Theorem 8 derives a closed-form expression for ;¢ in
terms of 7. Together with Theorem 7, an expression for m; in terms of 7 is derived
in Lemma 4. Since Y1 77 = 1, we normalize the expression and derive the closed-form
expression of 7.

We need the following lemma to continue the discussion.

Lemma 2 (Prop 1.28 of [27]). Suppose a MC of finite states has a stationary distribu-
tion 7. Let w} denotes the probability of staying in state i when 7 is reached. Then for

all transient states* i, ©F = 0.

Recall Figure 3.2. In the MC of (P, O,,), the states outside the red cycle are transient.

Hence, by Lemma 2, its stationary distribution 7* must satisfy
Theorem 5. For 0 <k <m—1, m5, =0. Also, for0<k<m—1, m, =0.

Besides, for two consecutive states of the MC,

4The original proposition in [27] uses “inessential states” instead of “transient states”. According to
Remark 1.24 of [27], when the state space is finite, “essential state” is equivalent to “recurrent state”.
Then a state that is not recurrent is transient, which is also called inessential.



Theorem 6. 7}, satisfies the following equations:

1. For0<i1<n-—1,

¢i+1
71-;(_’_170 = 7¢ . ﬂ';:m_l.
(2

2. For1<i<n,and0<j<m-—1,

* o ¢i+1 *
Tij+1 = i1 Tige

—
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(3.10)

(3.11)

Proof. Let s and s’ be two consecutive states in Figure 3.2. In particular, s’ = Next [s].

Assume that 7* is reached. Let 7¥ and 7}, denote the probabilities that (P, O,,) = s and

s'. Besides, let p,y be the transition probability from s to s’ and py, the one from s to

s'. In Figure 3.2, the states are connected by transition edges in cascades. So by putting

a divider between s and ', we partition the states into two groups (see Figure 3.3). In

particular, let G be the set of states on path (0,0) <» (0,1) <> --- <> s and G, the one

ons < (n,m—2) (n,m—1).

NN st’ss’ -5 - T TT T = 1
1(0,0) (0,1) s ! = 5" (n;m-2) (n;m-1)1
| @< ------ -0 .<-|----|----|->0 D P Y I
: [ 1

LD - - _ I TTs'Ps’s = — o o e = — — — _!

Figure 3.3: The divider between s and s’ partitions the states of the
MC into two groups, G5 and G’,. When 7* is reached, the rate that
(P, O,,) moves from s to s’ equals the one in the reversed direction.
In other words, 7} - psy = T2 - Pys.

Consider the scenario when the stationary distribution 7* has been attained. The

rate at which (P, O,,) moves from G5 to G’ equals the one from G’, to Gs. If this were

not the case, Pr[(P,O,,) € Gs] and Pr[(P,O,,) € G¢] change, which conflicts with the
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assumption that the chain has attained its stationary distribution. Thence,
Ty Dss' = Ty * Do's- (3.12)
If s =(i,m — 1), then ' = (i + 1,0) (see Figure 3.2). Eq (3.12) becomes

d b;
* * * i * i+ *
m i =T 0 Uil = M0 = =

. —_— T <TI0 .
i,m—1 ,m—1 i,m—1
Ui+1 i

)

If s=(i,j), for0<j<m—1,s=(i,7+1). Eq (3.12) becomes

@'Tr* . ¢i+1 -7T*
U; ] ¢Z—1 2,

* X . * _
Mg i = Tjpy Ui = T =

]

The corollary below demonstrates the relation between a state and the first state of

the column containing it.

Corollary 1. For1 <i <n,

. J
= (i*i) T (3.13)

Proof. The result is proven by induction. For the base case, consider the setting when
j =0, Eq (3.13) holds trivially. Assume Eq (3.13) holds for 7 = k. Then for k + 1, by
Eq (3.11),

_ P fin <¢z’+1)k P _ (¢i+1>k+1 N

*
Tik+1 = Tk = Ti0 = ;0
v i1 " Gi—1 \ Pi1 " Gi—1 u

which is also true. O

Based on Theorem 6, we have the following expression for the limiting distribution
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of P. Recall that

m—1
j=0
Theorem 7. Ifi =0,
7,%8( — ﬂ-();,m—l‘ (3.15)
Otherwise, for 1 <1 <mn,
m—1)—j
At = W;O o o —_ Z“. (3.16)

i—1

To prove Theorem 7, we need the following algebraic result, which deals with the

sums of geometric sequences.

Lemma 3. Forp,q € RT,

m—1 k (m—1)—k,k
D S q D
$ (r) - Sl G

1=0

Proof. If p # q, then Eq (3.17) is a geometric series with non-one constant ratio. So,

S0 L
‘ 1—p/q g—p ¢!
2212—01 q(m—l)—kpk
- qul :

Otherwise, p = q. Then,
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Proof of Theorem 7. By Theorem 5, 75, = 0if 0 <k <m — 1. So

m—1
ok ® %
0= Z To,5 — Tom—1-
=0

For 1 <17 <n, we have

m—1 m—1 j
- ; \ Git1)’
_ Z =l Z (¢-+1 (by Eq (3.13))
=0 7
m—1
=7, - 2)=0 i — ZH. (by Lemma 3)
i—1

O
For the states of the first row in Figure 3.2, we have
Theorem 8. For 1 <i<n,
o= ¢m ¢ T Ty (3.18)
’ o

Proof. We prove the theorem by induction. For ¢ = 0, Eq (3.18) holds by Egs (3.10) and
(3.15). Assume Eq (3.18) holds for ¢ = k, then for i = k + 1, we have

‘ Pl .
Tet+1,0 — TJF km—1 (by Eq (3.10))
= ¢(Z+1 : <2k+1> “Tho (by Corollary 1)
k k-1

_ e <¢k+1> nor .
br \ k-1 ooy T
m—1
b O

Thence, Eq (3.18) holds for 1 <i < n. O

Then we can derive the expression for the limiting distribution of P.
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Lemma 4. For 0 <i <n,
7. =K -G;(m), (3.19)

~

ml
0 1

where K =

Proof. We use proof by induction. For ¢ =0, as ¢_; = 0,
m—1 (m—1)k
Go (m) = ¢’ (Z oast ¢]f> = o5
k=0
Then we have,

~ -1
7-‘-(3k ) GO (m) - ¢6n¢7ln o~
gpor T 0 gper T T

Assume Eq (3.19) holds for ¢ = k. Then for i = k + 1,

1
Z;n 0 (b z+1

Tht1 = Tho 1 (by Theorem 7)

m— 1 m m—1 m— 1) J
[¢ ' A*] ZJ 0 ¢ 41 (by Theorem 8)

70 i
el i1

1—1
Tx m— m
= Snll Z 1)]z+1]:K'Gi<m)7
0'¢1

which completes the proof. O

Second Proof of Theorem 4. As Y14} 7% = 1, by Lemma 4,

LTS 1
7,=K) G (m) = K=—5+—.
i=0 i=0 Gy (m)

Combined with Eq (3.19), Eq (3.7) follows. O
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3.3 The Reward Probability and e-optimality

The main goal of this section is to show that Algorithm LSCALA is e-optimal. More
precisely, suppose that the reward function ¢ has a global maximum ¢, at A, (that is,
for all A € [0, 1], p(A) < ¢(As) = ¢o). We shall formally prove that when the PPD n and
TR m approach to infinity, the LA’s reward probability approaches ¢, after a long-term
execution. Simultaneously, the analysis also indicates that P points to a 8" almost surely
that ¢; is arbitrarily close to ¢,. Apart from Assumption 1, the rest of the analysis in

this section also needs

Assumption 2. The reward function ¢ is Lipschitz continuous and has no global maxi-

mum points at the boundaries of the action space (that is, not at zero or one).”
Note that a Lipschitz continuous function is defined as follows.

Definition 1 (Lipschitz continuity). For function f : X CR — Y C R, if there is a
K > 0 such that for all x1,29 € X, |f(x1) — f(z2)| < K|x1 — x2|, then f is Lipschitz

continuous with the Lipschitz constant K.

Let Rw, (m) denote the reward probability of the LA after a long-term execution,
which is also the reward probability after 7* is reached. Suppose the reward function ¢
has a global maximum ¢, The main goal of this section is to show LSCALA is e-optimal
(Theorem 11). That is,

lim lim Rw, (m) = ¢,. (3.20)

n—00 M—r00

Also, we show that as n,m — oo, P equals some i almost surely that ¢; is arbitrarily

close to ¢, (Corollary 2).

5This assumption is considerably relaxed in Chapter 4. In particular, the continuity near the global
maximum points is sufficient to imply the e-optimality.
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Let R; denote the reward probability given P = ¢. When P = ¢, the LA randomly
takes either 07 , (with reward probability ¢;_1) or 67, , (with reward probability ¢;i1).

So we have

Ri = 0.5¢i—1 + O-5¢i+1 = O5(¢7,—1 + ¢i+1). (321)
Then Rw, (m) can be written as

Rw, (m) =>_ Pr[P =1i| Pr(get areward|P =] = Y _ 7/ R;. (3.22)

i=0 i=0
Let ¢o(n) = max{¢; : i € Z,.1} and correspondingly, 1(n) = {i € Zny1 : ¢ = da(n)},
the set of indices of ¢; that gives the maximum. The next theorem shows q@a(n) is a good

approximation of ¢, when n is sufficiently large, and the 6" with the largest ¢; is not at

the boundaries.

Theorem 9. lim,,_, éa(n) = ¢,. Besides, there exists N € N such that for alln > N,

0,n ¢ I(n).

Proof. Assume that ¢ has a global maximum point at \,. Since the distance between
two consecutive 07 is %, the distance between A, and the closest 0" (denoted by 07) is less
than +. Note that ¢(6%) < ¢a(n) < ¢a. As ¢ is Lipschitz continuous (Assumption 2),

let K > 0 be the Lipschitz constant. Then

. K
0 S ¢o¢ - gba(n) S |¢o¢ - ¢(QZ)| S K|)‘oz - QZ| < z (323>

Therefore, lim,, qga(n) = ¢o. As ¢ does not have a global maximum point at the

boundaries (Assumption 2), A, # 0 or 1. Pick N € N such that £ < min(¢a—¢o, pa—dn).
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For all n > N, by Eq (3.23),

o= aln) < = < T <1060 — b0, 0 — ).

Then (ba - (ia(n) < min<¢a - ¢O7¢a - ¢n) < ¢a - ¢0 implies (5&(71) > (bO- SimilarlYa

ba(n) > ¢n. Hence, 0,n ¢ I(n) by definition. O

Theorem 10 below reveals that for large n , given P € I (n), the reward probabil-
ity of the LA is roughly ¢a(n). Moreover, as m — oo, in limiting distribution of P,

Pr[pPe f(n)] converges to one.

Theorem 10. When n is sufficiently large, R; ~ ¢o(n) for i € I(n). Besides,

Jim 3 A =1, (3.24)
i€l(n)

Moreover, fori € Zn1 \ f(n), lim,,, 0o 77 = 0.

Proof. Let K > 0 be the Lipschitz constant of ¢ (Assumption 2). Then |¢p — ¢pi1| <
K0} — 07| = % where k = 0,1,--- ,n — 1. So when n is sufficiently large, we have
¢r = ¢ps1. Theorem 9 shows 0,n ¢ I(n) when n is big enough. Then for i € I(n),
¢i—1 and @41 are not ¢_y or ¢,y1, and thus, ¢;_1 ~ ¢ ~ ¢;y1. So by Eq (3.21),
Ri = 0.5(dic1 + dip1) =~ 0.5(¢; + ¢i) = 0.5(da(n) + da(n)) = du(n). Recall Theorem 4.

As ¢ =~ gy, for 1 <i<n-—1,

m—1
Gi (m) = ¢ (Z <z>§mf”"“¢i-:l> ~ mg?m (3.25)
k=0



35
For: =0, as ¢_1 =0,

o) = o (32 07k o) e (3.20)

Similarly, for i = n, as ¢, =0,

G, (m) = ¢} <mZ1 P ’“) ~ g2 (3.27)

k=0

Since 0,n ¢ I(n) when n is big enough, then by Theorem 4,

1 Y0 Ga(m) Ve ™| iefon} T T ez, o \(F(m)uiom))
Ziej(n) T _Zief(n)G (m) a Zief( )7?* Zz‘ei( )7?;"
60"+ O+ Tiem o0 mg;" !
2iei(n) M {% } "
0(1) + Yiezp\dmuonp L)
Dicitmy 1

=1+

=1+

=1+ o(1).

Therefore,

Jim Y A= lim 1/(1+o(1) = 1.

icl(n)

"*

and thus limy, 00 ez (i) @ = 0 88 Yiez, 77 = 1. So for i € Zyi1 \ I(n),

lim,, oo 77 =0 . O
Corollary 2. As n,m — oo, in the limiting distribution of P, the probability converges
to one that P points a 0] with ¢; arbitrarily close to ¢,.

Proof. The result is immediate from Theorems 9 and 10. O

Theorem 11 (e-optimal).
lim lim Rw, (m) = ¢,. (3.28)

n—oo m—oo
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Proof. Recall Eq (3.22). According to Theorem 10, by choosing big enough n, we have

lim Rw, (m) = lim > 7'R;+ lim > 7R,

m—00 m—o0 “= m—00 -
i€l(n) 1€Zn+1\I(n)
= lim da(n) > 77+ > 0-R
1€l(n) 1€Zn4+1\I(n)
= lim @a(n) - 1= ¢a(n).

Then by Theorem 9,

lim lim Rw, (m)= lim ¢,(n) = ¢,

n—oo m—o0 n—o0

which completes the proof. O]

3.4 Experimental Results

The LSCALA algorithm has been rigorously tested in a number of environments, and the
results we have obtained are both interesting and conclusive. Although a considerable
number of simulations have been done for various combinations of ¢, m and n, in the
interest of space and brevity we merely cite a few demonstrative examples. We empha-
size, however, that the results submitted are typical and representative of the results
obtained for the other settings. The experiments were conducted by choosing relatively
small values of m and n. This was done so that the readers can verify our results within a
reasonable amount of time. Of course, more accurate results can be obtained by increas-
ing the values of m and n at the cost of slowing the speed with which the distribution
of P converges to its asymptotic distributional form.

Algorithm LSCALA is tested with the Environment that provides responses according
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to the reward function

¢(z) = min(0.1sin(5x) + 0.05sin(16x + 4) + 0.87, 1), (3.29)

and the one that provides responses based on

—422 + 1.122 + 0.7716, if £ < 0.3,
¢(x) = {min (1.1exp (=922 + 9z — 2.25),1)  if 0.3 <z < 0.8, (3.30)
42% 4+ 3.69 — 7.2z elsewhere.

For both cases, ¢, = 1.

As one can see, the above two reward functions, plotted in Figures 3.4 and 3.5 re-
spectively by the red dashed line, are greater than zero on its domain and do not have
a global maximum point at zero or one. Their Lipschitz continuities can be seen by its
bounded first derivative [51, Cor 6.4.20]°. So ¢ satisfies Assumptions 1 and 2, and thus
Algorithm LSCALA is applicable.

Figure 3.4 plots the results of the simulation where the reward function ¢ is defined by
Eq (3.29), n = 20 and m = 30. We ran a group of 100, 000 LA implementing the LSCALA
algorithm and plotted the estimated distribution curve of P and the reward rate as a
function of the number of iterations. The results of the theoretical “infinite” number
of iterations have also been calculated as per Theorem 4 and Eq (3.22). Additional
theoretical results for other combinations of m and n have been provided in Table 3.1.
From the table, we can clearly see that Rw, (m) approaches to ¢, as m and n increase.

Figure 3.5 plots the results of the simulation where the reward function ¢ is defined

SFor both reward functions ¢(z) plotted in Figures 3.4 and 3.5, there are finite number of points at
which the function is not differentiable. However, the function is still continuous at these points, which
so does not affect the Lipschitz continuity.
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Figure 3.4: The estimated distribution curve of P as a function of
the number of iterations. The estimation is made by running an
ensemble of 100, 000 LA implementing Algorithm LSCALA with n =
20, m = 30. The environment gives responses according to the reward
function ¢ defined by Eq (3.29).

Table 3.1: The Rw, (m) of the LA implementing
Algorithm LSCALA. The reward function ¢ is defined by Eq (3.29).

. m 10 30 50 100
10 93.50% | 95.00% | 95.10% | 95.11%
20 95.48% | 98.25% | 98.70% | 99.05%
50 96.26% | 99.22% | 99.58% | 99.77%
100 96.40% | 99.39% | 99.73% | 99.89%

by Eq (3.30), n = 20 and m = 32. We ran an ensemble of 15,000 LA implementing the
LSCALA algorithm and plotted the estimated density curve of P and the reward rate as
a function of the number of iterations. The results of the theoretical “infinite” number
of iterations have also been calculated as per Theorem 4 and Eq (3.22). In the interest
of completeness, additional theoretical results for other combinations of m and n have
been provided in Table 3.2.

From both experiments, we can observe that the density curve of P and the reward

rate converge to their theoretical counterparts, which effectively corroborates our analysis
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Figure 3.5: The estimated density curve of P and the reward rate as a
function of the number of iterations. The estimation is made by run-
ning an ensemble of 15,000 LA implementing the original LSCALA
algorithm with n = 20, m = 32 and the reward function ¢ defined by
Eq (3.30).

Table 3.2: The Rw, (m) of the LA implementing the LSCALA
algorithm. The reward function ¢ is defined by Eq (3.30).

m

n 8 16 32 64
10 93.17% 95.88% 97.54% 98.62%
20 96.44% 98.41% 99.13% 99.53%
30 97.18% 98.97% 99.47% 99.72%
40 97.47% 99.2% 99.62% 99.80%

about the distribution of P and Rw, (m) for a fixed m and n. Tables 3.1 and 3.2
clearly show that Rw, (m) approaches to ¢, when m and n increase. This trend also

experimentally confirms our assertion that the LSCALA algorithm is e-optimal.

3.5 Summary

In this chapter, we have reported the original LSCALA algorithm. We have discussed

the “discretization” idea behind the algorithm design as well as the its relation with the
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SPL problem. We have shown that the behaviour of the LSCALA can be characterized
by a MC, which converges to its unique stationary distribution asymptotically. The
LSCALA’s long-term behaviour is then discussed, and we have proved that the algorithm
is e-optimal. Finally, we have provided a few experimental results, which can strongly

corroborate our theoretical analysis.



Chapter 4

Proof of c-optimality of LSCALA
with Relaxed Preconditions and

Enhanced LSCALA Algorithm

In this chapter, we shall show that the conditions that imply the e-optimality of the
original LSCALA algorithm in Chapter 3 can be considerably relaxed.

The analysis of this chapter consists of two parts. In Section 4.1, we show that the
Lipschitz continuity of the reward function is unnecessary. Instead, we prove that the con-
tinuity near the global maximum points is enough to imply the algorithm’s e-optimality.
Based on this, in Section 4.2, we further show that we do not need the condition that
the reward function is strictly positive (Assumption 1). This is done by introducing a
new CALA, named Enhanced LSCALA (E-LSCALA), by slightly modifying the original
LSCALA algorithm. Then in Section 4.3, we demonstrate some simulation results to

support our claims. Finally, we summarize our work in Section 4.4.

41
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4.1 Proof of c-optimality of LSCALA with Relaxed
Preconditions

This section gives the proof of the e-optimality of Algorithm LSCALA with a considerably
relaxed version of Assumption 2. In particular, we show that Algorithm LSCALA is e-

optimal under Assumption 1 and

Assumption 3. The set of local maxima can be written as a finite union of intervals,
which could possibly be degenerate. Besides, for each interval containing the global maz-

ima, it is nested by some open interval I C [0, 1] in which ¢ is continuous.

Instead of assuming the continuity of the reward function at each point of the action
space in Assumption 2, Assumption 3 only imposes constraints upon the intervals near
the global maximum points. Our analysis in this section shows that the continuity near
the reward function’s global maximum points is sufficient to imply the e-optimality of the
LSCALA algorithm, which thus significantly broadens the algorithm’s applicable scope

and flexibility.

4.1.1 Rationale for e-optimality Proofs

To provide the rationale for proof of the e-optimality, we recall Theorem 4 which shows

that:
G;
A= (@)
§=0 G; (m)
where G; (m) = o (ZZ@:_OI (m 1)k fﬂ). We first demonstrate that for some i, 7}

approaches to a constant and for the rest of the indices, 7} vanishes as m — oo. However,
for all G; (m), lim,, o G; (m) = 0, which makes the numerator and denominator of

Eq. (4.1) approach to zero together. So it is hard to analyze Eq. (4.1) directly. Instead,
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G4 (m)
Cm

we need to find some C' > 0, such that for some ¢, — 00 or a constant (in which

case the corresponding 7} goes to a constant), and for the rest of the indices, Gé(;” ) 50

(in which case, the corresponding 7} vanishes)'. In order to choose such C, we provide

G;(m)
cm

a sufficient condition when does and does not converge to zero in Lemmas 5 and
6, respectively. Interestingly, the C' in Lemmas 5 and 6 involves two consecutive ¢;. So
it is natural to choose M = max{¢xpr1 : 0 < k < n} as the proper C to analyze 7}

when m — oo.

Having demonstrated this, we further let K denote the set of k that gives the max-

imum. By Lemma 5, we can find a set of ¢ such that Ggﬁ — 0. Let L be the set

Gi(m)
C'm

that contains the rest of 7. Then, by Lemma 6, there exists such ¢ that — 00 Or
constant. So we can conclude that for ¢ ¢ L, 77 vanishes, and this is shown in Theo-
rem 12. Let 7 = min{¢;_1, ¢;11 : | € L} be a lower bound of the reward probability given
P € L. Since when m — oo, P =1 for some ¢ € L almost surely, we show, in Lemma 7,
that the long-term gross reward probability is lower bounded by 7. Lemmas 8 and 9
together show that lim,, ., 7 = ¢,, the global maximum of ¢, since the variable x, that

¢(x,) = 7, approaches to its global maximum point as n — oo. Then, the e-optimality

follows (Theorem 13).

4.1.2 The Formal Optimality-related Analysis

We shall now prove the e-optimality of the scheme under Assumption 3. We use the same
notations introduced in Section 3.3. Recall that Rw,, (m) denote the reward probability

of the LA after a long-term execution, which is also called the Gross Reward Probability

Tt is important to make sure both kinds of i exist. If all G; (m) approach to infinity or zero, no
conclusion can be drawn.
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in the sequel. Recall Theorem 4,

G <Z m D z+1> .

Lemma 5. For 0 <i <mn, and C > max(¢;_1¢;, ¢itir1), G; (m) = o (C™).

Proof. We prove this by considering two mutually exclusive and exhaustive cases, namely
when ¢;_1 = ¢;;1, and then when ¢;_1 # ¢i11.
FiI'Stly, if ¢i—1 = ¢i+17 then C' > ¢i—1¢i = ¢z¢z‘+1- Further,

Gi(m) = ¢}" (Z_: g Z+1> = me" o7

k=0
Thus,
G; ) i 1 . i
lim (m) = lim moPoy’ _ lim mei' o, _ lim mgq™, (4.2)
m—oo (M m—00 cm ¢i+1 m—00 Cm gbz—i—l m—00
where ¢ = ¢’¢1+1 < 1. By invoking L’Hospital’s Rule,
. m ) 1 .
lim m¢™ = lim — = lim ——— = lim q" =0.
m—00 m—o0 g=m m—o0 —g=m h’lq m—oo — lnq
Consequently,
A e = gy ik = g 0=0.

Secondly, if ¢;—1 # ¢i+1, without loss of generality, assume ¢;_1 > ¢;41 (so ¢;—1 > 0).

Then

m—1 k
m m—1)—k _ m im ¢i+1
= (ot ) —enterern S (52)

k=0



45

So,

G; . _ i0im1\" (i ;
Ji S ot (22) Y (S

k=0

Since ¢;_1 > ¢ir1, C > max{¢;_10;, P;iPir1} = Pi_1¢;, which implies % < 1. Besides,

k
the geometric series lim,, oo Y7y (ii) converges to some constant d as % < 1.
Thence,
. G, (m) -1 . ¢i¢z’—1 "
A, —gm = i d lim ( c ) =" (43)
Hence, the lemma follows. O

Lemma 6. For 0 < i < n, set C = max(¢p;_1¢;, didiv1), then limmﬁw%ff) either

converges to a constant or goes to infinity.

Proof. We again prove this by considering two mutually exclusive and exhaustive cases,
namely when ¢; 1 = ¢;11, and then when ¢; 1 # ¢;11.

In the first case, when ¢;_1 = ¢;11, then C = ¢;_10; = ¢;¢;+1. Recall Eq (4.2),
Gi(m) 1 merem,

lim = lim = lim m = oo. 4.4
m—oco  ('m ¢i+1 m—00 Cm ¢i+1 m—00 ( )

For the second case, when ¢; 1 # ¢;11, without loss of generality, assume ¢; 1 > ¢; 11

Nk

(s0 ¢i—1 > 0). Then ¢;_1¢; > Giiz1. S0 C = ¢i_1¢. Now let d = limy, oo Sy’ (252
Then

G; . _ i1\ = (0 ‘
Ji St o (202) Y ()

k=0
Pidi
C

o fin (P0) —doi=deoh,

m—r0o0

which is a constant. The result is thus proven. O]
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Let us now consider the scenario when n is a fixed value. Let
M = max{¢k¢k+1 0<k< n}, (45)

and K be the set of indices {k} that yields the maximum. Furthermore, let I denote the

set of P whose expressions of G; (m) (see Eq (3.8)) involve ¢, and ¢y, for k € K.

Remark 3. Forl € L, [ is either equal to or consecutive to some k € K. Thus, if we
pick | € L, the maximum M is attained at either ¢;_1¢; or ¢1p11, 1tmplying that the

values of k are either k =1—1 or k =1.

Theorem 12 shows if [ ¢ L, 71/ vanishes as m — oo, which implies that the probability

mass function is concentrated around some points contained in /.

Theorem 12. Forl ¢ L,
lim 77 = 0. (4.6)

m—0o0

Proof. Since | ¢ L, M > max(¢;_1¢;, ¢1¢41). By Lemma 5, G, (m) = o(M™). So by

Theorem 4, we have,

*

L : Gy (m) ~ G (m) /0™
AT = I S ) e Y, G, (m) M
= lim o)
m=00 37010 (1) + X jeL G (m) /M™
= lim o() :
m—00 ZjEL Gj (m) /Mm

According to Lemma 6, lim,, oo 3 jer. G; (m) /M™ either goes to infinity or approaches

to a constant. Thus, Eq (4.6) follows. O
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Lemma 7. As m goes to infinity, the Gross Reward Probability, Rw, (m), satisfies

lim Rw, (m) > T, (4.7)

m— 00

where 7 = min{¢;_1, o141 : L € L}.

Proof. As per Theorem 12,

%1_1&27?1 =0+ lim Zwl = lim Z?Tl + lim Zﬂ'l = lim Zwl =1 (4.8)

leL *leL gL *leL

Using the definition of the Gross Reward Probability, Rw,, (m), from Eq (3.22),

lim Rw,, (m) = Tr!,lnéozﬂ-l Ry = lim Zﬂ'l - Ry (by Theorem 12)
ZE]L
= ng lZL 0.5(¢1—1 + Pr41) (by Eq (3.21))
S
2%%27?7-721-7:7, (by Eq (4.8))
lelL
proving the result. O

Before we prove that the scheme converges to the global maximum, we need the

following result.

Lemma 8. Using the above value of T, let x, = 2 € [0,1] such that ¢(x;) = ¢s = T.

n

Then lim,, o |2, — y| = 0, where y = % for some k € K.

Proof. Recall 7 = min{¢;_1,¢,.1 : 1l € L}. So |s — 1| =1 for some [ € L. By Remark 3,
there is some k € K such that |l —k| < 1. This implies [s—k| < |s—{|+[l—k| < 141 = 2.

Equivalently, |z, —y| = | — k = < . Therefore, 0 < lim,, o |2, — y| < limn_m% =0

So limy, o |2, — y| = 0. O
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Let ¢, denote the global maximum of the reward function ¢. Then the next lemma

shows 7 approaches to ¢, when n goes to infinity.

Lemma 9. The limit of T obeys:

lim 7 = ¢,. (4.9)

n—oo

Proof. Let a be the point in [0, 1] such that ¢(a) = ¢,. Note that the reward function
¢ satisfies Assumptions 3. So « is contained by some open interval I on which ¢ is
continuous. When n increases, y = % (k € K) approaches to a and is finally contained by
I. Due to the continuity, we have lim,, ., ¢(y) = ¢. By Lemma 8, lim,, . |z, —y| = 0.

So limy, 00 @(2,) = limy, 00 (y) = dg. In other words, lim, oo 7 = @q. O
The final theorem proving the e-optimality follows.

Theorem 13. The LSCALA scheme is e-optimal because
lim lim Rw, (m) = ¢q. (4.10)

n—o0 Mm—0o0

Proof. To initiate the proof we recall Eq (3.21),

Rj = 0.5(dj-1+ ¢j+1) < 0.5+ (da + ¢a) = Pa (4.11)

We now invoke Eq (3.22) to yield,

an(m):zn:ﬁ;‘-Rigzn:%;‘-gbazl-gba:%. (4.12)

=0 =0
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Combining this with the results of Lemmas 7 and 9, we have

bo = lim 7 < lim, lim, Run (m) < lim, da = o, (4.13)
which completes the proof. O]

4.2 Enhanced LSCALA Algorithm

In this section, we shall show that Assumption 1 is not necessary. This will be achieved
by marginally modifying the LSCALA algorithm. By only assuming that the reward
function satisfies Assumption 3, we prove that the new scheme is also e-optimal.

The modification is achieved by considering an enhanced reward function, which
enhances ¢ so as to satisfy Assumption 1. This is done by adding a “subsistent” reward
probability ¢ € (0,1) to ¢. To be more specific, whenever the LA obtains a penalty for
some A € [0, 1], the new function still considers it to be a reward with probability ¢. In

other words, the reward probability associated with the value x becomes:

V() =¢(x) +c-(1-9(x) = (1—-c) o) +c (4.14)

which is lower bounded by ¢ > 0. The reader can easily verify that if ¢ satisfies As-
sumption 3, then the modified function, 1, does too. We refer to the modified version of
LSCALA which incorporates this modification as the Enhanced LSCALA, or E-LSCALA.

In the sequel, whenever an LA executes the modified algorithm, we shall refer to the
probability of a reward given by the Environment, specified by ¢, as the “Objective Re-
ward Probability”. On the other hand, the one is called “Subjective Reward Probability”

(specified by 1) that includes the subsistent reward probability ¢ and determines the
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updates of (P, O,,). Let ¢ denote the global maximum of 1. After the stationary distri-
bution is reached, the overall objective reward probability is called the Gross Objective
Reward Probability and is denoted by Rw; (m). Besides, its subjective counterpart is
named the Gross Subjective Reward Probability and is denoted by Rw; (m). The main
goal of the rest of this section is to show that

i fi R, (m) = .

Remark 4. The Objective Reward Probability is the one we care about and thus, the one
we try to maximize. In contrast, the Subjective Reward Probability is merely an auziliary

concept that allows us to use the results that have been proven in Section 4.1.

Recall that we abbreviate ¢(6;) = ¢(i/n) to ¢; for 0 < i < n in Section 3.1, and
set ¢_1 = ¢,r1 = 0 in Remark 2. Here we use the same convention to define ;. In
particular, let v; = ¢*(i/n) for 0 < i < n. Also, set ¢_; = 1,11 = 0.

Note that for 0 <1 < mn,

Yi=(1-c) ¢ +c (4.15)

The transformation defined by Eq (4.14) only involves compression (multiplying by
(1 — ¢)) and shifting (adding the quantity ¢), which does not change the relative order
of the function values. More precisely, ¢(z) < ¢(y) if and only if (z) < ¥(y). Conse-
quently, if a € [0, 1] satisfies ¢() = ¢q, then we also have ¥(a) = 1,. According to
Eq (4.14),

Yo =(1=0) ¢a+c (4.16)

We now define K, and L, in the same way as we earlier defined K and L, except that
we replace ¢ by . Given an LA that implements the E-LSCALA, the distribution of its

P is the same as the one that implements the original LSCALA with the reward function
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1. To simplify the explanation, we use the same notation 7 to denote the probability
that P = ¢ after the stationary distribution is reached. We now state and prove some

results that are true as n is sufficiently large.
Lemma 10. The boundary points, 0,n ¢ L, when n is sufficiently large.

Proof. To prove this, we recall Assumption 3, from which we know that every globally
maximum point (or interval) is nested by an open interval I C [0,1]. This implies that
the boundaries 0 (corresponding to group 0) and 1 (corresponding to group n) cannot
be the global maximum points. Thence, by choosing a large enough value for n, for
k € Ky, both |0 — k| and |n — k| are greater than unity and thus, 0,n ¢ L, by virtue of
Remark 3. ]

To proceed with the analysis, to simplify the readability, we use notations similar to
what was defined in Eq (3.21). Let R} and R be the Objective and Subjective Reward

Probabilities when P = j. In particular,
R§ = 0.5(¢j-1 + ¢ji1) and R; = 0.5(j_1 4+ ;1) (4.17)
Then Rw; (m) and Rw; (m) can be written as
Rw? (m) = En:?rf R and Rw; (m) = En:?rf RS (4.18)
i=0 i=0

For 0 <17 < n,

RS =0.5(tpj-1 + Y1) = 05[(1 = ¢)gj—1 + ¢+ (1 — ¢)Pj1 + ¢]

= 05(1 — C)(¢j_1 + ¢j+1) +c= (1 — C),R,? +c. (419)

Remarkably, the relation does not hold for ¢ = 0 or n because ¢_; = 11 = 0 and
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Gnt1 = Yny1 = 0. However, this does not affect the proof of the e-optimality as 7; and
7 equal zero when n — oo as per Lemma 10 and Theorem 12. This leads us to the

main result of this setting.

Lemma 11. When n is sufficiently large,

lim Ruj, (m) = (1—¢) lim Ruf, (m) + c. (4.20)

m—0o0

Proof. According to Lemma 10, when n is sufficiently large, 0,n ¢ L. Then,

lim Ruwy, (m) = lim ZO T R; (by Eq (4.18))
= lim S 7R3 (by Theorem 12)
i€l

= ,,%1_{%027?: (1= )RY + ] (by Lemma 10 and Eq (4.19))

1€l

:(1_6)7711—13%0 lz%f’/%fl +c

i€l
= (L —o¢) lim Rwj (m)+c. (by Eq (4.18) and Theorem 12)
Whence, the theorem is proven. O

Theorem 14. The algorithm E-LSCALA is e-optimal. In other words,

lim lim Ruj) (m) = ¢,. (4.21)

n—o0 Mm—0o0

Proof. As per Theorem 13, Rw; (m) of the LA implementing E-LSCALA with reward
function ¢ satisfies,

lim lim Rw; (m) = v,. (4.22)

n—o0 Mm—0o0



Combining the above with Lemma 11, we have

o = lim lim Rw] (m) = (1 —¢)lim lim Rw (m) + c.

n— m—oo n— m—oo

Equivalently,

fim Jim, R, (m) = =7

Rearranging Eq (4.16), we have ¢, = wl“_*cc; thus, Eq (4.21) follows.

4.3 Experimental Results

93

(4.23)

In this section, we demonstrate the strength of LSCALA and E-LSCALA algorithms by

experimental results. Regarding Algorithm LSCALA, we focus on the reward functions

that fail Assumption 2 but still satisfy Assumption 3. Although a significant number of

tests have been implemented on both algorithms by choosing different combinations of

¢, m, n and ¢, we only present a few here for the sake of conciseness. Note that the

results we provide are typical and representative of the results obtained for the other

configurations. In order to let the readers verify our results within a reasonable amount

of time, the values of m and n we pick here are relatively small. Certainly, more accurate

results can be obtained by increasing the values of m and n at the cost of slowing the

convergence speed of the distribution of P which converges to its limiting distribution

asymptotically.
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The first experiment was implemented with the reward function

min(—20 - (z —0.2)2+1.1,1),  if0.05 < z < 0.35,

¢(x) = {min(=20- (z — 0.8)2 + 1.1,1),  if 0.65 < = < 0.95, (4.24)

0.3, elsewhere.

The function is plotted in Figure 4.1, which has the global maximum ¢, = 1. Obviously,
the function is lower bounded by 0.3 and thus satisfies Assumption 1. Notice that the
function is discontinuous at x = 0.05, 0.35, 0.65 and 0.95. So Assumption 2 does not hold,
and then the analysis presented in Section 3.3 cannot be applied. In other words, based on
Section 3.3, we cannot conclude that the LA scheme implementing Algorithm LSCALA
is e-optimal when interacting with the environment that gives rewards according to the
reward function defined in Eq (4.24). However, the function satisfies Assumption 3
because for each interval consisting of global maximum points, it is nested by another
interval on which the function is continuous. As a result, the analysis performed in
Section 4.1 is applicable, and thus, the e-optimality indeed holds.

Figure 4.1 plots? the results of the simulation where n = 20 and m = 32. We ran
an ensemble of 20,000 LA implementing the original LSCALA algorithm and plotted
the estimated density curve of P and the reward rate as a function of the number of
iterations. The results of the theoretical “infinite” number of iterations have also been
calculated as per Theorem 4, Eq (3.21) and Eq (3.22). In the interest of completeness,
additional theoretical results for other combinations of m and n have been provided in

Table 4.1.

In Figure 4.1, the density curve of P are scaled for a better representation. So readers may not
expect that the area below the density curve is one. We apply the same treatment in Figure 4.2.
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Figure 4.1: The estimated density curve of P and the reward rate
as a function of the number of iterations. The estimation is made
by running an ensemble of 20,000 LA implementing the LSCALA
algorithm with n = 20, m = 32 and the reward function ¢ defined by
Eq (4.24).

Table 4.1: The Rw, (m) of the LA implementing the LSCALA
algorithm. The reward function ¢ is defined by Eq (4.24).

. m 10 16 32 64
10 84.89% | 86.54% | 88.14% | 89.03%
20 95.92% | 96.98% | 98.06% | 98.81%
50 98.61% | 99.11% | 99.52% | 99.74%
30 98.98% | 99.41% | 99.72% | 99.85%

The second experiment was performed with a reward function defined by

—42% +1.122 + 0.5, if v <0.3,
¢(x) = {min(1.1- exp(=92% + 9z — 2.25),1)  if 0.3 <z < 0.7, (4.25)
0 elsewhere.

The minimum of the function is zero and so Assumption 1 is not satisfied. Conse-

quently, only the E-LSCALA algorithm can handle it. By running an ensemble of 20, 000
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Figure 4.2: The estimated density curve of P and the reward rate
as a function of the number of iterations. The estimation is made
by running an ensemble of 20,000 LA implementing the E-LSCALA
algorithm with n = 20, m = 32, ¢ = 0.3 and the reward function ¢
defined by Eq (4.25).

LA implementing the enhanced algorithm with n = 20, m = 32 and ¢ = 0.3, we obtain
the simulation results presented in Figure 4.2. The power of the scheme is obvious.

We have also plotted the estimated density curves of P and the corresponding reward
rates for various numbers of iterations. The values for infinite number of iterations are
calculated by applying the closed-form expression from Theorem 4 and the formula of
Rw? (m) in Eq (4.18). Here, one should note that the computation of the stationary
distribution of P is based on the “Subjective” reward function v = 0.7 - ¢ + 0.3 (see
Eq (4.15)). Again, additional theoretical results for more choices of m and n are listed
in Table 4.2, from which the reader should be able to appreciate the strength of the
algorithms and the theoretical results.

From both experiments, we can observe that the density curve of P and the reward
rate converge to their theoretical counterparts, which effectively corroborates our analysis

about the distribution of P and Rw, (m) for a fixed m and n. Tables 4.1 and 4.2
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Table 4.2: The Rw;, (m) of the LA implementing the E-LSCALA
algorithm with ¢ = 0.3. The reward function ¢ is defined by

Eq (4.25).
. m 10 16 32 64
10 91.59% | 93.89% | 96.39% | 98.00%
20 96.93% | 97.94% | 98.83% | 99.35%
50 98.38% | 99.06% | 99.57% | 99.78%
30 98.54% | 99.21% | 99.69% | 99.86%

clearly show that Rw, (m) approaches to ¢, when m and n increase. This trend also

experimentally confirms our assertions that both LSCALA and E-LSCALA algorithms

are e-optimal.

4.4 Summary

In this chapter, we have shown that the assumptions we made in Chapter 3 can be
considerably relaxed. In particular, our analysis shows that to ensure the e-optimality
of the algorithm, it is sufficient that the reward function is continuous near its global
maximum points. Based on the original LSCALA algorithm, an enhanced version has
been proposed. By adding a “subsistent” reward probability, the enhanced algorithm
does not require the reward function to be strictly positive. The experimental results
have been provided at the end of this chapter, which coincide with our theoretical analysis

results.



Chapter 5

CALA-based Global Maximum

Search

Finding the extreme values of an objective function plays a dominant role in almost all
optimization problems. In some problems, local convergence is sufficient [I4, 16]. But,
in most of the cases, an algorithm of global convergence is preferable [17, 50].

In this chapter, based on Algorithm LSCALA, we devise a new algorithm, named
CALA-GMS, for finding the global maximum of an objective function (denoted by f) by
sampling its values which may be contaminated by noise.

More specifically, without loss of generality, we assume that f has domain [0, 1]. Let
W be the Random Variable (r.v.) that generates noise and w : R — R its probability
density function (pdf). By picking A € [0, 1], a noisy function value f(A) = f(\) + € is
sampled, where ¢ ~ W. We will show that by sampling the noisy function values, an
LA scheme implementing Algorithm CALA-GMS can finally learn the global maximum

points of f.

LOur analysis assumes that f is Lipschitz continuous

o8
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5.1 Approach

Algorithm CALA-GMS is implemented by adding an “interpreter” to the original LSCALA
algorithm introduced in Chapter 3. Regarding the original algorithm, we have proved
that it is e-optimal, which implies that when m and n are sufficiently large, the LA learns
the maximum of the reward function after a sufficient number of iterations. So if we use
an interpreter to map the objection function f to a function of range [0, 1], we can use
the LSCALA algorithm to find its global maximum points and in turn to find the ones
of f.

We implement the interpreter as follows. Choose a strictly increasing function S :
R — (0, 1) that is Lipschitz continuous (a potential choice is the sigmoid function). Then
for all X € [0,1], (f(\)) is in (0,1), and we use it as the reward probability of taking
action A to train the LA. In particular, we implement Algorithm CALA-GMS as follows.

In the original LSCALA, when the LA takes action A, the Environment samples
function value f(\) and gets f(A). Then the Environment has probability S(f())) to
give a reward and 1 — S( f(N) a penalty.

In Section 5.2, we show that Algorithm CALA-GMS has the globally convergency. In

particular, we prove that, an LA scheme implementing the algorithm can find the global

maximum of f almost surely when m and n approach to infinity.

5.2 Analysis

Let f, denote the global maximum of the objective function f. In this section, our main

goal is to prove

Theorem 15. If m and n approach to infinity, the probability converges to one that P

points a 0F with f(0;) arbitrarily close to f, after a sufficient number of iterations.
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We complete the analysis under the following assumption.

Assumption 4. The objective function f :[0,1] — R is Lipschitz continuous, and its

global maximum points are not at zero or one.

Let ¢(A) be the reward probability given that the LA takes action A in Algorithm CALA-
GMS. Then we have

o(A) = E[S(F(N))]. (5.1)

By Corollary 2, if n,m — oo, the probability converges to one that P points a 07" with
¢(6;) arbitrarily close to the global maximum of ¢. So, to prove Theorem 15, we only

need to show
1. ¢(A) and f(A) have global maximum points at the same A, and
2. ¢ satisfies Assumptions 1 and 2.
For the first point, it is sufficient to prove
Theorem 16. For x1,z5 € [0,1], f(z1) > f(x2) if and only if ¢p(x1) > ¢(x3).

Proof. (=) Assume f(z1) > f(xg). Then for t € R, S(f(x1) +t) > S(f(xe) +1t) as S is

strictly increasing. Recall that w is the pdf of the noise. Then,

olar) = EIS(Fa0)] = [ S(f(a) + u(t)at
> [ S(f(@2) + Dut)dt = EIS(F(z2)] = 6(z2)

(<) Assume that ¢(z1) > ¢(x9). If f(x1) < f(22), then

B(e1) = BIS(Fa))) = [ S(/ () + ey
< [ S(f(w2) + tpw(tydt = BIS(F(z2)] = 6(w2),
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which is a contradiction. Thence, f(z1) > f(z2). O

By Assumption 4, since f does not have a global maximum point at zero or one,

Theorem 16 implies that neither does ¢. As the range of S is (0, 1), for all A € [0, 1],

d(N) = E[S(f(N))] > E[0] = 0. Therefore, to complete the proof of Theorem 15, we only

need to show

Theorem 17. ¢ is Lipschitz continuous.

Lemma 12. For a r.v. X, |E(X)| < E(]X]).

Proof. Since —E(|X]) = E(-|X]) < E(X) < E(|X]), [E(X)| < [E(X])| = E(X]). O

Proof of Theorem 17. Let M and N be the Lipschitz constants of S and f. Pick x1, 25 €
[0,1]. We have

[¢(21) — ¢(w2)| = |E[S(f(21))] = EIS(f(22))]]

1)) = S(f(2))]]

< B [|S(F(@1) = S(F(x2)]] (by Lemma 12)
= [1S(7 (1) + 1) = S(f(w2) + 1) wit)at

< [ M) +0) = (fla) + 1) wltds

< [ M1 (@) = fla) | w(t)at

= MN|x; —:vgl/w(t)dt: MN|zy — xo).

= |Els(f

—~

Therefore, ¢ is Lipschitz continuous by definition. m
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5.3 Experimental Results

We demonstrate how Algorithm CALA-GMS works by testing it with the objective

function

f(z) = —(0.5 —2.52) sin(9x + 1). (5.2)

The noise is simulated by W ~ N(0,0.1). Besides, we use
S(z)=5- (e +5)" (5.3)

for mapping the noisy function values into (0, 1). Note that S is strictly increasing and
Lipschitz continuous as its first derivative is positive and bounded. The function f is
plotted in Figure 5.1 by the red dotted line, and it does not have a global maximum point
at zero or one. Its Lipschitz continuity can also be seen by its bounded first derivative. So

Assumption 4 is satisfied, and Algorithm CALA-GMS is applicable. In Figure 5.1, we
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Figure 5.1: The estimated distribution curve of P as a function of the
number of iterations. The estimation is made by running an ensemble
of 100,000 LA performing Algorithm CALA-GMS with n = 20 and
m = 25. The objective function is defined by Eq (5.2), and the
function for mapping its function values into range (0,1) is defined
by Eq (5.3).
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Figure 5.2: The theoretical distribution of P with various m and n.
The objective function is defined by Eq (5.2).

plot the estimated distribution of P by running an ensemble of 100,000 LA performing
Algorithm CALA-GMS with n = 20 and m = 25. And the theoretical curve after
infinite number of iterations is calculated through Theorem 4 and Eq (3.22) with the
reward function E[S(f(z))]. Additional theoretical results are provided in Figure 5.2. It
is clear that, when n and m increase, the limiting distribution of P concentrates to the
point at which f reaches its global maximum.

From the experiment, we can observe that the distribution curve of P converges to
its theoretical counterpart, which effectively corroborates our analysis about the limiting
distribution of P for a fixed m and n. When m and n increase, Figure 5.2 clearly shows

that the limiting distribution of P shrinks to the global maximum point of f. The trends

experimentally confirm our assertions that CALA-GMS algorithm is globally convergent.
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5.4 Summary

In this chapter, we have proposed a global maximum searching algorithm named CALA-
GMS. The algorithm can find the global maximum points of a real-valued function by
sampling its noisy function values. The experimental results coincide with our theoretical

analysis, which thus strongly support our claims.



Chapter 6

The Performance Limit of Action
Probability Distribution-based
CALA Algorithms

All currently available LA algorithms take actions according to some action probability
distributions. By interacting with the Environment, the LA modifies the distribution
for the intention that the probability of taking the optimal action is maximized. All
reported CALA algorithms, including those we have introduced in Chapters 3, 4 and 5,
inherit such scheme.

In this chapter, we discuss the limit of the theoretical performance of the CALA
implementing such scheme. In particular, for a reward function ¢, we define an associated
index &, referred to as the Optimal Reward Probability (ORP). We prove that it is
the least upper bound of the long-term reward probability that any action probability

distribution-based CALA algorithms can possibly achieve.

65
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6.1 Preface

Our proof is constructive. In particular, in Section 6.2, we first define the ORP and show
that it is an upper bound of the long-term reward probability for any CALA algorithms.
Then we devise a new CALA algorithm, named G-LSCALA, that can handle more general
reward functions than those we have discussed in the previous chapters in Section 6.3.
We analyze the algorithm and show that its long-term reward probability reaches the
ORP in an e-optimal manner in Section 6.4, which implies that the ORP is in fact the
least upper bound.

Apart from the proof, in Section 6.5, we provide an enhanced version of the G-
LSCALA algorithm by applying a similar idea used in Section 4.2. We also show that
the e-optimality holds in the enhanced algorithm. After this, we give some comments
and examples to show the strength of the new algorithms in Section 6.6. In this section,
we also discuss the relation between the ORP and the reward function’s global maximum
points, which have been heavily used in the e-optimality proofs of all classical LA prob-
lems. In Section 6.7, we use some experimental results to corroborate the claims implied
by our theoretical analysis. Finally, in Section 6.8, we make a summary to conclude this
chapter.

For the sake of conciseness and without loss of generality, our discussion assumes
that the domain of the reward function ¢ is [0, 1]. To avoid tedious discussions upon the
boundary cases, we further define an auxiliary function ¢* that extends the domain of ¢

to the real line.

o(x) if x € [0,1],
9" (x) = (6.1)

0 elsewhere.
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6.2 Optimal Reward Probability (ORP)

In this section, we define the ORP of ¢ and discuss some typical properties of it. More
discussions are given in Section 6.6. In Theorem 19, we prove that the eORP is an upper
bound of the reward probability that a CALA can theoretically achieve. We defer the
proof that it is also the least upper bound to the end of Section 6.4.2.

All the discussions in this section are made under the following assumption,
Assumption 5. The reward function ¢ is integrable.

Remark 5. If a function is integrable on intervals Iy and I, then it is also integrable

on Iy U Iy. Therefore, if ¢ is integrable, then so is the auxiliary function ¢*.

Let Z (z,1) = ["*' ¢* and T (I) = [, ¢*. Given that I = (a,b), Z(I) = [, ¢* = [P ¢* =

Z(a,b—a). If I =L for some n € N*, we write Z (z,2) = Z"(z). The average value

n

of function f over an interval [ is defined as %, where |I| denotes the length of I.
Specifically, for ¢*,
(I 7 (z,l1
Al = |§|) and Alz, 1) = (7’ )

The definition can be trivially generalized to handle mutually exclusive intervals

{L;}. In particular,

7 (Ul
AULE) = Tl
izo [1i]
Similarly, if || = & for some n € N*,
n 1 n n
A" (z) = — - I"(x) =nI"(z) .

1/n
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Moreover, set

A" = sup A"(x).

z€[0,1]

As ¢* is upper bounded by one, for all n € N* and z € [0, 1],

n

A(z) = nT"(z) < n (1 . 1) _

Thence, sup, ey« SUP (1] A"(2) exists, and we name it the ORP of ¢.

Definition 2 (Optimal Reward Probability). Given a reward function ¢ : [0,1] — [0, 1],

its Optimal Reward Probability (ORP) is defined as,

¢ = sup sup A"(x) = sup A"
neN* z€[0,1] neN*

Theorem 18 shows that A" attains its supremum ¢ when n approaches to infinity.
Theorem 18. lim,,_, ., Ar = gg
In order to make the proof well-organized, we first prove some lemmas.

Lemma 13. Suppose that {I;},, a set of mutually exclusive bounded intervals, satisfies

A(Ufilli) > c. Then the set contains at least one I; such that A(I;) > c.

Proof. We prove the lemma by contradiction. If the opposite is true, then A(I;) < ¢ for

all 7. Since
I (Uiols)

> ¢
imo i 7

we have

N
¢ Y |L| < T(ULLL).

i=1
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On the other side, as A(1;) < ¢ for all i,

N

N N N
I(vazlli) =>"T(L) =Y |LIAL) <Y Ll -e=c- Y |L] < I(UiN:lIi) ,
i=1 =1 =1

i=1
which is a contradiction. O
Corollary 3. If A" > ¢, then for all k € N*, A" > ¢.

Proof. Pick k € N*. Since A" > ¢, there exists ¢ € [0, 1] such that A"(zy) > ¢. Partition
interval (xo,xo + %) into k subintervals of length % Then, Lemma 13 shows that at

least one subinterval I satisfies A(I) > ¢. Hence, A > A(I) > c. O
Corollary 4. For all p,q € N* and z € [0, 1], .A(a:, 5) < ¢.

Proof. Assume the opposite is true. Then there exist some p, ¢ € N* and z € [0, 1] such
that A(xo, g) > gz~5 Evenly partition interval (xo, To + %) into p subintervals of length %.
By Lemma 13, there exists at least one interval (denoted by I) that A(I) > ¢. Hence,

¢ > A1 > A(I) > ¢, a contradiction. O

Lemma 14. For any functions g, and g defined on some set X, we have

sup(gi — g2) > Sup g1 — Sup ga. (6.2)
zeX zeX zeX

Proof. Notice that for any functions f; and f; defined on X, we have

sup(fi + f2) < sup fi + sup fo.
reX reX reX

So we have

sup g1 = sup[(g1 — g2) + g2] < sup(g1 — g2) + sup go.
xeX xeX rxeX rxeX

Hence, Eq (6.2) follows. O



70

Lemma 15. If[0,1 — ;] C I, sup,¢; A"(z) = sup,ep ) A"(z) = A™.

1
Proof. Let s = sup,¢p, 1) A™(x). We first show s = sup,c; A*(x) if [0,1 — ;] C I. For

n

any interval I containing [0,1 — 1], we have

sup A"(z) > sup A"(z) > sup A"(z) =s.
T€R zel xe[O,l—%}
So it is sufficient to show sup,cp A™(z) = s. We show it by proving that for 2 ¢ [0,1— 1],

there exists y € [0,1 — 1] such that
A'(z) < A™(y) - (6.3)

Without loss of generality, assume that © > 1 — % fz>1 A% z) = nffr% o* = 0.

Then for any y € [0,1 — %], Eq (6.3) holds. Otherwise, for z € (1 — +,1], [{"1¢* >

n

0= "7 ¢ Sowe have, [[Tr g™ = [1¢"+ [T ¢t < [Lo+ [F o= [l 1o Thus,
A'(z) = nffr% ¢ <nflio=A"(1-1). As1—1€[0,1— 1] we conclude that

_1
n

s = sup,¢; A™(x). In particular, since [0,1 — 1] C [0,1], for 7 D [0,1 — &],

A" = sup A"(x) = s = sup A"(v).

z€[0,1] xzel

Proof of Theorem 18. We show the equation holds by showing:

limsup A" < ¢ & lim inf A" > ¢.

n—oo n—o0
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The proof of the first inequality is straightforward. In particular,

limsup A" = lim sup A" < lim (sup fl”) = ¢.

n—o00 070 n>ng MO0 \ peN*

We prove the second inequality by contradiction. If it does not hold, then there exists

€o > 0 such that for all N € N*,3n’ > N,
A" < ¢ — e (6.4)

Since (;S = SUp,,cn- A", there exists ng € N* such that A" > q~5— 9 Pick n’ > ng
satisfying Eq (6.4). Then there exists k& € N* such that knyg < n’ < (k + 1)ng. By

Corollary 3, we have A0 > ¢ — 9. So,

"—k 1 1 st
supI(:c,nno>—supI<x—>:sup o o8

z€[0,1] kngn/ z€0,1] z€[0,1] Jx
1
Y

= sup [/ o o —/ qﬁ*] = sup {Ik”(’(x — ,> -1I" (:E — ,ﬂ
ze0,1] [ z—2 z€[0,1] n n

= sup [Ik”()(x) —-1I" (m)}
mG[——%T,l—-i7]

> sup  IF(z)—  sup  I"(x) (by Lemma 14)
el 2] el -]
= AkFno — A" (by Lemma 15)
1 ~ €0 1 ~
ano (¢—§)—ﬁ (¢ — €o)
- n' —kng~ €(2kng—n') n' —kng -
- knon/ 2kng kngon/

Then sup,¢( 1 A( n ”0) > (/5, contradicting to Corollary 4. Hence, the second in-

Z, knon
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equality holds. So

¢ < liminf A" < lim A" < limsup A" < ¢,

n—oo n—o0 n—oo

which completes the proof. O]

Theorem 19. For arbitrary CALA taking actions based on Continuous Probability Dis-

tributions (CPDs), its reward probability is upper bounded by é

Proof. Suppose that, in some iteration, a CALA takes an action according to the CPD
defined by a density function f(z). Since lim; ot [ UL g = g () almost everywhere

[15, Corollary 3.33], the reward probability Rw of the current iteration satisfies

R = [ 0@ s = [ e [ o] rio)

_/ hm Al(z f(x)

t—o0
1
</ Jlim A ):/ ¢ f(x) (by Theorem 18)
00 0
=5 [ fa) <o
Thence, its reward probability is always upper bounded by ¢. O

6.3 Generalized-LSCALA

In this section, we propose a new CALA algorithm named Generalized-LSCALA (G-
LSCALA). Compared to the LSCALA algorithm introduced in Chapter 3, the analysis
we make in Section 6.4 shows that it can handle more general reward functions. The
analysis on this algorithm also implies that its long-term reward probability approaches

to the ORP gz~5 in an e-optimal manner, which thus gives a constructive proof that qg is
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the least upper bound of all action probability distribution-based CALA algorithms.
Without loss of generality, assume that [0, 1] is the action space of the environment
whose reward function is ¢ : [0,1] — [0,1]. For m,n € N*, define /™ = -L for i € Z

and a subset of the action space

™ ={6m :i=0,1,--- ,mn}.

Then G-LSCALA algorithm works as follows. Let id be a parameter whose initial value is
randomly picked from ©™". In a reinforcement-learning iteration, assume that id = 6*".
The LA takes an action A sampled from the uniform distribution U(id — 1/n,id + 1/n).
If A ¢ [0,1], it gets a penalty without consulting the environment. Otherwise, it has
probability ¢(A) to get a reward and 1 — ¢(\) a penalty. The LA updates id according
to Eq (6.5) and repeats from taking an action. The pseudocode of the algorithm is given
in Algorithm 2.

o if a reward and A < 0",

id = ZHi if a reward and A > 0;"", (6.5)

g else (a penalty).

2

Remark 6. In G-LSCALA algorithm, id € ©™" always. In an iteration, if id € ©™" \
{05, 0y indtially, then the updated id is in ©™". Otherwise, if id = 65" = 0, the LA
cannot get a reward by taking A < 0 (A = 0 has zero probability). So the updated id is
either 0§ or 07" and thus in ©™". Similar conclusion can be drawn if id = 0, = 1.

Therefore, since the initial value of id is in ™", id € ©™" forever.

As id is at the middle of the sample space, we name it kernel and thus ©"" kernel

space. Most of the analysis in the sequel is made with fixed m and n. For the sake of
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Algorithm 2: Generalized-LSCALA (G-LSCALA)
Input: m, n and ¢.

Method:

1 pick ¢ € {0,1,--- ,mn} randomly;

2 while True do

3 A < a sample from U6 — 1/n, 0" + 1/n);
4 if A € [0,1] then

5 response <— response from the environment given input \;
6 if (response = Reward) then

7 if A <60 then

8 | i—i—1

9 else

10 | Qi+

11 end if

12 end if

13 end if

14 end while

conciseness, 0" is written as 6; if the choices of m and n are clear.

6.4 Analysis

The main goal of the section is to show G-LSCALA algorithm is e-optimal. Namely,
when m and n approach to infinity, the reward probability in a long-term execution
approaches to its theoretical maximum, the ORP defined in Section 6.2. As a corollary,
we also prove that it is the least upper bound of the reward probability that the CALA,
taking actions based on some CPD, can possibly achieve.

Our discussion is made as follows. In Section 6.4.1, we show that the transition of
the kernel id can be modelled by a Markov chain. Also, a closed-form expression for its
stationary distribution is derived. Then the e-optimality of the algorithm is proved in

Section 6.4.2. The analysis is made under the following assumption.

Assumption 6. The reward function ¢ satisfies two requirements as follows.
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Req. 1 ¢ is lower bounded by some ¢ >0, and

Req. 2 ¢ is of bounded variation.

We show that Req. 1 is not necessary in Section 6.5 by implementing a modified
G-LSCALA algorithm using a similar idea applied in Section 4.2.

Req. 2 essentially requires that ¢ cannot fluctuate arbitrarily. Readers who are
interested in its rigorous definition may consult Ref. [20]. A function of bounded variation
can be written as the difference of two bounded increasing functions [26, Theorem 2.18],
which are (Riemann) integrable. As a result, ¢ is integrable, and thus, the definition of
the ORP ¢ is applicable.

The analysis in the sequel except Theorem 23 only needs the integrability of ¢. So
merely considering ¢ as an integrable function does not affect the understanding of most
of the analysis. In Section 6.6.2, we demonstrate some typical reward functions complying
with Req. 2 and thus compatible with our algorithm.

In G-LSCALA algorithm, if A ¢ [0,1], the LA gets a penalty without consulting
the environment. Equivalently, the LA always consults an environment that accepts all
A € R and gives responses according to the auxiliary function ¢* defined in Eq (6.1). To
avoid arduous discussions on the boundary cases, we mainly use ¢* in the sequel. Note
that the behaviours of the LA in these two cases are exactly the same as long as the

initial value of id is in ©”" (Remark 6).

6.4.1 Transition of the Kernel

We first show that the transition of the kernel id is a Markov chain. Then we give a
closed-form expression for its stationary distribution. In order to keep our discussion
concise, when the choices of m and n are clear, Z"(0"") is abbreviated to Z;. Let id(t)

denote the value of id in the ¢-th iteration before the update. Assume that id(¢) = 6;.
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Let A denote the random variable of the action taken by the LA . If A = )\, the response
R(A) of the environment follows a Bernoulli distribution with success probability ¢(\).
Let R(A) = 0 indicate a penalty and R(\) = 1 a reward. For id(¢ + 1), the probability

that it equals 6;_1 is

Prilid(t + 1) = 6,_1[id(t) = 6,] = Pr[R(A) = LA A < 6,]id(t) = 6,]

= /9_ Pr[A = Mid(t) = 6;] Pr[R(\) = 1|A = A Aid(t) = 6;] dA

_ )\d)\:—-/ =T
/ ) 2 Jo,_. ¢ 2

Similarly, we have,

Prlid(t + 1) = 0,4 [id(t) = 6,] = Pr[R(A) = 1 A A > 6;[id(t) = 6,]
— /9 o n _n T
2

So the probability of a reward (denoted by K;) given id(¢) = 6; is the sum,
K, = PrR(A) = 1[id(t) = 6] = /9 20 =2 (Tm+ T0), (6.6)
and the one of a penalty (also id(¢ + 1) = id(¢) ) is the complement,
Priid(t+1) = 6lid(t) = 6,] =1 — g Lo + T).

Since id(t + 1) follows a distribution fully determined by id(t), the transition of id is a
Markov chain. Figure 6.1 represents the process with the transition probabilities among
92‘ c @mn7 where T, = % 'IZ', lz = % 'Ii—m and S; = 1-— % . (Iz_m +IZ>

Let m(t) denote the distribution of id(¢) and 7* = limy_,, 7(¢) its stationary distri-
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l
lmn—1 mn

11 lo i3 !

mn—2

Figure 6.1: The transition diagram among 6;, where r; =
li = % 'Iifm and S; — 1— % . (szm +Iz)
bution (we show the existence, uniqueness and independence from 7(1) soon). Besides,
let m;(t) denote the probability that id = 6; in 7(¢) and similarly 7} the one that id = 6,

in 7*. Then we have,

Lemma 16. Ast — oo, 7(t) approaches to a unique stationary distribution ™ regardless

of the initial distribution w(1). Besides, fori1=0,1,--- mn —1,

1,

I’Hrlfm

Tl =7 - (6.7)

Proof. In Figure 6.1, it is possible to get to any states from any states. So the Markov

chain is irreducible by definition. And thus, the existence and uniqueness of the station-

ary distribution 7* follows [27, Corollary 1.17]. Since each state has a loop, the Markov
chain is aperiodic. Hence, lim;_, m(t) = 7* [27, Theorem 4.9]. Assume that the station-
ary distribution is reached. For i =0,1,--- ,mn—1, the rate from states ¢ to 1+ 1 equals

the reversed one (otherwise, Pr[id < 6;] and Pr [id > 6,1] change, which conflicts with

the assumption). That is, 7} -7, = 77, - liz1. So

T _ oo (0/2) L I

; N livi (n/2) - Ziz1-m B Ii-i—l—m’

T

and Eq (6.7) follows. O

Combined with the fact that Y% w7 = 1, there is a closed-form expression for 7 as
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follows.

Theorem 20. For:=0,1,--- ,mn,

7t =y - bmiom1 T (6.8)
szl—mIk
where
LT
ry = — Lk1-m 2 (6.9)

z@) H?c_zli—m-&-l I ‘
Proof. For i =0, Eq (6.8) holds trivially. Assume Eq (6.8) holds when i = j. Then for
1t =j+ 1, by Lemma 16,

I, [Hmn T I N

Tjit1 = T = Ty = Ty

J —1 A
Zit1-m Tezi-mZre Zivi-m [lk=1-m T

Y

which is also true. Hence, Eq (6.8) holds for i = 0,1,--- ,mn. As X"y =1,

i—1 i—1
1 — — . _ — [ _« ) Hk:i—m+1If€ " i H;c:i—m—i-lzk
—Zm—z To -l T =To - -1 T )

; i Hk:l—m k Hk:l—m k

and Eq (6.9) follows. O

6.4.2 Gross Reward Probability and e-optimallity

We call the overall reward probability in an iteration the gross reward probability. Recall

Eq (6.6). For fixed m and n, the gross reward probability in the ¢-th iteration is

Ruy, (m,t) = 2@(@ - PrR(A) = 1id(t) = 0] = Y m(t) - K (6.10)
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And correspondingly, when 7* is reached, the gross reward probability becomes
Rw, (m) =Y ;- K;. (6.11)
i=0

Since Rw,, (m) is the probability that the LA gets a reward in a long-term execution,
we call it the long-term gross reward probability in the sequel. Since the actions taken
by the LA implementing G-LSCALA algorithm follows some CPD in each iteration, by

Theorem 19 we have
Theorem 21. For m,n,t € N*, Rw, (m,t) < &. Therefore, Rw, (m) < o.

In the rest of this section, we show that when n,m — oo, Rw,, (m) > qg and thus, the
e-optimality follows. As a corollary, the proof follows that ¢ is the least upper bound of
the reward probability that the CALA, taking actions by CPDs, can possibly achieve.

Let #™(x) denote the normalized Z™(x). That is,

where 7" = sup,.p Z"(z) = n.A". Similarly, .#"(6;) is abbreviated to .# whenever there

is no ambiguity. Namely, .#; = %—; By Egs (6.6) and (6.11) and Theorem 20, the
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long-term gross reward probability can be written as

mn
Rw, (m) =) = -K;
=0
n
*
(2

= i .

n
T+ T
T+ T)

> (Liewm + T)
i=0

s
Il
=)

i—1
N M AL + T;)

1 i—1
| | P p— - i1 Zn (Ziom + T5)
1 1
i@% H;c:i—m—&-l Iy, i=0 Y 7
i—1
o i1 I (Ziom + T5)
i1
Z@(L) sz:i—m-‘rl Iy,
i—1 T\ (Tie 7
Fn im0 Hmizm1 (fﬁ) (7117;” + fn)
) mn j7i—1 Ts
i=0 Hk:i—m+1 Tn
) = N )|

=0 1lk=i—m

5 i—1 o i—1
2 Z?ﬂ) Hi:i—mﬂ fk 2 Z;Z(L) H;ﬂziferl fk

NS IS IS N3

|3

= A(n,m) + B(n,m), (6.12)
where ) A
An,m) = 2 20 H_’{:l‘m i (6.13)
2 30 Mhmicmi1 Z
and )
B(n,m) = A" E Miiomn (6.14)

o i—1 :
2 Z?l% Hk:i—m-H ﬂk

S

We will show that lim lim_ A(n,m) > 5 Then by symmetry, so is B(n,m). Thus,
the e-optimality follows. Notice that A(n,m) has two types of products, [[i_s_,, #x and
| - +1 % They are either upper bounded or approximated by some exponential

functions. We give a rigorous proof for the first type (Thoerems 22 and 23). The proof

for the second type is quite similar and so omitted. All the results regarding them are
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summarized in Theorem 24.

Let

k=i—m

The next theorem shows, for 6; ¢ ( %) P (i) is upper bounded by an exponential

2n’

function.
Theorem 22. There exists w < 1 such that for 0; € [0, 5=] U [1 — &=, 1], Pr (i) < w™.

Lemma 17. For a,b € [0,1], a-b < %2 In particular, for ki, ks € Z, we have
1
fkljkz < i(jkl + sz)

Proof. Obviously, ab < M < “—“’. Notice that for all k € Z, .#, < 1. So, in particular,

we have Iy, Iy, < 3( I, + i, )- O

Proof of Theorem 22. We show the inequality holds for 6; € [0, %], then the case that

0; € [1 — 5=, 1] follows by symmetry. For —% < 6, <0 (namely, —m < k < 0),

9 +1 N 9 . k41 .
k — = =
I" I” I AL

Jir ¢ — Iy k.
In 1/n m
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Note that 0 < 6; < % implies 0 < ¢ < . Combining with Lemma 17, we have

i—1 0 i—m/2
Pry=11 %< Il < Il %
k=i—m k=i—m k=i—m
i—3m/4
= JI “: Fei-smo—k
k=i—m
i—3m/41
< H §(jk+j(2i—3m/2)—k) (by Lemma 17)
k=i—m
ami k (2i —3m/2) — k
< 14+ Sp+1
L O
i—3m/4 2 _ 9 _ 9 m 1 1 m
S (1 B2 < (14 i) :[<1_¢)4 |
k=i—m 2m - 2m - 4~

By choosing w = (1 — igb)l/ * which is strictly less than one, the proof is completed. [J
Let o/™(x) denote the average value of In .#™ upon (x, T+ %) In particular,

%"(m):n/x In.7".

z—1/n

Furthermore, set

(i) = 42%”(9,- - 1) ,

2mn

where the term —5— is a correction that ensures the gap defined in Eq (6.17) is o(m).
Theorem 23 shows that when m is sufficiently large, for all 67" (%, 1— %), P (i)

can be approximated by <7 (i). More accurately, P (i) — exp (m - 27" (i)) uniformly

for all 9" € (%,1—%) as m — oo.

Theorem 23. For a fized n, there exists K > 0 such that for all m > 0, if 6" €
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(21— 2)
2n? 2n/’

K P (i) K
— < —"—— < — . 6.15
0 (=50) = i guargry < (o) 019
Proof. Notice that
In—"——"——|=|InP" (i) —1 o
o (| = IR 0) e (e )
i—1 Gz’.’m—(Zmn)’l
Z In. %, — mn/ In.#"
k=i—m eﬁzni(zmn)_l
izl s 9;.””—(2mn)*11 P
= — — "l. 6.16
i k:zz;m mn T /97’”“;”(2mn)_1 " ( )
Let G(m,n) denote the gap
izl g —(2mmn) 1
3 —lnfk—/ In.7" . (6.17)
i, mn mn —(2mn)~1

Chui has proved that
Ky - V,([In7m))

Glm,n) < =

Y

where K7 is a positive constant and Vli([ln 5 ”]') is the total variation of [In .#"]" on

L = (6m, — 1,6 — 1) [10, Theorem 1.d]. So to prove the theorem, we only need

1—m 2mn’ 1 2mn

to show V]i([ln I ) is upper bounded by a constant for all §;"" € ( ,1— —)
Since the variation of a function upon an interval cannot exceed the one on its super-

interval [26, Proposition 2.6.ii], it is sufficient to show that the total variation of [In .#™)'

+3 )¢ (2)

is bounded on [ 1-— —] Notice that [In .#"(z)] = % almost everywhere

2n?
[15, Corollary 3.33]. Since ¢* (z) is of bounded variation on [—2,1+ L], so is the
difference ¢* (x + %) — ¢* (x) on [ 51— f] 26, Exercise 2.5.i]. As Z(z) = [*FV/" ¢

on [—— 1-— —} it is of bounded variation [15, Corollary 3.33].

2n?
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Combined with the fact that Z"(x) > 23 > 0forallz € [—— 1-— —] the variation of
the quotient [In.#"(z)] = Mifn—m on [—2,1 — L] is bounded [26, Exercise 2.5.iii].

Let Ky = V[ ]([ln #"'). Then G(m,n) < £52 And thus, Eq (6.16) becomes
2n" " 2n
P (4) nK\ K
1 n —mn- .
n oxp (m - (1) mn - G(m,n) < -
Set K = nK; K, and take the exponential on both sides. Eq (6.15) follows. [

Theorems 22 and 23 provide a systematical way to control or approximate [[,_}_, 7
fori=0,1,--- ,mn. The trick is also applicable to [[;_%:_ ma1 Zk- As the proof is almost
the same, we omit it and simply state the results. The results regarding [[,_5_, % are

also restated.

Theorem 24. For n € N*, there exist K > 0 and w < 1 such that for all m > 0, if

92”" € (znvl_i)
K j P (K)
—— )< < — 1
exp( m) S op (m - n (@) = exp (), and (6.18)
K H?f_zlifm+1 I <K)
—— ) < < — N
o (0) < soton s <o () (619)
where
6mn—(2mn) !
(i) = (07" — (2mn)~") = n/ s 17
o —(2mn -1
and
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If 0™ € [0, 5-] U [1 — 5, 1], we have

i—1
I # <w™, and (6.20)
k=i—m
i—1
I A <om (6.21)
k=i—m+1

Remark 7. Eq (6.18) and (6.19) share K by choosing the mazimum of their exclusive
ones. Similarly, Eq (6.20) and (6.21) share w.

In Theorem 24, we handle the products [[i_} , % and [[,_" 4. based on the

k=i—m =i—m+1

location of ;. If we define

1
Smn = {i—O,l,m O ¢ (ml,l_%)}

and

< 1 1
Smn: ':()717"'7 (0" 771_7 ’
{z mn : 0, 6(271 2n>}

according to Theorem 24, A(n,m) can be written as

A Seesn U ™) + Shes,. expmern (k)
A = . = mn 6.22
(m) = S e U@+ Srs, ep[m =D R] 02

where U (w™) denotes a term upper bounded by w™. Before analyzing how A(n,m),
we will further simplify the expression by getting rid of %/ (k). This can be done by
constructing a relation between &7 (k) and A7 (k). Ahead of this, we first discuss the

value space of exp &/™(x).

2n? 2n

Theorem 25. For a fizedn and x € (5-,1 — 3~), g <exp"(zr) <1

Proof. For all z € (—5-,1 — 5-), I"(x) = ) > m? g By definition, #™(x) < 1.

So, to sum up, g < IMx) < 1. As exp/™(x) is defined in terms of #"(z), for
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z € (5,1 —5), we have

n/: In <inf f”(x))

—1/n zel
= inf I"(x) > 2,
me(—ﬁ —ﬁ 2

and

exp &/"(x) = exp

n/ lnf”} < exp

—1/n

n/ In 1} =exp(Inl) =1,

~1/n

which together complete the proof. O
The next theorem constructs a relation between 77 (k) and £ (k).

Theorem 26. For a fized n and a sufficiently large m, there exists a function £ defined

on (0,1] such that for 6" € (=,1 — i)}

exp [(m — )%, (1)] < exp [(m — 1), (1)] - €(; (i), (6.23)

where E(x) < 2 and lim,_,,- £(x) =&(1) = 1.

[RSHIN

Remark 8. lim, ;- E(z) = 1 means E(x) approaches to one as x approaches to one

from left.

Lemma 18. For ¢ > 0, function

1—y

fly) = B(?ﬁl)} )

defined on (—1,1] is increasing and reaches its global maximum one at v = 1. Also, it

has an increasing inverse function f~': (0,1] — (—=1,1] such that

lim f(y) = (1) = 1.

y—1—
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Proof. Considering that In is strictly increasing, to show f is increasing, we can show that
In f is increasing instead. In particular, we show its derivative [In f(y)]’ is non-negative
n (—1,1]. It is easy to check that

{1—(@ 1n<1(y+1)>}/:_11n{1<y+1)}+1—y 1

2¢ 2 2c |2 2¢c (y+1)

In f )/

For the first term, since y € (—=1,1], 3(y +1) < 1. So In(i(y+1)) < 0 and thus

—In (%(y + 1)) > 0. Besides, it is easy to check that the second term y( -1+1) is also not

less than zero upon y € (—1, 1]. Therefore, we conclude that [In f(y)]’ > 0. Hence, f is
increasing.

The range of f can be easily found, which is (0,1]. As the inverse function of a
monotonic function always exists, f has an increasing inverse f~! defined on (0, 1]. Ob-

viously, f is continuous. Then, so is f~!. Combined with the fact that f(1) = 1,

lim, ;- [ (y)=f1(1) =1 O

Proof of Theorem 26. We first show that the difference between two consecutive .7 is

roughly bounded by % In particular,

I mn 41 RE1 e Ot ~
| I — Ipy1] = femn B 9’51# ¢* fm” ¢ fem’"ur ¢ % ' ¢ _ 1
n n n n

Let ¢ = }fn- Then [[,_:_, % is upper bounded by a function of .%_,,. In particular,
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according to Lemma 17,

ﬁ Jkéﬁm-(%m+;>-<%m+:)...s

k=i—m

S=Yiom 1 terms

c/m

s—Fi_m
< (;(%_ms)) < (;(ﬂi_m 1)) " (6.24)

where s = sup{.%;_,, + % < 1:k € N*}. By rearranging the left side of Eq (6.18), we

have

el /0 < osp (2) T 4

k=i—m

Combining it with Eq (6.24), we get

1=
n /- K il K 1 2c/Zm
exp[m - &, (i)] < exp <m> k:llm I <exp <m> (2(%_m + 1))
When m is sufficiently large,
K\ /1 e
n(N\] < Y. (= g ¢
explor ()] < exp (5 ) - (5(Am + D)
1 1-Fim
~ (5t D) T =) (6:25)

1

where f is defined in Lemma 18. Theorem 25 shows = € (5,

1—5-) implies exp @"(x) €
[g, 1]. So for 07" € (=,1 — L), exple/™(i)] € [%, 1] and thus in the domain of f~1. So

2n’ - 2n

we can take f~! on the both sides of Eq (6.25) and get

Let g(x) = max{f~!(z), 2}. Since lim, ,, f~'(z) = f~1(1) = 1 > %, then lim,_,,~ g(z) =
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9

S~

a.
(1) = 1. Combined with the fact that for all z € (—5-,1 — 5-), #™(x) I;(f) > 2
g, neither ; nor f~! (exp[«/” (i)]) is greater than .%;_,,. So (0 < g < glexp[l (1)]) < Siem
By Egs (6.18) and (6.19),

explm —1)- B3 ()] I
expl(m — 1) - &2 (0)] " expls ()]

m

_ exp[(m - 1) ) %Zz (2>] ) H;c_::;fm I < exp <2K) .
exp[m : Wnﬁl ('l ] H;;:lifmel Ik B m

Then
explim = 1) - #5, ()] 2K\ expln(i)] _ (2K exple (i)
exp[(m — 1) - & (1)] < exp () A < exp < — ) 7 (expl ()]} (6.26)

Let E(z) = 3Gy on (0,1]. Then

R e e LU N

When m is sufficiently large, Eq (6.26) reduces to

expl(m — 1) - A (i)] B ”
expl(m — 1) 2 ()] = glewplap@) o ont)

Thus, Eq (6.23) follows.

Recall Eq (6.22). By Theorem 26, we have

A(n,m) > A : ke U (W) + Yhes,,, XP [ (k)]

U (W™) + Yhes,, exp [(m — Dz (k)] - (o (k) (6.27)

The following theorem indicates that sup,¢(y 1 exp &" () is lower bounded and arbitrarily
close to one as n goes to infinity.
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Theorem 27. For all e > 0. There exists some N > 0 such that forn > N,

AV =nI"> ¢ —¢ & sup expd"(z)ngje.
z€[0,1] ¢
Lemma 19. For any functions g1 and go defined on [0, 1], we have
Sup |g1 — g2| > | sup g1 — sup gof. (6.28)

z€[0,1] z€[0,1] z€[0,1]

Proof. Notice that sup,cjo 1y [f| = sup,ejo ) f for any f defined on [0, 1]. Combining with

Lemma 14, we have

sup g1 — g2| > sup (g1 — g2) > sup g1 — sup go.
z€[0,1] z€[0,1] z€[0,1] z€[0,1]

By symmetry, we also have

sup |g1 — g2| > sup g2 — sup g.
z€[0,1] z€[0,1] z€[0,1]

Thus, Eq (6.28) follows. O

Lemma 20. Pick € > 0. There exists N > 0 such that for all n > N, sup,crq) 5

I([E,%)>Q~5—E.

Proof. If n is even, then n = 2k for £ € N. So § = k. By Theorem 18, there exists

N; € N that k > N; implies

sup kT (x, ;) = sup kIF(z) = A* > ¢ — g (6.29)

z€[0,1] x€[0,1]
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By definition, ¢ > A*. So ‘flk — é’ < 5. If nis odd, then n = 2k + 1. By Lemma 19,

. 2k+1.1( p )—.,Zlk

o 2 Yokt 1
2% + 1 9 1
< sup + I(a:, )—kI <x, >
z€[0,1] 2 2k +1 k
% + 1 2 2 2 1
— I —2 ) k1 KT (2 —2— ) — kT (2. =
mi%%{ 2 ("”’%H) (“”’%H)}% (x’2k+1> (xk)H
1 2 2
< 7I k 2k+1 *
= eion ‘2 <$’2k+1)‘+‘ Jori ™ 0 }
1 2 9 1 9
<= k| 7= |
2 2%+ 1 %+1 Kl 2k+1

So there exists Ny € N such that Vk > N,

SUPze(0,1] LQH A (x, ﬁ) — ./Zlk‘ < 5. Then

for k > max{Ny, No},

2k +1 2 ~
= T e, ) -
oy 2 <x 2k+1> ¢‘
2k+1 2 ~ ~ ~
= A — AR 4 [AF —
L@lﬁ] I (*551) ] A~ ]
2k+1 2 ~k‘ "‘k ~
< T _ _
< sp T (g ) - A A -
<e+e
— 4+ - =e.
-2 2
So we conclude that
2k + 1 ( 2 ) ~
I e, —— | >0—c 6.30
o 2 Tont1)207€ (6.30)

Combined with Eq (6.29) for n is even, the theorem follows by choosing N = 2 max{ Ny, N2 }.

]

Lemma 21. Pick € > 0. Suppose that for some m and n, there exists 1 € Z such that

% L (i bixm)) = ¢ — % Then for 0;_, < 0; <6, we have nZ; > b —e.
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Proof. Figure 6.2 demostrates the relations among 0;_,,, 0;, 8;, 0,1, and 0;4,,.

i 2 | -
~ n -
| |
| 1 |
-— -
| | n | |
l | | | | o
Oi—m 0 0; 0j+m Oitm

Figure 6.2: Relations among 0;_,,, 0;, 0;, 0,1, and 0;,,,.
Assume the opposite is true. There exists some 6; such that nZ; < gz; —¢€. As

7 ((Qi—mv Hj) U (0j+m7 0i+m)) = (|9i—m - 9'| + |Qj+m - ‘9i+m|) ’ A((Qi—mv Hj) U (0j+m7 9i+m))

- A(( imm, 05) U (0j5m, Oitm))

then

A((Orms85) U Oms Oim)) = 0 (Bias 65) U (B b))
= 1T (Br s ) — T (65, 65m))]

= 0T (B, Bi4m) 1T, 22(6-5) — (0 - ) = 6.

Lemma 13 shows at least one of A((6;_m,0;)) and A((6;4m,0i1m)) is greater than ¢,

which contradicts to Corollary 4. [

Proof of Theorem 27. Pick € > 0 arbitrary. By Lemma 20, there exists N € N such that

2 -
sup — I( > o —
336[01]2

2

Pick such n. Since § -7 (:L‘, 5) is continuous, there is zg € [0, 1] that gives the supremum

for alln > N,

mm

and some ¢ > 0 such that for z € (zg — d, 29 + ), ( ) > qg— 5. Choose a
big enough m so that there is 0" € ©™" contained by (zo — 0,29 + ). Then we

have 2 ~Z(0m" 2) > ¢ — 5. Namely, 7 -I((Gm" o )) > ¢ — 5. According to

P i—m’ n 2 i—m> Yi+m
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Lemma 21, for ™ < 07" < 0", n1; > ¢ — ¢, and thus the first equation follows. Also,

g = L > WnG-a _ i

When m is sufficiently large, according to Theorem 24,

= md b
exp (m - @p (i) =12 5 > <¢;€>m. Therefore,
n n(; Q; —¢€
sup exp /" (x) > exp (i) > ——.
z€[0,1] ¢

]

The next theorem completes most of the the work for the proof that G-LSCALA is

e-optimal.

[N RS

Theorem 28. lim lim A(n,m) > (5 and lim lim B(n,m) >

n—r00 M—r00 n—0o0 Mm—00
Lemma 22. Suppose that there is a series of functions {gi:(k)}i>1 defined on N* such

that for all i, g;(k) < p*. Then for e > 0 and ty,ts,t3 € N, we have

t1k

Z:tQ . gl(k’ — t3) = 0((p + E)k)

Proof.
2?1]6 L. o k—ts3
iy i1 t2 gi(k — t3) < lim (t1k)tap
k—o00 (p + e)k k—o0 (p =+ e)k
. (tik)tep™® : titop™"
= lim ———— = lim — = 0.

koo ((p+€)/p)* koo k((p +€)/p)

Note that second last equation is due to L’Hospital’s rule. O

Proof of Theorem 28. Recall Eq (6.27). Let

Skesmn U (W) + Yhes,,, P (M (F)]

) e U ™) + Ties,., o im — D (b)) (T ()
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Then Eq (6.27) can be written as A(n,m) > %h(m). Pick 0 < € < 1—w. By Theorem 26,
as lim, ;- £(x) = 1, there exists § > 0 such that 0 < 1 —x < ¢ implies |E(z) — 1] < e.

Since £(1) =1,

0<l—-z<d=€&(x)<1l+e (6.31)

Pick 0 < € < min (¢, §). Partition S,,, into three parts:

Tu(m) = {i € Spn s exp (i) <1— ¢},

/

Tom) = fi€ i1 —¢ <o <1- 5}, and
/

T.(m) = {Z €Smm:1— % < expdg(i)} :

Then h(m) can be written as

h(m) = < Z Uwm)+ Z exp [m<Z,n (k)] + Z exp [ma, (k)] + Z exp [m%ﬁ(k)})/
kESmn

keTu(m) keT./(m) keT.(m)

( Y UW™) + D exp[(m— 1) (k)] € (exp oy (k) +

kESmn keT, (m)
> exp(m— 1)y (k) E(exp (k) + Y exp[(m — 1) (k)] € (exp ﬂf#ﬁ(@))
ke, (m) ke, (m)
— < Z Uwm)+ Z exp [may (k)] + Z exp [mszfﬁ(kz)])/
kE€Smn UL/ (m) k€T (m) keT./(m)

( D UW™)+ Y expl(m — 1)y (k)] € (exp oy, (k) +

k’e&Smn k’ETE/ (m)

> exp[(m— 1) (k)] E(exp Ay (k) + Y exp[(m — 1) (k)] € (exp ﬂ%‘(@))
k€T (m) keT,/(m)

Note that w < 1 —€ <1 — €. According to Lemma 22, those terms which are sums of
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U (w™) are o ((1 — 65’)7“) Recall Theorem 26, £(z) < =. So

> exp(m — 1) (k)] € (exp a7 (k) <

keT.(m)

- ) exp[(m— D) (k)]

keT.(m)

ASHE M

which is also o (1 — 65’)’”) by Lemma 22. Therefore, h(m) can be written as

o((1—=9)m)+ S ke (m)UTs (m) €XP My (k)]

hm) =3 (1= 5)™) + Sets mpudes(m) &P [(m — 1) (k)] € (exp 2 (k)

According to Theorem 27, there exists N > 0 such that, for all n > N, A >

1

¢ — 6/2 > ¢ — % > ¢ — € and SUpP,e(o,1) €Xp " () > ‘i’_ETZ‘b/Q >1— % For such n, since

/"(z) is continuous, there exists xo € [0, 1] that &7"(z) = sup,ep 1) " (). Asm — oo,

inf {|07"" — xo| : 67" € ©™"} — 0. So there exists M > 0 such that for all m > M,

6I

sup{exp &7, (i) : 0] € ©™"} = sup exp ¥ "(z) > 1 — 5
z€[0,1]

Therefore, for n > N and m > M, Tg(ﬂ’b) is not empty. By picking such n > N, we have

. . SokeT, (m)Uts (m) €XP (M (k)]
lim A(m) = lim :
meee M0 N e (m)UT (m) €XP (M — 1) (k)] € (exp 7 (K))

Notice that for k € Tu(m)UT.(m), exp (k) > 1—€ > 1—4. Besides, by Theorem 25,
exp (k) < 1. So we conclude that 0 < 1 —exp (k) < ¢, and thus E(exp <" (k)) <
1+ € by Eq (6.31). Then

3

(B)] 1-¢ _1-—¢
(k)] 1+e “1ie

1—¢ P U (m) €XP (M — 1
lim h(m) > lim L€ Skl P (m = 1)
m—o0 m—0o0 1 + € Zk’efe/(m)UTel(m) eXp [(m — 1)%

33

So

lim lim A(n,m) > lim lim A—h(m) > o l-¢

N—00 M—00 n—00 m—oo 9 2 14+¢




Since € can be arbitrarily small, we conclude that

lim lim A(n,m) >

n—o0 m—oo

[N RS

By symmetry, we also have

I RSE

lim lim B(n,m) >

n—o0 mMm—0o0

Theorem 29 (e-optimal). lim lim Ruw, (m) = ¢.

n—o0 m—oo

Proof. According to Theorem 21, Rw,, (m) < ¢. Besides,

lim lim Rw, (m)= lim lim A(n,m)+ lim lim B(n,m)
n—o0 Mm—r0o0 n—o0 m—0o0 n—o0 m—0o0

>4+ =9

NSRS
NI RS

So we have

QNS < lim lim Rw, (m) < QB,

n—o0 Mm—0oo

which implies that

A3, liza, R (m) = ¢.

(by Eq (6.12))

(by Theorem 28)
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]

Notice that G-LSCALA algorithm uses CPDs to take actions. Since we have showed

that the LA implementing G-LSCALA algorithm has the long-term reward probability

arbitrarily close to ¢ by pushing m and n to infinity, combining with Theorem 19, we

conclude that

Corollary 5. For CALA taking actions according to CPDs, ¢ is the least upper bound

of the reward probability they can possibly achieve.
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6.5 Generalization

In this section, we propose a MG-LSCALA algorithm that is e-optimal without assuming
that the reward function satisfies Req. 1.

The modification is made as follows. Given a reward function ¢ that only satisfies
Req. 2, we can adapt it to satisfy Req. 1 by adding a subsistent reward probability
¢ € (0,1). In more details, when the LA gets a penalty by taking A € [0,1], it still
has probability ¢ to consider it as a reward. Then the reward probability by taking A

becomes

b (A) =N +c-(1=0N) =1 —c)-¢(N) +¢ (6.32)

which is lower bounded by ¢ > 0. In the sequel, for a LA running the modified algo-
rithm, we call the probability of a reward given by the environment the objective reward
probability (specified by ¢) and the one (added a subsistent reward probability ¢) deter-
mining the updates of the kernel the subjective reward probability (specified by ). Let
¥ denote the ORP of 1.

Remark 9. The objective reward probability is the one we care about and thus the one
we try to maximize. In contrast, the subjective reward probability is merely an auxiliary

concept that allows us to use the results having been proved in Sections 6.2-6.4.2.

Let LA,, denote the LA implementing the modified algorithm and interacting with
¢. LA, implements the original algorithm and functioning with . All characteristics
of LA,, and LA, are same because the transitions of their kernels are both guided by
(the reward probability of LA, is the subjective reward probability of LA,,). So we can
investigate LA, through LA, whose properties have been studied.

The subjective reward probability v is always lower bounded by ¢ and thus satisfies

Req. 1. Any constant function has variation zero on any interval [26, Proposition 2.10].
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Thus, if ¢ is of bounded variation on [0, 1], so is ¥ = (1 — ¢)¢ + ¢ [20, Exercise 2.5].
Hereafter, we assume that ¢ satisfies Req. 2 only. Then v satisfies Assumption 6, and
LA, can be characterized by the theorems proved in Sections 6.2-6.4.2.

Let Rw; (m) and Rw;, (m) denote the long-term gross objective and subjective reward
probabilities of LA,,, respectively. Then Rw] (m) is also the long-term gross reward
probability of LA,. Our main goal is to show that the modified algorithm is also e-
optimal. Namely,

lim lim Rw) (m) = ¢. (6.33)

n—o0 m—oo

1

Recall Eq (6.6). For LA,,, K; = f: ij 59" is the objective reward probability when
1 "

id =0,. Let % = | ;’jf 51" be its subjective counterpart. For both LA, and LA,, let

7 denote the stationary distributions of id and 7{* the probability that id = 6; in it.

Let 7. (x) = (1 — ¢)x + ¢. Then Eq (6.32) can be written as

U (A) =T (o(N)) (6.34)

Recall Eq (6.1). We extend the domain of ¢ to R in the same way and get ¢*. If
A € [0, 1], we have ¥* (A\) = ¢ (A) = To (¢(N)) = Te (¢* (A)). Otherwise, we have y* (\) =
0<c="T.(¢*(N)). To sum up, ¥* (A) < T.(¢* (N)), and thus

Lemma 23. % < (1 —¢o)K; +c.

Proof. = ;17 807 < [ AT (6T () = (1=0) |71 307 +e = (10K +e. D

Since 7. is trivially bijective, then its inverse 7, ! exists. Besides, as T is strictly

increasing , so is 7, '. Then we have,

Theorem 30. Ruf, (m) > T,7' (Rw, (m)).
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Proof. Recall Eq (6.11), Rw,, (m) = >0 7 KC;. Correspondingly, we have

RwS, (m) =Y 7" K; (6.35)
i=0
and
Rw;, (m) =) w{* ;.
i=0
Then
Rws, (m) =Y w2t < wf* (1 - ¢)K; + ¢ (Lemma 23)
=0 i=0
=(1—-c¢) [Z Wf*Ki] +c=(1—-c¢)Rw;, (m)+ c="T.(Rw; (m))
i=0
Therefore, Rw? (m) = T, (T (Rw? (m))) > T, (Rw? (m)). O

Also, we have
Theorem 31. ¢ = 71 (1;)

Proof. Recall Eq (6.32). We have

~ x+%
¢ = lim sup n/ (Ch (by Theorem 18)

N0 2e0,1]

:v—i-%
= lim sup n / Y (by Lemma 15)
n—00 xE[O,l—%] x
x+%
= lim sup n/ (1—-c)p+c (by Eq (6.32))

oo xG[O,l—%]

=(1-¢ llim sup n/H}Lgb

n—oo

T+
=(1-c¢ [lim sup n/ (b*} +c (by Lemma 15)

70 2e0,1]

=(1-¢)p+c=T. (QE) : (by Theorem 18)
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Therefore, ¢ = T (72 ((5)) =7t (w> m

All the theorems discussed in Sections 6.2-6.4.2 apply to LA,. Particularly, Theo-

rem 29 indicates that its long-term gross reward probability satisfies

lim lim Rw; (m) = 1. (6.36)

n—00 M—r00

Since 7. is linear and thus continuous, so is 7,7'. Hence [1, Theorem 4.3.2.iii],

lim lim 77" (Rw) (m)) = _ lim 7,7' (Rwi (m)) =T,"(¢).

Combined with Theorems 30 and 31, the objective reward probability of LA,, satisfies

lim lim Rw?(m) > lim lim 77" (Rw} (m)) =T, " (¥) = ¢.

n—0o0 M—o0 n—00 M—r00

Applying Theorem 21, we have

¢ < lim lim Ruw® (m) < 6.

n—o0 m—oo

Thus, Eq (6.33) follows, and the modified algorithm is also e-optimal.

6.6 Examples and Comments

In this section, we first make some comments on ORP. Then we provide some typical

examples compatible with (modified) G-LSCALA algorithm.
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6.6.1 Comments on ORP

The ORP ¢ may not coincide with the global maximum

M, = sup ¢(z).

z€[0,1]

The definition of ORP requires the existence of some interval I such that for almost all
A € I, ¢(N) is arbitrarily close é. In other words, while the global maximum focus on a
single-point value, the ORP considers the average function value on an arbitrarily short

interval. Figure 6.3 plots a typical case that ¢ # M.

x

Figure 6.3: A typical case that ¢ # M.

The next theorem shows that if ¢ is continuous at the global maximum point, then

Theorem 32. Suppose that ¢ has a global mazimum point at which ¢ is continuous.

Then ¢ = M.

Proof. Tt is trivial that ¢ < M. So we only need to show My < ¢ as well. Pick € > 0
arbitrary. Let zy be the global maximum point. Since ¢ is continuous at xg, there exists
d > 0 such that Vo € (xg — 6,29 + 0), My — ¢(x) < e. Equivalently, My — e < ¢(z).

Pick n € N* such that % < 0, then

@0+ Tty 1
A”(xo):n/ gb*:n/ ¢>n-<n-(/\/l¢—e)):/\/l¢—e.
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Therefore, ¢ > A™(xg) > M, — €. Since € can be arbitrarily small, so ¢ > M. ]

6.6.2 Examples

We show some typical reward functions, in practice, of bounded variation and thus
compatible with (modified) G-LSCALA algorithm.

If ¢ is a monotone, then its variation can be easily calculated as follows.

Theorem 33 (Proposition 2.10. [20]). Let I C R be an interval and f : I — R a

monotone function. Then for every interval J C I, the variation V;(f) = sup, f—inf; f.

For a reward function ¢, sup,¢o;¢ < 1 and infyep11¢ > 0. So the variation of a
monotone reward function is not greater than one and thus bounded. Therefore, MG-
LSCALA algorithm applies to all monotone reward functions. The next theorem shows

that piecewise monotone functions are sufficient.

Theorem 34 (Proposition 2.6.iii [20]). Let I C R be an interval and f : I — R a

function. ]fC € [7 then ‘/IU(foo,C](f) + ‘/}U[c,oo)(f) = ‘/}(f)

Theorem 34 indicates that the variation is addable over the mutually exclusive inter-
vals. Then, suppose that ¢ can be partitioned into k& monotone functions. Its variation
is not greater than k-1 = k and thus bounded. Hence, the modified algorithm can also
apply. Figure 6.4 plots some typical piecewise-monotone reward functions whose opti-
mal reward probabilities are marked by solid black squares. The original G-LSCALA
algorithm can handle all the functions except the ones in Figures 6.4a and 6.4c as they

have minimal function value zero.
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(d) Multimodal (e) Unimodal (f) Stair-like

Figure 6.4: Typical reward functions of bounded variation and thus
compatible with our algorithm. The optimal reward probabilities are
marked by solid black squares.

6.7 Experimental Results

Although a considerable number of simulations has been done for different combinations
of ¢, m and n, we only demonstrate a few examples here for the sake of brevity. The
experiments are conducted by choosing relatively small m and n so that readers can
verify our results within a reasonable amount of time. Better results can always be made
by increasing m and n at the cost of the convergence speed of the distribution of id.

In the first example, the environment gives responses according to the reward func-
tion,

$(x) =122 — 0.4 |3z] +0.6. (6.37)

The function is saw-like and plotted in Figure 6.5 by the red dashed line. The analysis
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Figure 6.5: The estimated density curve of id and the reward rate
as a function of the number of iterations. The estimation is made by
running 150, 000 LA implementing the original G-LSCALA algorithm
with n = 30, m = 20 and the reward function defined by Eq (6.37).

in Section 6.6.2 has shown that the reward function is of bounded variation. Besides, the
figure shows ¢ is lower bounded by 0.6 and so applicable with the G-LSCALA algorithm.
The function’s ORP ¢ coincides with its global maximum, which is 1.

It is worth to note that the function fails Assumption 3 as it is not continuous at
its global maximum point. So the function cannot be handled by the LSCALA or E-
LSCALA algorithms introduced in Sections 3.1 and 4.2.

Figure 6.5 plots the results of the simulation where n = 30 and m = 20. We run
150,000 LA implementing the original G-LSCALA algorithm in parallel and plot the
estimated density curve of id and the reward rate as a function of the number of itera-
tions. The results of the infinite number of iterations are theoretical and calculated by
Theorem 20 and Eq (6.11). More theoretical results for other combinations of m and n

are provided in Table 6.1.

Remark 10. In Figure 6.5, the densily curve of the kernels are scaled for a better
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Table 6.1: The Rw,, (m) of the LA implementing the G-LSCALA
algorithm. The reward function ¢ is defined by Eq (6.37).

. m 20 32 128 512
32 91.33% | 92.72% | 94.36% | 94.67%
128 94.24% | 95.88% | 97.98% | 98.48%
512 94.99% | 96.70% | 98.91% | 99.47%

1024 95.11% | 96.83% | 99.07% | 99.64%

representation. So readers may not expect that the area below the density curve is one.

We apply the same treatment in Figure 6.6.

The second experiment is implemented with a square-wave reward function defined
by
d(r) =2 |22 +0.25] — |4z +0.5] + 1. (6.38)

We plot the function in Figure 6.6. And it is easy to check that ¢ = 1. The minimum
of the function is zero and so fails Req. 1. So the function cannot be dealt with by
Algorithm G-LSCALA. Notice that due to the discontinuities near the global maximum
points, the function cannot be handled by Algorithms LSCALA or E-LSCALA, either.
As a result, the MG-LSCALA algorithm is the only choice. By running 150,000 LA
implementing the algorithm with n = 32, m = 20 and ¢ = 0.8, we get the simulation
results presented in Figure 6.6.

We also plot the estimated density curves of id and the corresponding reward rate for
different number of iterations. The values for infinite number of iterations are calculated
by applying the closed-form expression from Theorem 20 and Eq (6.35). It is worth to
note that the computation of the stationary distribution of id is based on the subjective
reward function ¢ = 0.2 - ¢ + 0.8 (see Eq (6.32)). More theoretical results for other
choices of m and n are listed in Table 6.2.

From both experiments, we can observe that the density curve of id and the reward
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Figure 6.6: The estimated density curve of id and the reward rate
as a function of the number of iterations. The estimation is made by
running 150,000 LA implementing the MG-LSCALA algorithm with
n =32, m=20and ¢c=0..8.

Table 6.2: The Rw{ (m) of the LA implementing the MG-LSCALA
algorithm with ¢ = 0.5. The reward function ¢ is defined by

Eq (6.38).

. m 20 32 128 512
32 94.28% | 97.11% | 99.23% | 99.80%
128 97.65% | 99.33% | 99.85% | 99.96%
512 98.36% | 99.76% | 99.97% | 99.99%

1024 98.47% | 99.84% | 99.98% | 100.00%

rate converge to their theoretical counterparts, which effectively corroborate our analysis
about the distribution of id and Rw,, (m) for a fixed m and n. Tables 6.1 and 6.2 clearly
show that Rw, (m) approaches to ¢ when m and n increase. This trend confirms our

statement that both the G-LSCALA and MG-LSCALA algorithms are e-optimal.
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6.8 Summary

In this chapter, we have discussed the performance limit of the CALA that takes actions
according to some CPD. Given an integrable reward function ¢, we have defined an
associated index, gg, named ORP. We have proved that the index is the least upper
bound of the long-term reward probability that an action probability distribution-based
CALA algorithm can possibly achieve. We also have discussed the relation between the
ORP and the reward function’s global maximum points, which have been heavily used
in the e-optimality proofs of all classical LA problems.

Our proof is constructive. In particular, we have proposed a CALA algorithm, named
G-LSCALA, that converges to ¢ in an e-optimal manner. Compared to other LSCALA-
series algorithms reported in Chapters 3 and 4, the assumptions over the reward function
are further relaxed. We also have shown that one assumption can be dropped by applying
a modified algorithm (MG-LSCALA).

We have shown some representative experimental results at the end of this chapter.
The results coincide with our expectations based on our theoretical analysis and thus

confirm our claims.



Chapter 7

Conclusion and Future Work

7.1 Conclusion

The focus of the thesis is on designing LA whose action space is an interval. We proposed
a series of LSCALA algorithms that attempted to resolve numerous issues related to the
design of any CALA. All the algorithms have been proved to be e-optimal with the
conditions listed in Table 7.1.

This thesis pioneers the concept where the uni-modal functional form for the Environ-
ment’s infinite reward probabilities do not obey a well-established functional form. To
the best of our knowledge, these algorithms are the first four that are proven e-optimal
for such arbitrary functions. Since our analysis, in fact, does not impose any constraints
upon the shape of the reward function, our algorithm can also work with, but not limited
to, multimodal functions. By investigating the problem from a different perspective, we
have argued that the solution proposed is closely related to the family of “Stochastic
Point Location” problems involving either discretized steps or d-ary parallel machines.

Based on the original LSCALA algorithm introduced in Chapter 3, we also proposed a

maximum point search algorithm named CALA-GMS. The algorithm can find the global
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Table 7.1: The LSCALA algorithms introduced in the thesis with
the assumptions under which the algorithm is e-optimal.

. Assumptions under which
Algorithms: the algl())rithm is e-optimal
LSCALA: SP, FC
M-LSCALA: FC
G-LSCALA.: SP, BV
MG-LSCALA: BV

SP: The reward function is strictly positive.

FC: The set of local maxima can be written as a finite union of intervals, which could
possibly be degenerate. Besides, the reward function is continuous near the global
maximum points.

BV: The reward function is of bounded variation.

maximum points of a real valued function by taking the sampled function values which
may be contaminated by noise. All the claims we made are based the rigorous theoretical
analysis and corroborated by experimental results.

Moreover, we investigated the limit of the performance that a CALA algorithm could
possible achieve. Our analysis applies for all the CALA algorithms which take actions
based on some CPD. In particular, given a reward function, we defined an index associ-
ated to it, and we have proved that it is the least upper bound of the long-term reward
probability that an action probability distribution-based CALA can achieve. Apart from
this, we have proved that the G-LSCALA and MG-LSCALA algorithms meet 6 in an
e-optimal manner.

The thesis also highlights the niche contributions within the broader field of learning
theory, and to the best of our knowledge, there are no comparable results reported in

the literature.
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7.2 Future Work

The future work that we anticipate involves the following areas:

e Absorbing and Ergodic LA: According to their Markovian representation, au-
tomata fall into two categories: Ergodic automata and automata possessing ab-
sorbing barriers. The latter automata get locked into a barrier state — sometimes
after even a finite number of iterations. Many families of automata that posses ab-
sorbing barriers have been reported [22, 30, 31, 33, 35, 45]. This current paper has
dealt with ergodic solutions to the infinite-action problem domain. The problem

of designing absorbing LA to achieve the same remains open.

e Estimator-based and Pursuit-based LA: The fastest LA to-date are those
which also involve the estimates of the reward probabilities, and these are re-
ferred to as Estimator Algorithms (EAs). They work with a noticeably different
paradigm, namely one in which the phases of “Exploration” and “Exploitation”
are continuously and constantly interleaved. During each learning cycle, these al-
gorithms incorporate an estimation phase, in which they update the estimates of
the reward probabilities of the various actions, thus maintaining the so-called “Es-
timator” vector. These LA, pioneered by Thathachar and Sastry [51], render the
learning process to be more goal-directed, and the probability updating of the ac-
tion probability vector involves an updating function and the “Estimator” vector.
This also leads to the families of Pursuit Algorithms (PAs) (]2, 37, 63-65]). Since
these algorithms consider both the short-term responses of the Environment and
the long-term reward probability estimates in formulating the action probability
updating rules, they outperforms traditional VSSA schemes in accuracy. This, in

turn, also leads to a much faster convergence — almost an order of magnitude faster
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than the continuous and discretized VSSA. While the current paper deals with
traditional VSSA to work in infinite-action Environments, the task of designing

analogous Estimator-based and Pursuit-based LA achieve the same remains open.

Bayesian Estimator-based LA: More recently, PAs that use the Bayesian es-
timates (instead of the ML estimates) in the “Estimator” vector have also been
designed and analyzed. They probably constitute the fastest LA to-date [65, G0].
The task of designing Bayesian Estimator-based LA to learn in similar Environ-

ments with infinite-actions is unresolved.
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