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ABSTRACT

USING FREQUENCIES OF TRANSITIONS TO IMPROVE
REINFORCEMENT LEARNING WITH HIDDEN STATES

Aydin, Hiiseyin
Ph.D., Department of Computer Engineering
Supervisor: Prof. Dr. Faruk Polat
Co-Supervisor: Dr. Erkin Cilden

August 2022, [I20| pages

Reinforcement learning problems with hidden states suffer from the ambiguity of the
environment, since the ambiguity in the agent’s perception may prevent the agent
from estimating its current state correctly. Therefore, constructing a solution without

using an external memory may be extremely difficult or even impossible sometimes.

In an ambiguous environment, frequencies of the transitions can provide more reliable
information and hence it may lead us to construct more efficient and effective mem-
ory instead of keeping all experiences of the agent like the existing memory-based
methods. Inspired by this observation, a selective memory approach based on the
frequencies of transitions is proposed in the first part of thesis. The agents with any
reinforcement learning method can be equipped with this selective memory, since the
memory itself does not have any constraints on the underlying method. Experiments
show that a compact and selective memory may improve and speed up the learning

on both Q-Learning and Sarsa(\) methods.



As the second part of the work, sequential association between transitions is used
in order to get a solution in more abstract manner for the problems which can be
decomposed by using the bottlenecks in the environment. A simple recursive method
is proposed for automatic extraction the set of chains of bottleneck transitions which
are sequences of unambiguous and critical transitions leading to the goal state. At
the higher level, an agent trains its sub-agents to extract sub-policies corresponding
to the sub-tasks, namely two successive transitions in any chain, and learns the value
of each sub-policy at the abstract level. Experimentation shows that this approach
learns better and faster in the ambiguous domains where conventional methods fail to
construct a solution. Furthermore, it has been shown that our method with its early
decomposition approach performs better than a memory-based method in terms of
quality of the learning, speed and memory usage. Finally, Diverse Density method is
integrated with the proposed method to complete the autonomy of the overall process.
Although, identified landmarks are not completely accurate, experimentation shows

that the results are promising.

Keywords: Reinforcement Learning, Compact Frequency Memory, Task Decompo-

sition, Chain of Bottleneck Transitions
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0z

SAKLI DURUMLU PEKISTIRMELI OGRENMEYI GELISTIRMEK ICIN
GECISLERIN FREKANSLARININ KULLANIMI

Aydin, Hiiseyin
Doktora, Bilgisayar Miihendisligi Boliimii
Tez Yoneticisi: Prof. Dr. Faruk Polat
Ortak Tez Yoneticisi: Dr. Erkin Cilden

Agustos 2022 , sayfa

Sakli durumlara sahip pekistirmeli 6grenme problemleri ortamdaki belirsizlikten 6nemli
derecede olumsuz etkilenmektedir. Bunun nedeni, etmenin algilayisindaki belirsizli-
gin, i¢inde bulundugu durumu dogru bir sekilde tespit etmesinin Oniine gecmesidir.
Bu nedenle, bu problem kiimesi i¢in harici bir hafiza kullanmadan bir ¢6ziim iiretmek

cok zor ya da bazen imkansizdir.

Belirsizligin yogun oldugu bir ortamda, gecislerin frekanslar1 etmenin i¢inde bulun-
dugu durumu tespit etmesi agisindan daha giivenilir bilgiler sunabilir. Dolayisiyla bu
yaklagim bizi, etmenin tiim deneyimlerini saklamaktan daha verimli ve etkili bir ha-
fiza kullanimu ile beraber daha iyi bir durum tespitine yonlendirebilir. Bu gdzlemden
yola cikarak bu tez kapsaminda, gecislerin frekanslarini kullanan secici bir hafiza
yaklagimi 6nerilmistir. Bu hafiza alttaki 6grenme yontemine yonelik bir kisitlama ba-
rindirmadigindan herhangi bir pekistirmeli 6grenme yontemini uygulayan etmen bu
hafizayi kullanabilecektir. Deneyler kompakt ve secici bir hafizanin 6grenmeyi gelis-

tirip hizlandirabilecegini Q-Ogrenme ve Sarsa(\) yontemleri icin gostermistir.

vii



Calismanin ikinci kismi olarak, etmenin problemi daha soyut bir sekilde ¢ozebilmesi
icin, darbogaz gecisleri arasindaki sirasal ilinti kullanilmigtir. Etmeni ¢oziime yon-
lendirecek olan, belirsiz olmayan ve kritik gecislerin siralamalarinin, yani darbogaz
gecis zincirlerinin kiimesinin otomatik tespitini saglayacak basit yinelemeli bir ¢6-
ziim onerilmistir. Ust ve daha soyut bir seviyede, etmen alt-etmenlerini bu zincir-
deki herhangi iki gecis arasinda egiterek, ana hedefe ulagmak icin izlenecek olasi
alt-politikalar1 ve bunlarin de8erlerini 6grenebilir. Deney caligsmalari, bu yaklasimin
belirsizligin yogun oldugu ve geleneksel yontemlerin ¢oziim iiretmekte basarisiz ol-
dugu ortamlarda daha iyi ve hizli bir 6grenme gerceklestirdigini géstermistir. Bunun
yan1 sira, onerilen yontemin 68renme kalitesi, hiz ve hafiza kulanimi yoniinden, ha-
fiza temelli bir yontemden daha iyi calistig1 gézlenmistir. Son olarak yontemin kulla-
nicidan bagimsiz, otomatik bir sekilde problem iizerinde ¢caligmasi i¢in Farkli Yogun-
luk yontemiyle entegrasyonu saglanmistir. Farkli Yogunluk yonteminin buldugu yer
isareti durumlar tiimiiyle dogru olmasa da, deneyler sonuglarin potansiyel tasidigin

gostermektedir.

Anahtar Kelimeler: Pekistirmeli Ogrenme, Kompakt Frekans Bellegi, Problem Ayris-

tirma, Darbogaz Gegisler Zinciri
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CHAPTER 1

INTRODUCTION

Over the last decades, Artificial Intelligence (AI) components have been broadly in-
volved in our day to day lives. This being the case, it is natural for the people to want
the behaviors of these components to be reasonable and explainable. With its psycho-
logical background that is useful in the examination of all living creatures’ behavior,
Reinforcement Learning (RL) [2] is one of the best alternatives among Al methods

that can satisfy people’s this need.

Similar to newborns opening their eyes and trying to make sense of their perceptions
of the world with their own experiences, an RL agent is encouraged to explore its
environment with its own actions evaluated with direct reward signals from the en-
vironment itself. However, this is not as easy as it seems when the state space of
the given RL problem gets larger, the complexity of finding a solution becomes a

challenge for both the agent and the problem designer.

Several studies have been conducted to overcome this difficulty by applying one of the
generalization techniques to a problem [3\ 4] or breaking the problem into pieces that
are easier to solve [5,16,(7]. Another approach involves the options framework [8]] sup-
ported by a number of subgoal identification methods [9, 10, [11] for the construction
of better options. Yet there is another challenge for the learning agent, which is the
limited perception of the environment. In most realistic problems, the agent cannot
have the complete information of its current state. The ambiguity in the environment
(also called perceptual aliasing [12, 13, [14]) caused by incomplete information can

make the problem very difficult, or even impossible to solve.



There are a number of memory-based method categories trying to cope with the per-
ceptual aliasing problem. Finite size history is one of the simplest memory-based
approaches [15]. Instead of keeping the current observation, the agent uses a chain
of last n steps as the current observation. Despite its simplicity of application, it
requires prior information about the environment such as the minimum size of the

memory needed to construct a solution.

Recurrent-Q is another method that uses Long Short-Term Memory (LSTM) [16].
LSTM is a Recurrent Neural Network (RNN) variant used to filter out the irrele-
vant information about the state space. Yet another memory-based method category
is the variable-length history family. In this approach, the size of the internal mem-
ory can be altered depending on dynamically changing memory requirement for the
underlying learning procedure. Nearest Sequence Memory (NSM) and Utile Suffix
Memory (USM) algorithms are examples of this category (also called instance-based
methods) where all raw data of the agent’s experience are kept in the form of action-

reward-observation tuples [/1]].

All of the methods above tend to keep the recent or all the experiences of the agent
collected throughout the learning process. Unfortunately, especially for problems
with large state space, it becomes difficult to determine the size and content of the
memory required to provide a distinctive clue about the current state of the agent.
Although keeping all the history of the agent overcomes this problem, the estimated
state, namely the information unit constructed by the agent to distinguish its current

state, can be arbitrarily complex [17]].

In this study, a selective memory approach called Compact Frequency Memory (CFM),
is build based on the transition frequencies and hence, a more compact and reliable
memory becomes available for the learning agent. Therefore, scalability of CFM is

much higher than the existing memory-based methods.

As the second part of this thesis, we take a step further in the examination of the tran-
sition frequencies by the interpretation of their sequential associations in the com-
pletion of RL tasks. We observe that a Chain of Bottleneck Transitions (CBT), as an
ordered sequence of critical transitions based on the landmark states [[18} [19]], can be

useful in the decomposition of the main problem.



While there are some divide-and-conquer approaches for RL under full observabil-
ity, similar work is rare for RL with hidden states. Most research focus on using an
external memory or a trace mechanism that imitates a memory for the agent as men-
tioned above. However, there are few studies making use of decomposition for the
problems with hidden states [20, 21]]. This is not surprising, since, without any refine-
ment and adaptation for perceptual aliasing, conventional methods cannot guarantee

convergence to an optimal solution [22].

CBT method deals with the perceptual aliasing by the sequential partitioning of the
problem. Since each sub-problem is separately handled, the number of aliased states
is much less compared to the main problem. The main agent of the proposed method
can speed up this process by the simultaneous training of its sub-agents for each
independent sub-part of the problem. Therefore, this sequential partitioning provides
a natural guidance for the learning agent to solve the task in a more abstract manner.
In other words, the agent may have different strategies to achieve sub-tasks indicated
by given bottleneck transitions and these strategies can be used as intermediate steps

for the completion of the whole task.

Although the idea of using the sequential partitioning of the problem has been studied
in different fields like planning [23l124], to our best knowledge, this is the first attempt
to apply this approach for RL with hidden states. The definition of a landmark state
is less strict compared to the notion of landmark in planning domain, in the sense that
a landmark here does not have to be included in every optimal solution. The agent
may have alternative ways for the solution visiting both a certain set of landmarks
and/or regular states and bypassing another set of landmarks. This particular property
of learning problems having both hidden and landmark states requires a different

technique.

The following subsection provides the contribution and novelties of the technique we
proposed to deal with sequential partitioning in the context of reinforcement learning.
The same aspects are also covered for our memory-based method that is proposed in

the first part of the study.



1.1 Contributions and Novelties

Focusing on partially observable RL problems, two main contributions for are pro-

posed as follows:

e An efficient memory mechanism, namely Compact Frequency Memory (CFM)
that uses only significant transitions of the learning agent is constructed [25]].
In this way, a compact state estimation becomes available for the agent to deal
with the ambiguity in the environment faster. To our best knowledge, this is the

first selective memory that is designed for a tabular RL solution.

e A framework that constructs Chains of Bottleneck Transitions (CBT) based
on landmark states (states having unique observations) is incrementally built
for the RL agent [26]]. By the means of these chains, a decomposition of the
given RL problem with hidden states is obtained and the learning performance
is improved through independent sub-agents dealing with each sub-problem
where the ambiguity is lessened compared to overall problem. As far as we
know, explicit inclusion of landmark states to the learning phase was achieved

first within the scope of this study.

1.2 The Outline of the Thesis

The outline for the rest of this thesis is as below:
e Chapter 2 provides the summary of problem along with its formulation, related
works and sample domains used in this study.

e Chapter 3 presents CFM, a memory mechanism which filters out the insignifi-

cant transitions of the agent, and hence, produces a compact state estimation.

o In Chapter 4, the validation of CBT about successfully decomposing and solv-

ing the given RL problems with hidden states is demonstrated.

e In Chapter 5, the method that achieves the self-construction of CBT is pro-
posed.



e Chapter 6 completes the CBT framework by presenting the automatization of

landmark identification and integration of all components.

e Finally, in Chapter 7, the study is concluded and possible research directions

for the future of proposed methods are provided.






CHAPTER 2

BACKGROUND AND RELATED WORK

This chapter summarizes the necessary background to provide better understanding
of the RL problems with hidden states that are focused throughout this study. The
related methods, some of which are used as underlying learning methods in the ap-
proaches we work on this thesis, are examined here as well. Finally, along with its
theoretical basis, samples of partially observable RL problems that are used in the

experimentation of proposed methods are covered in this chapter.

2.1 Reinforcement Learning

Reinforcement Learning (RL) refers to a family of algorithms where the agent is
expected to solve a problem by the direct reward as a feedback from the environment
reflecting the evaluation of its action taken in the state where the agent reside. Figure
2.1 depicts the essence of this framework. With this evaluative nature of the problem,
an RL agent learns from its own experiences how good an action is for a specific
situation, instead of learning what is the “correct” action to take. Therefore, there
is no complete supervision in RL as in a classification problem. However, since the
environment provides a feedback, one cannot claim that RL is a unsupervised method
either. Hence, RL must be considered as a third paradigm in the field of machine
learning within its distinct characteristics which can be summarized as evaluative yet

exploratory.

This brings us to the challenging aspect of an RL problem where the agent has a
trade-off between exploitation and exploration. To maximize its cumulative reward,

the agent needs to exploit the experience it already has up to that point. However, to
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Figure 2.1: The interaction diagram between agent and environment as the essence of

the reinforcement learning

exceed possible local maxima and to construct better solution, the agent also needs
to explore the environment. Although this dilemma has been studied by many re-
searchers, there is no silver bullet to solve it and the best thing to do for the agent is to

find a balance between these strategies considering the nature of the given problem.

Another challenging property of an RL problem is that the agent may not have the
complete information about its current state. Consider the sample problem from Mc-
Callum’s study [1]] given in Figure [2.2] where the goal of the agent is to reach the
center of the corridor in the middle. Assuming that the agent is not able to know its
current location, and its ability to sense the environment is limited to the cell it resides,
the agent becomes unable to distinguish the critical states that are just above or just
below the goal state. This phenomenon is called perceptual aliasing [12, 113} 14] and
as can be seen in the example, an RL problem with aliased states might be severely

challenging for the agent to construct a stationary and memoryless solution.

(a) states (b) observation

Figure 2.2: McCallum’s Hallway Navigation (mhn) [1] domain with its state and
observation enumerations. The learning suffers from perceptual aliasing especially

for the states around the goal state.



Before the examination of the methods which try to overcome these challenges of
the RL problems, the next two sections summarize the formulations that are used to

properly define a given RL problem.

2.2 Markov Decision Process

An RL problem requires the agent to produce a sequence of decisions for the com-
pletion of a task. Within such a sequence, the agent traverses through state space of
the problem, and it is convenient to assume that any state in the problem contains the
complete information to construct the probability distribution for the possible next
states. In this way, problem does not require the agent to memorize its past expe-
rience for the decision about what the next action should be. This characteristic is

called Markov Property and it can be expressed more formally as below:

P(St—i-l‘st) = P(St-i-l‘s(h 815405 St—1, St>' (21)

Most methods in the field of RL are based on the assumption the given problem, is
Markovian, i.e. has the Markov Property. Markov Decision Process (MDP) formu-

lates such a problem, which is a model defined with the tuple (S, A, T, R) where,

S denotes the finite set of states,

A denotes the finite set of possible actions,

o T': 5 xAx S —|0,1] is the transition function that defines the probability of

making a transition from the given state to another by taking some action, and

R : Sx A — Ris the reward function that gives the immediate reward provided

to the agent doing some action in the given state.

A policy for an MDP is defined as, 7 : S x A — [0, 1], which defines the probability
of taking an action in A from some state in S. An optimal policy is the one that

maximizes the expected discounted return (), namely, the sum of immediate reward
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and all future rewards in which a discount factor, v € [0, 1], is used to decide the

weight of every forthcoming step’s reward in the cumulation:

Ge=ri 4+ i+ Ve + 7 =) Ve, (2.2)
k=0

where the upper limit (7) can be a finite value if the task has a terminal state. Other-
wise, the task becomes non-episodic and hence, the limit goes to infinity. By the help
of discount factor (), the influence of the future reward on agent’s behavior can be
realistically simulated. In its extreme values, 0 and 1, the agent becomes myopic and
farsighted respectively. In other words if +y is 0, the agent does not care about the fu-
ture rewards at all, and if v is 1, the agent takes all of the future rewards into account
in the most strongly way that is possible. For most of the tasks, it is preferable to set

a value that is closer but not equal to 1 for ~.

MDP provides a well-defined formulation to model RL problems. However, the par-
tially observable case, where the agent fails to grasp its complete state in the problem,
is not expressible by using MDP. That is why we need a more comprehensive formu-

lation as Partially Observable MDP which is covered in the next section.

2.3 Partially Observable Markov Decision Process

When the agent has limited sensor capability and fails to capture all of the neces-
sary information about its current state, MDP becomes insufficient to formulate the
problem. To deal with such problems, a generalization of MDP, Partially Observable
MDP (POMDP) defined by the tuple (S, A, T, R, 2, O) is used in the formulation
of problems with hidden states. POMDP model covers partial observability by ex-
tending MDP model with the addition of the finite set of observations as {2, and the
observation function, O : S x A — II(2), which gives a probability distribution over

possible observations for each action and resulting state [27]].

There are two different interpretations of POMDP formulation. The first one assumes
that the agent has complete knowledge of the underlying state space but it does not

know the current state. Based on this scenario, Kaelbling et. al. proposed the belief

10



state, which is the probability distribution of the given observation belonging to some
set of states by considering the previous experience of the agent [27]. In the second
approach, the only information the agent gets is the current observation which it is
able to perceive [1l]. The problems attacked in this study fall into the second cate-
gory. Therefore, the learning agents of proposed methods are assumed to be totally

oblivious of the underlying MDP model (by following the model-free RL approach).

It is clear that MDP is a special form of POMDP where every state is associated
with a unique observation. On the other hand, the ambiguity in the problem can be
extremely challenging and even impossible to solve without an external memory for
any given RL method. One extreme case would be that the same observation is given
to the agent for all states (excluding the goal state(s), if we want to keep the problem
somehow ‘“‘solvable”). The main point here is that there is no limitation regarding the
observation function. However, as a reasonable example, if the problem is naviga-
tional and discrete, it is convenient to assume that the agent has the perception of the
surroundings of its current cell at worst or the agent is somehow able to sense the dis-
tance to the obstacles around the environment up to some degree. Since navigational
problems are favored in this study for easy visualization, the next two subsections
explain these semantics in details. This will also provide us the chance to see that the

observation function alter the complexity of same problem significantly.

2.3.1 Observations Based on Basic Surroundings

For a navigational RL problem with hidden states, one of the simplest observation se-
mantics is based on the existence of an obstacle around the agent’s current cell. There
are two possible cases of the agent for each main direction, as being able to move
towards a direction or being stuck in the previous location by hitting the obstacle.

Hence, there can be 16 distinct observations for a regular state in this semantic.

Table [2.1] shows the 4-bit encoding of all observations, if the agent can only sense
the surrounding of its current cell. The encoding is done in clockwise order starting
from the North. The same table includes the labels of possible observations in the
sample domain depicted in Figure [2.2] Obviously, labeling as shown in this table is

not obligatory and these labels can be replaced in any way.
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Table 2.1: The 4-bit encoding of observations of regular states with basic semantic
and their labels for McCallum’s Hallway Navigation (mhn) [1] problem. The obser-

vations labeled with a ‘-’ character do not exist in this domain.

4-bit encoding (N-E-S-W) | label in mhn

0000 -

0001 -

0010 0

0011 1

0100 -

0101 2

0110 3

0111 -

1000 4

1001 5

1010 6
1011 -
1100 7
1101 -
1110 -
1111 -

Figure shows example observations from mhn domain. If the agent can move
from its current cell in any direction other than South, then it gets the observation 0
(09). When the agent gets the oy, then it means that there are obstacles in both West
and South directions. Finally, the o7 is like the opposite of 0; where the agent cannot

move towards North and East in the context of this example.

(a) 0o (0010) (b) 01 (0011) () o7 (1100)

Figure 2.3: Sample observations from mhn domain
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2.3.2 Observations Based on Classified Distances

When the agent is assumed to be more perceptive about its whereabouts, the classified
distances can be used to construct the observation function in POMDP model of the
given navigational RL problem. These observations are still not sufficient for the
agent to know its exact location and hence, to distinguish all of the states in the
problem, yet they are based on surrounding obstacles exceeding the agent’s current
cell. Since the environment of a navigational problem is assumed to be a bounded

region, it is guaranteed that there exist at least one obstacle for every main direction.

In this semantic, the agent is able to sense the adjacent obstacle and the obstacle that
is 1-step away for any of the cardinal directions. Furthermore, it is also capable of
comparing the distances to the nearest obstacles in opposite directions. Considering
the case of being equally distant case together with being far away from an obstacle,

the agent may get 4 distinct perceptions for each main direction.

Let be the agent in the cell next to obstacle, or the cell that is one step away from
the obstacle in North, then it cannot be any closer to the obstacle in the opposite
direction, namely South. The same interpretation can be validated for the horizon-
tal orientation as well. Hence, the number of possible combinations for the agent’s

overall perception of a regular state is much less than 256 (4%), in fact, is 121.

Before the calculation of this value, let the perception in one direction is encoded as:

e 0 — next to the obstacle,
e 1 — 1-step away from the obstacle,

e 2 — the obstacle in this direction is closer than the one in the opposite direc-

tion,

e 3 — the obstacles are equidistant or the obstacle in the opposite direction is

closer.

With this enumeration at hand, all possible combinations of the perceptions can be
seen in the Figure [2.4] as categorized according to the perception on North where

dy and dg represents the distance values to the obstacles in North and in South
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Figure 2.4: Possible combinations for the observation encoding in the observation

semantic with the classified distances.

respectively, in terms of the number of available cells in these directions. Possible
encoding values of perception in one direction is merged into a single node to avoid
repetition of similar entities in the combination tree. Therefore, we get 66 valid com-
binations when dy = 0 or dy = 1. Similarly, we get 11 and 44 possible combinations
for the cases that dy < dg and dy > dg respectively and get the total number of per-

ceivable observations as 121.

Now that the enumeration in this observation semantic is known, let us look at the
types of observations with classified distances in a sample domain, namely 2 rooms
problem [I1] shown in Figure[2.5] In this problem, the agent is placed in a cell in the
left room and it is expected to find its path to the south-western corner of the right
room, denoted by letter *G’. Including the goal observation, there are 37 different
observations in this domain when this semantic is chosen to construct the observation

function.
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Figure 2.5: The observation enumeration of 2 rooms domain with classified dis-

tances semantic

dy =0 dy =0
dy = dg dg = 0 dedEI IdE=1
dg = dy dg = dyn
(a) 00 (0033) (b) 01 (0133)
dy 2 dg
]

dg =0

(c) 028 (3300)

Figure 2.6: Sample observations from 2 rooms domain with the classified distances

semantic.
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Figure 2.7: The observation enumeration of 2 rooms domain with basic semantic

Figure [2.6 depicts a closer look for 3 types of observations that can be seen in 2
rooms domain. The first one in[2.6a, namely o, is corresponding to the north-eastern
corner of the rooms. The second one in [2.6b] is the 0; is the cell where the agent
gets slightly different observation since the obstacle in East is one step away now.

Finally, Figure shows the observation for south-western corner of the rooms.

To be able to compare this observation semantic with the one explained in the previous
section, let us see the difference from the point of agent’s view. Figure shows
the observation enumeration of 2 rooms is given with the basic semantic. Having the
extended observations in Figure[2.5] the agent is able to get more distinct observations
for the problem whereas there are only 11 distinct observations available for the same
problem including the goal observation. Although aliasing does not always harm the
learning process, since it may lead a useful abstraction for its policy, this is not the
case in 2 rooms domain with the basic semantic. As it can be seen from the figure,
0 1s perceived by the agent for 128 states and the optimal actions for these states can
be in opposite directions. The agent may still overcome this problem if the East
action converges to its correct value, yet, that is not possible for o, where the agent
cannot avoid the conflict of optimal actions. It is most likely that the agent will get
stuck in the south-eastern corner of the left room where the agent repeats North
and South over and over again if there is a stationary and completely greedy policy.
However, as careful readers may notice, the same issue arises in the same domain

with the classified distances semantic as well. Hence, once again it can be inferred
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that despite of being more improved version, the classified distances semantic does
not guarantee for the agent to reach an optimal policy that is stationary and reactive

like in the fully observable case.

2.3.3 Observation Semantics with Landmark States and Landmark-POMDPs

There are some places in the real world having a unique feature that makes them
the only instance of their kind, for instance, the seven wonders of the ancient world.
Similarly, in a partially observable RL setting there may exist a type of state, that
can be uniquely perceived, and hence, fully observable to the agent. In other words,
for such a case, the ambiguity still takes it place in the environment due to aliased
states, yet, there might be some set of states, that are completely distinguishable by

the agent. Such states are called landmark states and formally defined as:

Definition 2.1 A state s € S, is a landmark state if Jo € O, such that P(o | s) = 1
andV's' # s, P(o | §') = 0 where P(o | s) is the probability of getting observation o

for given current state s.

For example, the state corresponding to the location of doorway between the rooms
in 2 rooms domain, can be considered as a landmark state, with both observation
semantics explained in preceding subsections (see Figure 2.5/ and Figure 2.7]). If a
navigational domain has more than one door, then it is generally assumed that each
door has a unique feature (like a number in a door of a building) that makes it land-
mark. This assumption allows us to model the problem with Landmark-POMDP
setting and benefit from the concept of distinguishable state for the learning agent.
As the name implies, Landmark-POMDP (L-POMDP) model is a special type of
POMDP formulation, where it is assumed that there is at least one landmark state
in the problem [18} [19]]. Although it is easy to imagine the concept of landmarks in
navigational domains, the concept itself, cannot be restricted to this type of problems
and landmark states can be naturally seen in any type RL problem with hidden states.
An example to confirm this deduction is provided in Section [2.5| with the domain of

well-known Tower of Hanoi problem [28]].
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2.4 Reinforcement Learning Methods

Now that the basic properties and widely-used formulations of RL problems have
been covered, existing methods that attempt to solve these problems can be exam-
ined. RL methods follow one of the these two main approaches: tabular or function
approximation. Tabular methods uses a lookup table to represent and update the value
of a state or a state-action pair from the experiences of the agent whereas the function
approximation methods uses an approximator to estimate the value of given state or
state-action pair. Although function approximation provides more comprehensive so-
lutions for especially continuous case of RL problems, tabular methods produce more
explainable solutions for the given problem. Tabular methods can be policy-based or
value based. In policy-based approach, the policies are iterated and evaluated consec-
utively until the policy converges to optimal one. In value-based approach, values are
iterated until the optimal value function is obtained. In this way, the optimal policy
can be directly extracted from the values. The methods we proposed in this study fall

into the second category of tabular methods.

The value-based tabular methods can be further classified according to two dimen-
sions of the value updates: the depth and width of the updates on values. The depth
of the updates corresponds to when the updates are done, for example within each
step of the agent, or when the the agent reached its goal state (assuming that the agent
always achieves the task soon or later). The second dimension, namely the width of
the update, represents the number of states whose values will be recalculated by the

update within a step. Extreme points of these dimensions are depicted in Figure [2.8

All extreme points other than Temporal Difference (TD) learning require that either
all the way to the goal should be given for each update and/or all states must be
included in the recalculation of the values. For example, as Dynamic Programming
(DP) methods, Policy Iteration or Value Iteration methods do their calculations over
all state space by bootstrapping one-step estimated values of them. Monte Carlo
(MC), on the other hand, does its calculation by sampling all the states down to the
goal one and the updates are done with the actual value of discounted return for one

state at a time.
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Figure 2.8: Tabular RL methods projected to the solution space where the dimensions

are the depth and width of the updates on values (adapted from [2]).

TD, uses the bootstrapping one-step estimated value as DP methods, but it does the
sampling of one state among all available states as in the case of MC methods. In
this way, with TD learning, the agent does not have to wait until it reaches the goal to
update the values. Furthermore, the does not need to traverse through the whole state
space in one step of the update. Hence, it is like an efficient compromise among these

extreme points.

24.1 Q-Learning

Q-Learning [29] is a widely used RL algorithm that facilitates the learning process
using Temporal Difference over state-action pairs instead of using only states. Given
the experience (s, a,r, s’) at time ¢, the update rule for the Q-value of a state-action

pair at time ¢ + 1, Q41(s, a), is defined as:

QtJrl(Sv a) < Qt(sa &) + O‘[T + ’yma-%a’eAQt(Slv CLI) - Qt(sv CL)], (23)

where 0 < a < 1 is the learning rate and 0 < v < 1 is the discount factor. Most
RL approaches inherit the Q-Learning’s action-value update idea. Q-Learning is an
off-policy method as it separates the policy that is being evaluated and the policy that
produce the experience of the agent unlike the on-policy approach where the exact

policy that determines the behavior of the agent is evaluated.
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Q-Learning can easily be adapted to the problems with POMDP formulation over
observations, by simply replacing s with o in the update rule (2.3). However, since
the states are hidden, the Markov property does not hold due to the notion called
perceptual aliasing, which is the situation that occurs when the same observation can
be obtained by the agent in at least two distinct states in the environment as discussed
in Section 2.1 Unfortunately, convergence is not guaranteed in this circumstance
[22]. There are RL algorithms to cope with this problem and are successful to a
certain extent [2]]. One powerful representative of these algorithms, Sarsa(\), will be

summarized in the next subsection.

2.4.2 Sarsa())

Sarsa(\) is an on-policy RL algorithm that applies Q update on all state-action pairs
proportional to their eligibility for the given update [17]. The eligibility of a state-
action pair is controlled by the decaying traces that the agent leaves behind for previ-
ous transitions. When a pair is visited, its trace is set to 1 and the trace decays over
time exponentially with the parameter \ € [0, 1]. The value of the state-action pair is
updated in proportion to its trace. Therefore, most recent pairs become more eligible

to update.

Like in Q-Learning, Sarsa(\) can be extended to problems with hidden state by keep-
ing traces for observation-action pairs. The update rule of Sarsa()\) for experience
(x4, ag,my, x441) is formulated as follows under partial observability where z; repre-

sents the current perception of the agent:

nt<$taat) =1,

V(z # xpor a # a); ny(x,a

YV and a; Qui1(z,a) = Q(z,a

) =yAn,_1(x,a), (2.4)
)+ x 0 X ny(z,a),

where v and « are discount factor and learning rate respectively and,

O = 1 + YQe(Tes1, Ary1) — Qi@ ay). (2.5)
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As a Sarsa based approach, Sarsa(\) update the values at time ¢ after sampling the
action at time ¢ + 1, hence, it differs from TD learning and becomes closer to MC.
Also, by the means of updating the set of states based on their eligibility traces, it
resembles a DP method. Therefore, Sarsa()) falls into a point among these three
approaches in the space of tabular solutions (see Figure 2.8). Since only the states
with non-zero A values need to be updated, Sarsa(\) can still be an efficient tabular
method. Furthermore, learning with Sarsa()\) can be faster, as the estimated values

are propagated to all eligible states sooner.

Although Sarsa()\) imitates a short-term memory for the agent, it still suffers from
perceptual aliasing, especially when there is no reactive policy solution for the prob-
lem. That is, the agent cannot choose an optimal action for at least one observation in

the problem without the usage of an external memory.

2.4.3 Memory-based RL Methods

One other aspect to categorize RL methods is the usage of an external memory for
the past experience of the agent and how that memory is built. Since this aspect and
some of the memory-based methods are more related to the topics of this thesis, they

will be examined in details in the following subsections.

2.4.3.1 Finite Size History

Finite Size History [135] is the basic approach for building a memory for the learning
agent. In this method, the past N observations are kept and used to construct a state
estimation in the structure of a sliding window as the current perception of the agent.
Although this model allows the agent to deal with perceptual aliasing up to a certain
degree that is subject to NV, the decision of what the value of NV should be is not
always easy for the problem designer. If the value of N is not sufficiently great, then
the ambiguity in the problem is not resolved and hence, the agent may not be able to

distinguish a critical state to complete its task.
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For instance, setting NV as 2 is sufficient to solve the mhn problem depicted in Figure
[2.2] since remembering the observation just before entering the corridor is enough
to distinguish the critical and aliased states. However, if the length of the corridor
were greater, then keeping only 2 past experience of the agent would not solve this

ambiguity.

On the other hand, if N is set to a greater value than it should be, then the new state
space of the agent, built up by its state estimations can be extremely and unnecessarily
complex. In such a case, there might be so many combinations that correspond to
same state and the agent may try to learn the values of each estimation separately.
This redundancy may prevent the agent completing its task in a reasonable time for
a problem with a larger state space. For instance, in the 2 rooms domain with
basic observation semantic, the o5 is unique to the south-western corner of the left
room (see Figure 2.7]). However, with Finite Size History approach, this state will
correspond to multiple state estimations, and the number of these state estimations

grows exponentially with respect to the value of V.

2.4.3.2 Long Short-Term Memory

Long Short-Term Memory is proposed as a variant of Recurrent Neural Network
which aims to catch long term dependencies on the given data [16] to achieve su-
pervised learning. In the context of RL, it is used to filter out the irrelevant part of
the agent’s experience and tries to memorize the useful information coming from the

agent’s interaction to solve given non-Markovian RL tasks.

This approach is usually applied on factored (high dimensional) RL environments
especially assuming that RL agent is capable of high visual perception. In this way,
it is able to solve complex non-Markovian RL tasks. However, such capability may
not be always available to the agent. Furthermore, application of LSTM generally
requires a different structure of neural network model with different number of layers
and nodes for each problem. Considering the construction of model and parameter
fine-tuning as additional costs to the learning process of the agent, LSTM may not be

preferable over other simple RL approaches for most of RL tasks [30].
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Figure 2.9: Neighborhood calculation in NSM

2.4.3.3 Variable-Length History

As the last category, The methods that use variable-length history will be covered in
this section. These methods (except the first one) are also known as instance based

methods and they are proposed in an incremental manner by McCallum [[1]].

e Utile Distinction Memory (UDM) uses a statistical test to split or join the
current state estimation of the agent throughout the learning. Since the experi-
ence of the agent is not kept in a structured manner, the computation that UDM
needs can be significantly expensive. Therefore, the learning of a UDM agent
can be extremely slow. Also, this algorithm fails to catch the utility of a se-
quence, namely more than one step of the agent. Although UDM itself is not

an instance-based methods, it leads the way for its succeeding algorithms.

e Nearest Sequence Memory (NSM) is proposed to overcome the drawbacks of
UDM about being inefficient and incapable of catching benefits coming from
more long sequences of the agent’s experience. NSM keeps the agent’s interac-
tion history in a linear structure of nodes each of which is a tuple constructed in
the form of < action, observation, reward >. Then it recursively looks for
the k-nearest neighbors of current experience within this linear structure where
the distance between two experiences is expressed by the matching length, 1. e.
the number of common nodes while searching back in the sequence (see Figure
[2.9]). In this manner, the utility of an action in the current state is calculated by

averaging the values of the actions from these nearest neighbors.
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Despite being better than UDM in complex tasks, NSM still fails even simple
tasks when noisy calculations arise while sampling from the agent’s own his-
tory. To be able to handle such noises, a more sophisticated structure to process

the experience is needed as in the case of Utile Suffix Memory.

Utile Suffix Memory (USM) combines the raw experience tracking with the
utile distinction mechanism. It keeps track of a history of agent experiences
throughout learning, in the form of a linear structure of nodes as NSM. More-
over, instead of directly processing the linear structure, it maintains the in-
stances in a tree form, imitating a finite state machine inspired by Prediction
Suffix Tree [31]]. In this way, it can predict how much memory length is suffi-
cient to use for that instance to estimate a distinctive state of the agent. Since the
similar experiences have been kept in a tree that reflects their utile distinction,

USM does not suffer from the noisy calculations as NSM do.

Immediate children of the root node of the suffix tree represent the most recent
observation. Lower levels are constructed by the sequence of previous actions
and observations derived from the history of the agent. Leaf nodes of the tree
are containers where the instances are kept. The agent adds a new instance to
the tree following the path from the node to the matching leaf node. Every
leaf node is created as a fringe node and ignored in the calculation until it is
statistically proven to provide additional distinction. If the instances belonging
to a fringe node can be shown to be from a different distribution (for example,
by using the Kolmogorov-Smirnov test), then it is promoted as an official node

of the tree.

Figure depicts an example history of transitions in the downscaled version
of 6 rooms domain [11] along with the corresponding trees at time ¢t = 3
and ¢ = 7. The sensor capability of the agent to observe its current state is
assumed to be based on classified distances to the surrounding obstacles and
distinct doorways as landmarks. The maximum depth for fringe (grey) nodes
in the trees is set as 2. In other words, at most two levels of fringe nodes may
exist under one of the official (blue) nodes. The node labeled with “/” is the

root node.
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Figure 2.10: Sample transition history in a downscaled version of 6 rooms domain

(a), and corresponding suffix trees at time (b) t=3, and (c) t="7.
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In a sense, USM tries to decompose the problem online, within the branches
of its tree structure. If the state space of the problem is sufficiently small,
USM effectively deals with the aliased states. However, it redundantly checks
for further distinctions for the aliased states where a common optimal action,
therefore, a reasonable abstraction for these states is available. Along with this
property, keeping histories in both linear and tree structures results in extensive
memory usage and longer processing time for the construction of a solution.

Hence, most of the time, USM is far from being practical in larger problems.

e U-Tree applies the idea of USM for the learning agent having multi-dimensional
perception. In this sense, the perception of the agent consists of features from
the environmental state and they are subject to the utile distinction test as the
agent’s actions do. However, being an extension of USM with further branch-
ing based on the features of perception, U-Tree becomes an inefficient solution

for the partially observable RL problems with larger state space as well.

2.5 Sample Problem Domains

In this section, the sample problems that are used in experimentation of proposed
methods will be introduced. As mentioned before, navigational problems have been
favored in our study as they are easy to visualize and trace. However, as a non-
grid case, a well-known mathematical puzzle called Tower of Hanoi [28] will

be covered as well.

All of the problems are assumed to be partially observable, and hence, the agents
that try to solve them are not capable of perceiving their state in the environments
completely. For all of the navigational problems, the observation semantic is based
on either basic surroundings or classified distances as explained in Section[2.3.1] and
Section [2.3.2] respectively. For the latter one, it is assumed that the problem is for-
mulated with L-POMDP, in other words, there exists at least one landmark state in
the problem. As the non-navigational example problem, Tower of Hanoi do-
main has its own type of observation semantic as explained in Section[2.5.3] Yet, this

problem is formulated with L-POMDP as well.
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Along with the Tower of Hanoi problem, there are three types of sample do-
mains that are covered in the following subsections including their environments, ob-
servation enumerations. Although they have different sizes and different observation
semantics, sample problems essentially have similar transition graphs which is built
according to the limited perceptive capability of the learning agent. For better under-
standing of the change in the problems by shifting to the case where the states are
hidden, examples of these graphs are depicted for both partially and fully observable

cases in these subsections as well.

2.5.1 Relatively Small Domains

Relatively small domains as the first category of the sample domains include Mc-
Callum’s maze and Hallway Navigation (mhn) domain along with the downscaled
versions of other benchmark domains in the RL literature (see Figure 2.1T}2.13]).
The problems in this category has a smaller state space, but they may still be difficult
to solve under partially observability due to perceptual aliasing. The cardinalities of
the set of states and set of observations are given in Table [2.2] along the with number
of possible actions. If a problem has the extended observations semantic by using
the classified distances, then it is formulated with L-POMDP. Hence, the number of

landmarks for such problems is included in the same table as well.

Table 2.2: The number of states, observations, landmarks and actions in relatively

small sample domains

ST O] [L]] 14
mazel 8 7 - 4
maze?2 11| 7 - 4
maze3 14 7 - 4
mazed 15| 7 - 4
mhn 231 9 - 4
downscaled 2 rooms 51 11 | - 4
downscaled zigzag rooms | 39 | 21 | 9 4
downscaled 6 rooms 60 | 25 | 12 | 4
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(a) mazel (b) maze?2 (c)maze3

[n1]

(d)mazed (e) mhn

H

(f) downscaled 2 rooms

Figure 2.11: Relatively small domains with basic observation semantic used in exper-

imentation.

LT

Figure 2.12: downscaled version of zigzag rooms as one of relatively small

domains
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Figure 2.13: downscaled version of 6 rooms as one of relatively small domains

Figure 2.11] shows the relatively small domains used in the experimentation each of
which has basic observation semantic explained in Section [2.3.1] First five of them
are McCallum’s navigational problems [1] and the last one is a variant of 2 rooms
domain [[11]] where the state space is smaller. For these domains, the agent is assumed
to be placed a random location (in left room for downscaled 2 rooms domain)
other than the goal state indicated by both the letter ‘G’ and light-green colored cell

at the beginning of each episode.

Figure and Figure show remaining relatively small domains in which the
observation semantic based on the classified distances is applied. For these domains
the initial states of the agent is assumed to be fixed in the corners indicated by both

the letter ‘S’ and light-yellow colored cell at the beginning of each episode.

For all of the domains mentioned above, the task for the agent is finding the path to
the goal. There is no other terminal states for these domains other than the goal ones.
All the tasks are episodic and an episode is terminated within a limit for number of
steps taken by the agent if the task has not been completed yet. If the agent hits an
obstacle, then it is assumed to remain its current cell. The possible actions are moving

in 4 main cardinal directions, namely, North, East, South, and West.

Observation enumerations for all of the domains are given in the Figure[2.14{2.16] Al-
though using the extended semantic in downscaled 6 rooms makes the problem
easier to solve, downscaled zigzag rooms severely suffers from the percep-

tual aliasing despite this semantic.
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(d)mazed

(f) downscaled 2 rooms

Figure 2.14: Observation enumerations in the domains where the agent is assumed to

sense the surroundings of its current cell only.

34 2103 4518210
8 7 8768 7 s 7 6
S 10 131415171211 9 1310 G

Figure 2.15: Observation enumeration based on classified distances in downscaled

zigzag rooms

30



10

2110

9 8

206 4 3

1011

140

2110
1885 6
151211

151011

16 8

1211

2110 21140
1985 6216133
1512111512 G

Figure 2.16: Observation enumeration based on classified distances in downscaled

6 rooms

Figure 2.17: State transition graph of downscaled 2 rooms domain
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Figure 2.18: Observation transition graph of downscaled 2 rooms domain

In order to show that how the agent’s point of view is changed with its capabil-
ity of perceiving its current state completely or partially, the transition graphs of
downscaled 2 rooms domain are given for both cases in Figure [2.17]and Figure
[2.18] respectively. These figures clearly indicate that even the simplest RL problem

can get really complicated under partially observability.

Figure 2.19: 2 rooms problem
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Figure 2.20: zigzag rooms problem

Figure 2.21: 6 rooms problem with a fixed initial state and enumerated landmarks

2.5.2 Larger Domains

Second category contains the benchmark problems with larger state space including 2
rooms and 6 rooms from Menache et.al’s study [[11], zigzag rooms [19] and 6
rooms with locked shortcut asa version of 6 rooms domain where one
of the doors are locked until the state with key is visited (see through Figure [2.19}
[2.22]). All of the domains comply with the extended observation semantic based on
classified distances as explained in Section [2.3.2]
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Figure 2.22: 6 rooms with locked shortcut problem

Table 2.3: The number of states, observations, landmarks and actions in larger do-

mains
IS| [ 1O] | IL] | |A]
2 rooms 201 | 38 | 3 4
6 rooms 606 | 43 | 7 4
6 roomsgg 606 | 44 | 8 4
zigzag rooms 403 | 41 | 5 4
6 rooms with locked shortcut | 606 | 85 | 15 | 4

The domains called zigzag roomsand 6 rooms with locked shortcut
are assumed to have an initial state (denoted by both the letter ‘S’ and light-yellow
colored cell in the figures) which yields a unique observation. For the experimenta-
tion of the second proposed method, the same assumption is applied for 6 rooms
domain as well. To ease the following of the configurations, the domain is called
6 roomspg, if it has an only one initial state. Figure [2.21] shows this version of 6
rooms to avoid redundant repetition. For the original domain, the agent is assumed
to be randomly placed in the upper-left room at the beginning of each episode. The
assumption of fixed initial location is not applied for 2 rooms domain, and hence
such a notation is not need for this problem. Table [2.3]shows the cardinalities of the

sets of states, observations, landmarks, and the possible actions for larger domains.
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Observation enumerations for all of the larger domains are given in the Figure
[2.26] If the fixed initial state is not assumed in 6 rooms problem, then the upper-
left corner of the first room yields the o3 exactly like corresponding locations in other
rooms. In the problem named 6 rooms with locked shortcut, beside the
given enumeration, an additional 1-bit information is provided for the agent to indi-
cate whether the location denoted with letter ‘K’ is visited and hence, the agent has
the key or not. Although these domains have the advantage of extended observation

semantic, perceptual aliasing still prevents the learning agent from an easy solution.

5 2 2
11 8 8
171414
171414
171717

2 2 2
8 8 8
141414
141414
141414
262626
262626
262626
252525
2424 24

352626
352626
352626
322525
292424

Figure 2.23: Observation enumeration in 2 rooms problem
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Figure 2.24: Observation enumeration in zigzag rooms problem
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Figure 2.25: Observation enumeration in 6 rooms problem with a fixed initial state
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Figure 2.26: Observation enumeration 6 rooms with locked shortcut
problem. Another 1-bit information is provided for this domain indicating whether

the location denoted with letter ‘K’ is visited or not
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Figure 2.27: State transition graph of 6 roomspg domain

Figure 2.28: Observation transition graph of 6 rooms pg domain
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Figure and Figure [2.28| show the transition graphs of the agent in 6 roomspg
problem based on states and observations respectively. Initial and final states (or
observations) are indicated with light-yellow and light-green color respectively where
the landmarks are red-colored. These figures can be useful for better understanding

of the aliasing problem with a larger state space.

2.5.3 A Non-Grid Case: Tower of Hanoi

The Tower of Hanoi problem was invented in 19" century and became a well-known
puzzle which consists of 3 rods and a number of disks with varying sizes [28]]. Ini-
tially, all disks are placed onto a rod in the ascending order of their sizes, so it looks
like a neat, canonical shape (see Figure [2.29a). The task is moving the whole stack
of disks to another rod (see Figure [2.29b)) without violating the following rules:

e Only one disk can be moved at a time.
e A disk can be moved only if it is on the top of its rod.

e No larger disk can be placed onto the top of a smaller one at any time. In other
words, the ascending order regarding the size of disks should not be disturbed

on any rod during the entire solution.

In our experiments, we assumed that the number of disks is 4 and the agent is able
to perceive only the disks on the top of the rods with their labels. In other words,
the agent cannot differ the disks with their sizes or cannot know how many disks are
placed on a rod. Therefore, it has a point of view as exampled in Figure If the
agent gets the sample observation shown in this figure, there are 2 possible cases for

the actual state of the agent, since the 37 disk can be under 1°¢ or 2"¢ disk (see Figure

[2.30b]and Figure [2.30c).

With this configuration of the problem, there are 99 different states in which the agent
can reside and 39 possible observations including 15 unique observations for the land-
mark states. The number of actions is 6 assuming that the agent can directly move a

disk from the top of a rod to another (from rod A to rod B, A to C, and so on).
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(b) Goal state

Figure 2.29: Initial and goal states of Tower of Hanoi problem with 4 disks

(c) Another possible correspond-

ing state

Figure 2.30: A sample observation of the agent while it can only sense the labels of
disks on the top of rods in the Tower of Hanoi problem and possible correspond-

ing states for the same observation
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Figure 2.32: Observation transition graph of Tower of Hanoi domain

As the last of the sample domains, this chapter is concluded with transition graphs for
Tower of Hanoi problems based on both states and transitions (see Figure 2.31]
and Figure 2.32]). Same color-mapping in the case of 6 roomspg domain’s transi-
tion graphs is applied here as well. These graphs show the complexity of the puzzle
for both fully and partially observable cases. Now that all necessary background in-
formation is provided for better understanding of both methods and experimentation,

we can start to examine the proposed methods beginning from the next chapter.

40



CHAPTER 3

COMPACT FREQUENCY MEMORY FOR REINFORCEMENT LEARNING
WITH HIDDEN STATES

Memory-based reinforcement learning approaches tend to keep track of only recent
or whole experiences of the agent in partially observable environments. This may
require extensive use of memory that limits the practice of these methods in a real-
life problem. Therefore, using a selective memory can enhance the scalability of the

methods by leading a form of compendious state estimation.

In this chapter a selective and compact form of memory is proposed, considering the
fact that less frequent transitions provide more reliable information about the current
state of the agent in ambiguous environments [25]. Our approach avoids the redun-
dancy in the memory by eliminating the frequent transitions which are more likely
the ones introducing the ambiguity in the environment and misleading the agent. Ex-
periments show that the usage of a selective and compact memory may improve and

speed up the learning process in a more scalable way.

3.1 Motivation behind the Usage of a Selective Memory

There are a number of memory-based method categories trying to cope with the per-
ceptual aliasing in a partially observable RL problem. Finite size history is one of
the simplest memory-based approaches [[15]. Instead of keeping the current obser-
vation, the agent uses a chain of last n steps as the current observation. Despite its
simplicity of application, it requires prior information about the environment such as
the minimum size of the memory needed to construct a solution. Recurrent-Q is an-

other method that uses Long Short-Term Memory (LSTM) [16]. LSTM is a Recurrent
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Neural Network (RNN) variant used to filter out the irrelevant information about the
state space from the all experiences of the agent. Although the method is proven to be
useful over visual domains, the generalization of the method is not practical for the
reinforcement learning tasks since the procedures before learning like separate pa-
rameter tuning for each problem take too much time [30]. Yet another memory-based
method category is the variable-length history family. In this approach, the size of
the internal memory can be altered depending on dynamically changing memory re-
quirement for the underlying learning procedure. Nearest Sequence Memory (NSM)
and Utile Suffix Memory (USM) algorithms are examples of this category (also called
instance-based methods) where all raw data of the agent’s experience are kept in the

form of action-reward-observation tuples [1].

All of the methods above tend to use the recent or all the experiences of the agent
collected throughout the learning process. Unfortunately, especially for problems
with large state space, it becomes difficult to determine the size and content of the
memory required to provide a distinctive clue about the current state of the agent.
Keeping the whole history of the agent can solve this problem, yet the estimated
state, namely the information unit constructed by the agent to be able to separate the

aliased states, can be severely complex [17]. Hence, this approach is not scalable.

In a typical RL problem with hidden states, the observation function leads the per-
ceptual aliasing which means that the agent gets the same observation for more than
one of the states, based on its own capability of sensing the environment. As the
ambiguity in the problem increases, some observations and the transitions over these
observations are more frequently seen than the rest. Although keeping these com-
mon experiences in the memory may be useful for the construction of unambiguous
state estimations in the long term, it mostly results in a larger state space and pre-
vents the agent from finding a practical solution for the most of the problems where a
faster solution is available by the selection of correct set of experiences providing the

information that the agent needs.

42



Consider the domain given in Figure where the agent gets an observation for the
current location based on the surrounding obstacles. The agent should know whether
it passed through the door to the neighboring room where the goal state (the cell
represented with the letter “G”) resides. In order to do so, methods like NSM and
USM keep track of all of the transitions between the starting state and the current
one. However, by the elimination of the frequent transitions in the environment and
keeping significant transitions as in Figure the agent can obtain more reliable
and efficient information about its current path. Keeping the recent one or two transi-
tions also fails to provide information about the agent’s current path if the agent keeps
moving to east in the same environment. The fixed size of memory can be increased
for the domain, but larger domains will require a greater size for the memory. Hence,
the time that method needs for the learning process in such cases will be beyond a

reasonable amount.

(b)

Figure 3.1: (a) The transitions form the memory in NSM and USM (b) The transitions

needed in a selective memory

43



3.2 Compact Frequency Memory

Being in an unknown city, a tourist needs some reference points to find a path to
their destination. These reference points should be distinguishable among others.
This case is similar to that of a learning agent in an unknown environment. If a
solution exists for the given problem with hidden states, the agent may find its path
to the goal more easily by using relatively reliable reference points. Usually, the
most reliable information comes from the unique transitions which occurs in only
one state in the environment. However, by using not only unique transitions but also
less frequent ones, the agent may still distinguish the aliased states which lead to the

same observation.

By equipping the agent with a selective memory, the state space of the problem can
be projected into a space including estimated states each of which carries the infor-
mation of the agent’s own whereabouts in smaller units. In this way, the agent avoids
processing an extensive memory and dealing with much larger estimated state space,
and therefore, the time needed for the construction of a solution becomes less than
other existing memory-based methods. Therefore, it is wise to use a selective memory
for the RL problems having a larger state space, since the scalability of the method

becomes one of the key criteria in such cases.

Algorithm 1| explains how CFM works during the learning process. The agent keeps
track of the frequency of every transition in the domain, based on observations and
actions. Then it compares the frequencies of all transitions with a given threshold to
select the infrequent ones. This selection is repeated periodically, because the agent
may experience a useful transition for the first time with the discovery of a new path in
a very large domain. In this way, the information gathered from a new transition can
be preserved. After generating a set of infrequent transitions, the agent uses this set
to form a state estimation about its current state. The state estimation is composed of
last n significant transitions and the most recent observation. If the current transition
is also significant and is not the same as the last one, then it is updated by removing

the oldest transition.
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Algorithm 1 CFM Algorithm

1: procedure CFM

2:
3:
4.

9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:

require: o,
require: P, F'T > Period and Frequency Threshold
IP « () > set of infrequent pairs
while learning continues do
t<+0
CS 0 > current selection from infrequent pairs
while episode continues do
take action a;, observe o; and r;
increase f(p;), namely the frequency count of the pair (o, a;)
if (0;, a;) € IP then
if (o4, a;) # (041, a;—1) then
remove argmin, (o, a;) from C'S
add (o4, a;) to C'S
end if
end if
apply learning update on the estimation (C'S, o)
t«t+1
end while
if episode number matches with P then

for each pair p; in transition pairs do

nf _ (fpl _minjfpj)
Pi ™ (maz; fp;—min; fp;)

if nf, < FT then
IP=1PU{p;}
end if

> normalized f

end for
end if

end while

29: end procedure
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After the construction of the state estimation with current selections from infrequent
transitions and the current observation, the underlying learning update can be applied
on this estimation. At first, CFM was implemented over Q-Learning and published in
this way [25], then it was generalized to work with any underlying learning method

as it should do.

The idea of building up a memory using infrequent transitions is based on the as-
sumption that for most of the problems with hidden states, there are less frequent
unaliased states than aliased ones. If this assumption does not hold for a domain
where the transitions are observed almost uniformly, the current selection from the
infrequent transitions used in the algorithm will be updated for almost every step of
the agent. Hence, CFM reduces to the fixed sized memory-based Q-learning. How-
ever, one should know that a uniform distribution of the transitions rarely occurs in
the RL problems with hidden states where the observation capability of the agent can

be variously limited.

3.3 Experiments

Experimentation of CFM was initially conducted over Q-learning for two different
types of domains. In the first one, the selected domains are relatively small but aliased
states make the problems difficult to solve without a memory. In these domains, CFM
is compared with both memory-based (NSM and USM) and memoryless (Q-Learning
and Sarsa(\)) approaches. In the second one, larger domains are used in experimen-
tation where NSM and USM approaches cannot be scaled to perform learning in a
reasonable time and Q-Learning is not able to reach a convergence during learning.

Therefore, in these domains only the results of CFM and Sarsa(\) are given.

During the shift of programming language for our codebase from C++ to Python,
the implementation of CFM was extended so that a Sarsa()\) agent can be equipped
with it. Hence, the learning performance of this version is examined by sampling one
relative small domain and one of the larger domain as well. Details of the experimen-

tation settings are covered in the next subsection.
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3.3.1 Settings and Results

3.3.1.1 CFM over Q in Relatively Small Domains

In the first setting of the experimentation, six relatively domains are used. First five
of them are McCallum’s maze domains and Hallway Navigation (mhn) domain [1]]
(see Section[2.5)). In these domains, the methods with an internal memory usage have
advantages due to the ambiguity. Only Sarsa ()\) algorithm achieves to get similar
results with memory-based approaches by the help of its eligibility trace mechanism.
The last domain is downscaled version (depicted in Figure 2.11f) of 2 rooms [11]
which is less complex than McCallum’s domains. However, in this domain, there are
more aliased states and hence, the memory-based approaches suffer from redundantly
growing state space during the learning. The environment yields different reward
values for hitting a wall, passing to a neighboring state, and reaching the goal state,
which are —0.1, —0.01, 1 for McCallum’s maze domains and the downscaled 2

rooms domain, and —1, —0.1, 5 for the mhn, respectively.

In each domain, 50 experiments are executed for 1000 episodes. For every ex-
periment, the agent is placed some random starting state (in the left room for the
downscaled 2 rooms domain) other than the goal state and expected to find its
path to goal state. As each method use ¢ -greedy learning strategy, ¢ value which
makes the agent enable to explore the environment better is set as 0.1. The discount

factor «y 1s chosen as 0.9 for all methods.

In each domain A value for Sarsa()) is set as 0.9. NSM uses the learning rate o of 0.9
while all other methods use 0.05. Since NSM uses a different semantic for the value
update, this does not harm the fair comparison between this method and the others.
The other NSM specific parameter which represents the number of neighbors, £, is
chosen as 4. The maximum fringe depth for USM method is set as 4. The threshold
and period parameters of the CFM are configured as 0.2 and 20 for the given domains.
The memory length of CFM is set as 1, namely only one transition is used by CFM

for the state estimation.
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Figure 3.2: Learning performances of CFM over Q and other methods in mazel-3

domains in terms of number of steps to the goal
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Figure 3.4: Learning performances of methods in downscaled 2 rooms interms

of number of steps to the goal

Figure [3.2}1{3.4] show the learning performances of the methods in terms of number
of steps to reach the goal for the methods in McCallum maze domains, mhn domain
and downscaled 2 rooms domain. For all of the domain, CFM shows a similar
performance to the other methods which use a complex memory like USM and NSM
or Sarsa (\) which imitates a memory by trace mechanism. Since Q method does not
have either of these properties, it suffers from poor learning performance except the

last domain.

The time spent in the learning process is as important as finding an optimal and near-
optimal solution for the given problem. Table [3.1] shows the average elapsed time
(msec) for the methods in an episode. CFM clearly takes significantly less time than

the other memory-based methods.

Table 3.1: Average Elapsed Time (msec) for The Methods in An Episode

maze 1 | maze 2 |maze 3 | maze 4 | mhn | downscaled
2 rooms
NSM 10.14 15.25 70.56 50.74 1.22 1237.00
USM 10.72 17.69 72.57 163.13 | 21.21 4256.43
CFM 0.09 0.25 0.29 0.39 0.89 1.60
Sarsa()) 0.08 0.07 0.42 1.22 0.30 0.78
Q 0.32 1.53 2.39 2.32 19.91 1.75
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Table 3.2: Average Number of Estimated States for Memory-Based Methods in An

Episode
maze 1 | maze 2 | maze 3 | maze 4 mhn downscaled
2 rooms
NSM | 14241.56 | 17816.17 | 31834.79 | 30615.69 | 35289.19 123290.16
USM 97.68 124.47 203.70 277.02 117.46 588.19
CFM 88.48 85.38 97.20 98.28 120.88 190.61

Table 3.3: Average Memory Units for Memory-Based Methods in An Episode
(Roughly Given)

maze 1 | maze 2 | maze 3 | maze 4 | mhn | downscaled
2 rooms
NSM | 166.89 208.78 373.06 358.78 | 413.55 1444.81
USM 56.01 61.99 100.70 126.22 | 64.97 294.63
CFM 0.44 0.45 0.44 0.44 0.54 0.70

When we compare the number of estimated states of memory-based methods, we get
the result in Table The number of estimated states is the number of nodes in the
history chain for the NSM method, and is the number of official nodes in the suffix
tree for the USM method. CFM has the advantage of creating less estimated states in

almost every domain.

The last measurement examined for this experimentation setup is the memory usage
of the NSM, USM and CFM methods. For the measurement of the NSM method,
the number of nodes in the history chain is counted. The memory usage of USM
consists of a similar history chain but also the official and fringe nodes in the tree.
Each of the nodes in NSM and USM requires 12 Bytes (the total size of 2 int and
a float in a standard C++ implementation). The memory required by CFM is the
number of all transitions in the domain to keep track of the frequencies (12 Bytes
for each transition) and the number of the selected infrequent transitions (8 Bytes for
each transition). Obviously, this setup underestimates the memory usage of NSM
and USM since it ignores the memory required for linking the nodes. However, even
with this measurement, the memory usage of CFM is significantly less than NSM
and USM. Table [3.3] shows that memory requirement of CFM is less than the other

methods, which indicates that CFM is more scalable for the larger domains.
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3.3.1.2 CFM over Q in Larger Domains

In order to show the scalability of CFM method, two larger domains, 2 rooms and
6 rooms [L1] respectively given in Figure [2.19] and Figure 2.21] (without a fixed
initial state) are used. As other memory-based methods cannot handle the growing
space of estimated states in the problems, and Q-Learning fails to achieve the tasks,

this setting only includes the comparison of CFM over Q with Sarsa()).

In each domain, 50 experiments are executed for 10000 episodes. € is set as 0.1. The
agent is placed in a random state in left and left-upper room for the first and second
domain respectively and expected to find its path to goal state represented by the letter
G. Both Sarsa(\) and CFM methods use the learning rate « as 0.01. X is chosen as
0.9 for the Sarsa(\), like in the small domains. The memory length, threshold and
period parameters of CFM are configured as 1, 0.1 and 100 respectively.

Figure[3.5and Figure[3.6|show the learning performances of both methods in terms of
number of steps to goal in larger domains. Despite being slowerin 2 rooms domain,
CFM reaches a similar near-optimal solution. On the other hand, CFM outperforms
Sarsa(A\) in 6 rooms domain as can be seen in Figure This indicates that even
Sarsa(\) which uses a powerful tracing mechanism may suffer from the aliased states

in a very large domain, where CFM is effected less via its compact memory.
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Figure 3.5: Learning performances of methods in 2 rooms in terms of number of

steps to the goal
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Figure 3.6: Learning performances of methods in 6 rooms in terms of number of

steps to the goal

3.3.1.3 CFM over Sarsa())

As CFM becomes independent from underlying learning method, with the necessary
adjustments, a Sarsa()\) agent can be equipped with the proposed memory as well.
Therefore, the setting including the comparison of CFM over Sarsa(\) and Sarsa(\)

method itself is available in the experimentation.

To avoid redundant repetition, mhn domain is selected among the relatively small do-
mains within this setting. Similarly, the methods are compared in 2 rooms problem

as one of the larger domains.

In each domain, 50 experiments are executed for 1000 episodes. For every exper-
iment, the agent is placed some random starting state (in the left room for the 2
rooms domain) other than the goal state and expected to find its path to goal state.
For each method, decaying € -greedy learning strategy is applied, with initial value of
0.2 down to 0. The discount factor v and A are chosen as 0.9 for all methods in both
domains. The threshold and period as the CFM specific parameters are set to 0.1 and

20 respectively. Finally the memory length of CFM is chosen as 1 for each domain.
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Figure 3.8: Learning performances of Sarsa()\) agent with and without CFM in 2

rooms in terms of number of steps to the goal

Figure and Figure [3.8] depict the learning performances of Sarsa(\) and CFM
over Sarsa(\) methods in terms of the number of steps to goal in mhn and 2 rooms
domains respectively. Sarsa(\) clearly suffers from the perceptual aliasing in mhn do-
main without an external memory. Although it performs better in 2 rooms domain,

CFEM still outperforms the method itself.
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3.4 Summary and Discussion

In this chapter, a selective memory based on transition frequencies is proposed. With
this memory, a smaller estimated state space is obtained and hence, faster solution
for the learning agent becomes available. Although it may not always construct the
optimal solution, by building a near optimal solution with much less memory in a

much faster time it outperforms existing memory-based methods.

Moreover, since it projects the perception of the agent an estimated space where the
number of estimated states is much less than the other memory-based methods and
each of these estimated states is more compact, CFM is more scalable than them as

shown in the experiments.

Finally, CFM does not assume any underlying learning methods and therefore, any
RL agent can be equipped with this type of memory. With the necessary adjustment
it is extended to work on Sarsa(\) method as well. Thus, its independence from the

base RL method is empirically proven.
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CHAPTER 4

USING CHAINS OF BOTTLENECK TRANSITIONS TO DECOMPOSE
AND SOLVE PARTIALLY OBSERVABLE REINFORCEMENT LEARNING
PROBLEMS

In the previous chapter, we focused on the frequencies of the transitions by them-
selves, and building a memory for the learning agent upon them. As the second part
of the study, beginning from this chapter, we will get benefit from the associations
among the unique transitions which can provide a more abstract view of the given
partially observable RL problems for the agent. Hence, these transitions can be use-

ful in the decomposition of the related problems.

Instead of diving into the complete picture of the fully automated approach, we will
follow an incremental examination of the overall method. Doing so, we now focus on
how a RL problem with hidden states can be decomposed via the bottleneck transi-
tions on unaliased states, a.k.a, landmark states, and how a further enhancement can
be obtained by knowing the correct order of these transitions, as chains to follow in

the construction of a practical solution like connecting the dots.

4.1 A Motivating Example for a Decomposition Based on Bottleneck Transi-

tions

A complex task is usually composed of a series of actions, a subset of which plays
a significant role to achieve the goal if executed in a certain sequence. For instance,
the instructions in the user manual of an electrical device are given in an ordered
manner. Similarly, while giving directions to a person who is unfamiliar with the

neighborhood, each critical action in the route is given in a sequence.
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Figure 4.1: Observation enumeration in 6 roomspgg domain where the doors be-
tween rooms are landmarks. Observation enumerations are provided for each state.

Note that doors (landmarks) yield unique observations.

With this in mind, consider the partially observable version of 6 roomsgg domain
[11]] with the observation enumeration given in Figure 4.1 The agent is located at the
northwest corner (S) at the beginning of each episode and trained to reach the state in
southeast room denoted with the letter G, which is the main task of the agent for this
problem. The doors are landmarks of this domain. In other words, they are assumed
to yield unique observations. The observation of any other state depends on the four

categorized distances to the walls in four directions as explained in Section[2.3.2]

Landmark states can be useful for the abstraction of the main task in the same prob-
lem. Figure {2 shows the domain where these landmark states are represented with
famous monuments (The Statue of Liberty, London Eye, Tower of Pisa, Acropolis of
Athens, Colosseum, and Eiffel Tower). The example will focus on this second figure,

in order to ease the understanding of this abstraction.
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s

Figure 4.2: 6 roomspg domain of Figure 4.1) where the landmarks in the domain

are depicted as famous monuments

If a person is asked to reach the goal state here, the solution would be based on
the chain of actions that are taken on the monuments. For instance, “go south from
The Statue of Liberty”, then “go east from Eiffel Tower” and finally “go east from
Colosseum”. Alternatively, a chain could be first “go east from London Eye”, second

“go east from Tower of Pisa” and finally “go south from Acropolis of Athens”.

Figure [4.3] shows the further abstraction on 6 roomspg using the landmarks. After
the problem is reduced to the bottlenecks in the domain, then it is much easier for the

agent to draw a path to the solution in the interaction graph of the problem.

Figure 4.3: Abstract view of 6 roomspg domain using landmarks



The motivation behind this study is to train the learning agent with a similar capability
of abstract thinking for similar ambiguous problems. In this way, the agent becomes
capable of decomposing the problem so that the ambiguity of similar states among

sub-problems could be reduced.

4.2 Landmark-POMDPs and the Chain of Bottleneck Transitions

Landmark-POMDP (L-POMDP) is a POMDP model with one or more landmark
states, where a landmark is defined as a state yielding a unique observation in the en-
vironment [[18, [19]. That is, the probability of having the same observation mapping
with a landmark state is O for any other state in the state set as explained in Section

All of the sample domains used in this chapter comply with this formulation.

Although the information provided by a landmark state is reliable and distinctive for
the agent while it resides in it, a decomposition of the task, based solely on landmarks,
may not be as reliable within an ambiguous environment. The justification of this
claim is depicted in Figure 4.4 focusing on the critical states near the door between

the northwest and north rooms for 6 roomsrg domain introduced in Section 4.1

As can be identified by the enumerated states nearby the door in Figure and the
corresponding interaction graph of Figure [#.4c| the landmark state 201, representing
the door between the two rooms, is clearly a bottleneck which acts as a bridge between
different regions of the state space. However, this is not the case if the state space is
hidden from the agent. As shown in Figure 4.4b] the agent receives the same obser-
vation 17 before and after passing through the door. Furthermore, when other states
yield the same observation as the states around the door (notice the observations at
the states in the west and east border of the domain in Figure , interactions based
on observations may become more complicated as shown in Figure 4.4dl Neverthe-
less, the agent in this ambiguous environment fails to perceive the significance of the

landmark state for passing through between these rooms.
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Figure 4.4: States (a) and observations (b) of the 6 roomsgg domain with their
corresponding interaction graphs (c and d, respectively) focused on the region near

the northwest door

Therefore, while a bottleneck state can be useful in partitioning the state transition
graph, the corresponding observation is usually insufficient to split the observation
transition graph of the same problem. Within the learning agent’s limited sensor
capability, the easiest way to decompose a partially observable environment is by

including the action executed by the agent upon a bottleneck observation.

Following the above informal introduction on why the actions are included to define
bottlenecks between different state regions in a partially observable environment, they

can now be defined in a more formal way:

Definition 4.1 A state region R is a strongly connected sub-graph of the global state-
interaction graph excluding the landmark states in the common borders with another

state region where no direct transition is possible.
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Each room in the 6 roomspgg example can be seen as a region. By means of the

regions in the domain, the bottleneck transitions can be defined as below:

Definition 4.2 The set of bottleneck transitions (BTs) is defined as
B={b=(la)|li € L, Ri-1 # Rit1 },

where l; is a landmark state that the agent resides at time t, L is the set of landmarks,
aq is the action taken by the agent at time t, and Ry_1 and R, are the state regions
in which the agent is located at times t — 1 and t + 1 respectively, namely right before

and immediately after visiting the landmark state ;.

Note that the changing over the state region via a bottleneck transition is intentionally
emphasized in this definition. In other words, a random action in a random landmark
state resulting in no change on the current state region should not be regarded as a

bottleneck transition.

Another important feature of such transitions is that since the landmark states remain
distinguishable by the agent under partial observability, the transitions initiated on
them could still be useful for the construction of a solution. In the scope of this study,
such transitions are used to create a chain to guide the agent with indirect information

about its own whereabouts on the way to the goal.

Definition 4.3 Let a chain of bottleneck transitions,

C = ((ls,as)ybla 7bn>g)

be the sequence of bottleneck transitions following a starting landmark state and
leading the agent to a goal state. Then the set of all possible chains in the problem

domain can be represented by C.

The agent starts interacting with its first state region by taking the action a, from its
starting landmark state [, and it leaves its final region by reaching the goal state g.
Therefore, the leading transition from the initial state and reaching the goal state are
also bottleneck transitions by definition. Moreover, the chains of bottleneck transi-
tions can be classified by their resulting goal states. In this way, the agent may use

them more wisely in an environment with multiple goal states.
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Knowing the bottleneck transitions implies the state regions in the problem for the
agent. Therefore, it becomes trivial to build a decomposition based on these tran-
sitions as we focus in the next section. Furthermore, since each state region can be
considered as a sub-problem with less aliased states for the main task, the construction

of a solution also becomes trivial where traditional methods suffer or fail completely.

4.3 Decomposing a Partially Observable RL Problem using Chains of Bottle-

neck Transitions

Like every decomposable task in any context, there are some significant transitions
for a learning agent in an ambiguous domain which lead to the main solution if they
are performed in the correct order. These transitions can be passing through a physi-
cal bottleneck like a door in a navigational problem or visiting a certain state to have
the key in an escape room problem. The agent can be provided an artificial reward to
reach these transitions. However, the selection of the correct values for such transi-
tions is a difficult problem of its own. If the artificial rewards are not chosen properly,
this approach can be misleading for the agent by creating an overvalued state and

result in an unsuccessful policy.

Considering the properties of the problem mentioned above, a solution that neither re-
quires much effort for the problem designer nor harms the main policy of the learning
agent is needed. Based on this necessity, separate training of the sub-agents between
bottleneck transitions is proposed to solve each problem part independently. Then,
the learning agent is only required to employ these sub-policies in an abstract layer to
compose the main strategy to solve the whole problem without wasting any effort on

primitive actions.

Using sub-policies for the solution of the problem can be related to the options frame-
work. However, when the state space information is hidden from the learning agent,
using the options extracted during learning ought to fail as shown in [20], if any ad-

justment in initiation or termination conditions is not applied.
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In such an attempt, perceptual aliasing would prevent the agent to learn how to con-
struct and make use of the options in the correct order. In this study, we propose the
Chains of Bottleneck Transitions (CBT) method having very strict initial and termi-
nation conditions, that are based on the early-extracted chains, are applied to decide

which sub-policy should be next in a bottleneck state.

CBT approach differs from the options framework in that options are formally appli-
cable only to fully observable RL problems. Although a tree based option derivation
mechanism exists for POMDP with hidden states, it still lacks the convergence guar-
antee of options framework based on semi-MDP formalism [32]]. Moreover, by using
the chains leading to a solution, the agent does not have to deal with filtering use-
ful sub-policies among the all sub-policies available. That’s why the CBT method
proposed in this paper focuses on the direct decomposition of state space by the or-
dered bottleneck transitions, instead of applying the options framework in a restricted
manner. In addition to that, since the state space is divided into smaller and inde-
pendent sub-problems, CBT are able to speed up the learning process by training the

sub-agents simultaneously.

4.3.1 Training the Sub-Agents

Once a chain of bottleneck transitions is provided for the learning agent, this informa-
tion can be used to train the sub-agents within the borders indicated by the bottleneck
transitions. For instance, consider the two chains constructed by transitions given in

Figure 4.5 The first chain is:

(S, south) = (036, south) = (0ss, east) = (040, east) = G,
and the second one is:

(S, east) = (037, east) = (039, east) = (o041, south) = G.

There are four sub-tasks to follow in each chain. For example, for the first chain, learn
to move from S to (036, south), then from (osg, south) to (o0ss, east), so on. There-
fore, eight sub-agents in total can be trained to extract sub-policies to achieve each
sub-task. Assuming that no collision occurs in the environment, multi-agent simula-

tions can be done for the training of the sub-agents for the sake of time efficiency.
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Figure 4.5: Useful bottleneck transitions in 6 roomspg domain

In the first sample chain, a sub-agent starts each episode in the starting state of the
main learning agent and its goal is to reach the landmark enumerated as observation
36. The second sub-agent starts each episode by going south from the same land-
mark state and tries to reach the landmark observation 38. The rest of the chain can
be completed with the other two agents which are simultaneously trained in a sim-
ilar fashion. Each sub-agent is forced to execute its bottleneck transition when it is
in its initial state. Additionally, if it encounters a state which is another sub-agent’s
initial state, regarding this state as a pitfall, the episode is terminated. In this way, the

training of each sub-agent can be restricted to its own region.

This setting can be achieved by parameterizing the original domain to have different
start, goal, and terminating pitfall states. Other than this parameterization, nothing
is changed in the original environment, and the sub-agents are capable of sensing
only observations during the interaction with the domain as it is also the case for
the main learning agent. Namely, sub-problems are still partially observable. Hence,
this can be thought of as creating multiple copies of the original problem where each

sub-agent can be simultaneously trained within its region.
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Figure 4.6: Sample sub-policies in 6 rooms gg domain

Although it is the same environment that the sub-agents are dealing with, each sub-
problem is much less ambiguous compared to overall problem, since each sub-agent
is forced to remain within its region. This is why it becomes trivial to build sub-

policies and main solution from these sub-policies as shown in

As shown in the example above, there can be multiple ways to build a solution from
sub-policies. At this point, the main agent must be capable of evaluating these sub-

policies to choose optimal ones.

4.3.2 Learning the Values of Sub-Policies

After training the sub-agents and passing the sub-policies to the main learning agent,
the next step is the evaluation of the sub-policies. Since the problem may include
multiple chains of bottleneck transitions, this step ensures that the agent learns the
optimal sub-policies indicated by these chains. Moreover, the problem can have dif-
ferent rewarding states each of which requires a different chain to be followed. Hence,
a mechanism for the calculation of each sub-policy’s value is crucial for the general-

ization of the method as well.
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To calculate the value of the sub-policy 74, the following update rule is applied when
the episode ends or the agent switches to the next sub-policy:

R, + max, , V(ry)

Ts

V(ms) = V(ms) + a x ( —V(my)), 4.1)

where V() is the value of the sub-policy, « is the learning rate, R, and 7, are the
total reward gathered by the agent, and the total number of timesteps required for
the execution of this sub-policy, respectively. Finally, each 7y is a sub-policy that
the agent may follow after the termination of sub-policy ms;. As might be noticed,
this formula is quite similar to the standard update rule of Q-Learning, except that it
requires a cumulative reward the agent gets and a normalization based on the timestep

the agent needs while a sub-policy is carried out.

With the cumulative reward and normalization, the formula can calibrate the evalua-
tion mechanism by using the information coming from primitive actions in the envi-
ronment. For instance, the total reward gathered in an episode can differ by following
two different sub-policies which lead to the same terminating state. Obviously, the

one with greater total reward should be promoted.

As another example, there can be fewer bottleneck transitions in a chain than another
one. However, if the agent has to take more steps by following the sub-policies in-
dicated by this chain, it would not be proper to encourage the agent to choose them.
Therefore, both cumulative reward and normalization according to the number of

steps in a sub-policy are essential to fairly evaluate all sub-policies.

4.4 Experiments

Experiments are carried out in three different domains to evaluate the learning per-
formance of CBT with the provided chains. These domains are selected as the larger
domains, namely 6 roomspgg, zigzag rooms,and 6 rooms with locked

shortcut where natural sequences with different characteristics exist (see Section

2.3D.
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Table 4.1: The methods used in the experimentation of the decomposition of problems

based on bottleneck transitions

Name in legend Explanation
Chains Provided The method learns from the sub-policies extracted from given chains
over Q over sub-agents trained with Q
Chains Provided The method learns from the sub-policies extracted from given chains
over Sarsa(\) over sub-agents trained with Sarsa(\)
All BTs over Q The method learns from all possible sub-policies between bottlenecks
over sub-agents trained with Q
All BTs over Sarsa()\) | The method learns from all possible sub-policies between bottlenecks
over sub-agents trained with Sarsa(\)

In order to assess the contribution of the bottleneck transition chains, beside the de-
composition based on the transitions by themselves, another main agent is trained
according to all possible bottleneck transitions. This brute-force approach uses the
same sub-policy evaluation mechanism as the CBT method. However, it is fed with
all possible transitions between state regions. For example, the sub-policy which
brings the agent back to observation 36 from observation 37 in zigzag rooms
domain is also produced for the brute-force version. This section of the experimen-
tation aims to assess the improvement gained by introducing the chains of bottleneck
transitions compared to decomposing the task by all possible bottleneck transitions.
Also, for a fair comparison, the Q-Learning agents are trained to achieve the main
tasks in the fully observable versions of the domains. As CBT is built to be inde-
pendent from the underlying learning method, sub-agents are trained with both Q-
learning and Sarsa()\). Names of the configurations used in the experimentation are

given in Table d.1]

4.4.1 Settings and Results

The environment feedback yields two reward values for the domains: 1 upon reaching
the goal and O for any other steps. The same setting is used in the training of the
sub-agents by adjusting their rewarding state according to their sub-task. The initial
landmarks of other sub-agents are regarded as pitfalls without introducing any extra

punishment.
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In each domain, 20 experiments were executed with 5000 episodes for each. Each
episode is limited to 5000 steps for all domains. Discount factor () is set to 0.9.
In both training of the sub-agents and sub-policy evaluations, the learning rate (o)
is chosen as 0.05. In both phases, € — greedy approach is applied with the e value
decaying linearly after each episode from 0.9 down to 0.1. Finally, in the training of

the Sarsa(\) sub-agents, A is set to 0.9.

4000
—— Al BTs over Q
3500 —— All BTs over Sarsa(A)
—— Chains Provided over Q
3000 —— Chains Provided over Sarsa(A)
—— MDP Baseline with Q
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Figure 4.7: The learning performances of the methods in 6 roomspg problem in

terms of the steps needed to reach the goal
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Figure 4.8: The learning performances of the methods in zigzag rooms problem

in terms of the steps needed to reach the goal
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Figure 4.9: The learning performances of the methodsin 6 rooms with locked

shortcut problem in terms of the steps needed to reach the goal

Figure[4.7H4.9|depict the learning performances of the methods in terms of the number
of steps to reach the goal in the domains. It is clear that the decomposition based on
bottleneck transitions make the problem is easily solvable. As can be seen in Figure
M4.8] a proper decomposition of a POMDP problem may lead to faster construction of
a solution, even compared to the fully observable version of the problem. Moreover,
for all of the domains, knowing the correct order of bottleneck transitions with the
constructed chains clearly outperforms an exhaustive search among all possible sub-
policies. It is obvious that the number of possible sub-policies which the agent has in
a landmark state has a direct effect on these performances and the number of distinct

sub-policies extracted by these methods are given in Table .2}

Table 4.2: The number of distinct sub-policies extracted by the methods in larger

domains
Chains Provided | All BTs
6 roomsgg 8 18
zigzag rooms 4 7
6 rooms with locked shortcut 16 31
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4.5 Summary and Discussion

This chapter covers the origin of the CBT method as the decomposition of the problem
based on bottleneck transitions. Before achieving the automatic construction of the
bottleneck transitions, it is empirically proven that with such a decomposition, the
problem is divided into smaller sub-problems that have less ambiguous states than
the original. In this way, challenging partially observable problems turn out to be
easier to solve. Even the tasks, for which traditional methods fail to succeed, can be

accomplished by this divide-and-conquer based approach.

Beside the benefit coming from the decomposition of the problem, the knowledge
about the correct order clearly gives the main agent an advantage in the problems
as shown in the experimentation. The results ensure that if the agent is equipped
with the correct order of the bottleneck transitions, the solution can be constructed
in the earlier stages of the learning process without any need for additional external
memory. Hence, we are ready for the next phase of the CBT method which is the self

construction of the bottleneck transition chains as covered in the following chapter.
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CHAPTER 5

SELF-CONSTRUCTION OF BOTTLENECK TRANSITION CHAINS WITH
GIVEN LANDMARKS

We observed that the decomposition based on bottleneck transitions are quite useful
to bring the solution for the learning agent and the chains are like the shortcuts in this
decomposition. Therefore, it is time to take the next step in the automation of the

overall process.

In this chapter, we propose a method that leads the learning agent to construct the
chains of bottleneck transitions automatically. The method requires that the land-
marks in the problem are provided beforehand, filters the history of the agent based
on the given landmarks and then recursively looks for the patterns that can be identi-

fied as chains.

5.1 Motivation behind the Proposed Method

Looking for the sequences of bottleneck transitions can be examined under the field
of sequential association rule mining. However, our problem differs from a regular
sequential association. We look for specific patterns that leads the agent to the so-
lution in the problem. Yet, for most of the partially observable problem, the agent
construct the solution too late, even if it can. Hence, considering the associations
among all transitions with a rule mining method would be like looking for a needle in
a haystack. What we need at this point is the classification of the agent’s experience

based on the nature of a partially RL problem.
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Considering that we apply episodic learning for the agent, we have an initial and a
terminal state for each episode. Therefore, we can use this property for the further
categorization of the agent’s filtered history, instead of performing a blind search. In
this way, we also do not have to deal with the patterns with smaller lengths that are
already included in the main sequences. There are also longer patterns which include
detours instead of directly following the main sequences. It is not possible to elim-
inate them completely without making an exhaustive search, however, we observed
that the usage of last seen landmarks before termination can provide a noise elim-
ination in the classification of the agent’s experience. Thus, for all these practical
reasons, we come up with the idea of recursive and greedy search starting from the
landmarks that are last seen before the termination of an episode until reaching an

initial landmark.

5.2 Construction of Bottleneck Transition Chains

Algorithm 2)is given as the pseudocode for the automatic construction of bottleneck
transition in detail. Firstly, we need our agent to experience all possible bottleneck
transitions for sufficient amount of times. Therefore, the self-construction of bottle-
neck transition chains is achieved with random traverse in the domain. While the
learning agent acts randomly in the given problem, it records each of the transitions
that occurs from a landmark state. For each episodic history, the landmarks that are

firstly and lastly seen are saved to be used in the classification of the sequences.

If the episode does not terminate in a goal state for the agent, then the bottleneck
transition history is dumped because the associations in a unsuccessful episode would
not be useful for the agent. For the successful case, starting and ending landmarks
in the sequences are added to sets of firstly and lastly seen landmarks respectively.
Then the consecutive occurrences of the landmark observations and their transitions

are included in the calculation of the associations.
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Algorithm 2 Construction of Chains

1: procedure CONSTRUCT_CHAINS

2: require: L
3: FSL <+
4: LSL + 0
5: Initialize BOA as O for all pairs
6: Initialize BT A as 0 for all pairs
7: C«10
8: while in random walk do
9: BTH + 0
10: while episode continues do
11: take a random action a;, observe o; and r;
12: if o; € L then
13: add (o4, ar) to BTH
14: end if
15: end while
16: ly < first landmark in BT H
17: l; < last landmark in BT H
18: if episode is successful then
19: FSL+ FSLU{ls}
20: LSL + LSLU{l;}
21: for each transition b; in BT H do
22: increment BOA of (0;,0;+1)
23: increment BT A of (b, bi4+1)
24: end for
25: end if

26: end while
27: for each /; in LSL do

28: chain < 0

29: chain < {l;} U chain

30: current <+ ;

31: while current notin F'SL do

32: current < arg max cyyrent) BOA
33: chain + {current} U chain

34: end while

35: C < CU{chain}

36: end for

37: for each chain in C do

38: for each [; in chain do

39: a; < action a of argmax, o) (1,.1,a
40: replace l; with (1;, a;)

41: end for

42: end for

43: return C

44: end procedure

> set of landmarks

> first seen landmarks in success

> last seen landmarks in success

> bottleneck observation associations
> bottleneck transition associations

> set of chains

> episodic BT history

> include actions

") BTA
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When the agent have sufficient experience in the problem, chains are constructed
based on the recursive search from lastly seen landmarks towards the first ones. Then
for the most associated ones, the most selected actions are included to complete the
chains. It may be argued that including the actions in the computation of associations
from the beginning can provide an advantage for the agent to avoid an unnecessary
traversal of the history and to save more time. However, if a bottleneck landmark
state has two or more critical actions which may lead to the next landmark state,
then capturing the actual association between these landmark states can be difficult.
Furthermore, a traversal after the detection of the sequence based only on landmark
states does not cause a significant increase in complexity, since it requires only one

more operation on the recorded associations.

5.2.1 Complexity Analysis

The complexity of the construction method depends on the global landmark inter-
action graph of the given problem. Since the bottleneck transitions are saved im-
mediately after each action (see lines 10-15 of Algorithm [2]), the time spent there
becomes negligible. Also, saving the associations is done separately for each suc-
cessful episode (see lines 16-23 in Algorithm [2) where each episode is assumed to
terminate within a fixed number of steps. Therefore, this phase of the method takes a

linear time with respect to the average episode length.

The main part of the construction of the chains is based on the number of landmarks
that can be seen at the end of a successful episode. The same number also determines
the number of chains to be constructed. Therefore, the worst-case complexity of the
method for the next phase of the chain construction can be expressed by |LSL| x
|L| x |E|, where |LSL| is the cardinality of the set including last seen landmarks
in the successful episodes, |L| is the total number of the landmarks and |F| is the
number of edges in the landmark interaction graph. | E'| determines the time spent on
processing the associations. In the final phase of the method, looking for the most
frequently selected actions can be traced in linear time concerning the number of
possible actions in the problem, by keeping the bottleneck transition associations in

an indexed data structure.
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In most of the problems with hidden states, the number of landmarks is very few
compared to the number of all states. Furthermore, since most landmarks are bottle-
necks for non-neighboring regions in the problems, the number of edges is far less
than the |L|? — 1. For example, there are 44 different observations for 606 states in
the 6 roomspg problem examined throughout the paper. 8 of these states are land-
marks. Only 2 landmarks are included in the set of last seen landmarks and there are
18 edges in the global landmark interaction graph of this problem as shown Figure
Bl The ideal chains have 8 transitions between landmarks as mentioned in Section
M.3.1] However, in the worst scenario, almost half of the 18 edges are eliminated
since the association for the useful transitions is favored by looking for successful
episodes only. Therefore, we obtain a smaller number of sub-policies extracted from
the chains constructed. Hence, the number of sub-agents to be trained and the number

of sub-policies to be evaluated are limited with this smaller number.

Figure 5.1: The global landmark interaction graph of 6 roomspg problem

5.3 Experiments

As the methods attack to the same or similar problem of our study are limited, the
experiments were executed in different categories regarding the size and type of the
domains. All the source code of the proposed method and the experimental settings

for the sample domains are publicly available onlineE]

! https://github.com/huseyinaydinmetu/cbt_codebase
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The first category includes the examination for the performance by comparison with
a memory-based method, namely Utile Suffix Memory (USM) algorithm. This com-
parison is done by considering not only the quality of learning in terms of the number

of steps to goal but also the time and memory required during the learning process.

In the second category of experiments, scalability of the CBT method is shown in the
problems with larger state spaces. These problems cannot be solved with USM in a

reasonable time. Therefore, it is intentionally excluded from this setting.

The final category includes the experiments on a well-known puzzle, namely the
Tower of Hanoi problem. Although the agent still has the same perspective for the
problem, which is provided by the observation transition graph based on its limited
perception, this case enables us to observe the behavior of a CBT agent in a non-grid

domain.

Despite all our efforts, the option-observation-initiation method proposed by Steck-
elmacher et al. [20] could not achieve the tasks without providing whole sub-policies
by hand (for both cases with and without using LSTM [16]]). Since it is not practical

to do so for our problems, we excluded their method in our experiments on purpose.

The methods used in experimentation are given in Table[5.1} To ease reading, some
details are not provided in the following subsections, but can be found in Appendix

[Alinstead.

Table 5.1: The methods used in the experimentation of CBT with self construction of

the chains
Name in legend Explanation
CBT over Q Proposed method over sub-agents trained with Q-Learning
CBT over Sarsa(\) Proposed method over sub-agents trained with Sarsa(\)
CBT over Q Proposed method including non-bottleneck landmarks
(All Land.) over sub-agents trained with Q-Learning
CBT over Sarsa(\) Proposed method including non-bottleneck landmarks
(All Land.) over sub-agents trained with Sarsa(\)
USM Utile Suffix Memory by McCallum [1]
Chains Provided | The method learns from the sub-policies extracted from given chains
over Q over sub-agents trained with Q
Chains Provided | The method learns from the sub-policies extracted from given chains
over Sarsa(\) over sub-agents trained with Sarsa(\)
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5.3.1 Settings and Results

5.3.1.1 Comparison with USM

The experimentation regarding the comparison of CBT with USM is held in two
downscaled domains. First one is a version of 6 roomsgrg domain and the sec-
ond domain is the zigzag rooms with the reduced size (see Section [2.5). In the
downscaled 6 rooms domain, the agent is placed in the northwest corner of the
domain and is trained to reach the southeast corner of the domain by switching its
current room using the doors. The task is similar in the downscaled zigzag
rooms except that the initial state is the southwest corner of the domain in this case.
20 experiments were executed with 200 episodes for each. An episode is terminated
when the agent reaches the goal or 2000 steps are taken by the agent without reaching

the goal.

In a regular state of these domains, the agent gets an observation based on the cate-
gorized distances in four directions as explained in Section Finding a solution
for downscaled 6 rooms domain might be trivial with this setting since there
are no conflicting actions needed for the aliased states. However, if we consider the
downscaled zigzag rooms, the agent is still required to move in opposite di-
rections for the states in which the agent gets the same observation, although they

reside in different rooms.

In both domains, reaching to the goal state is rewarded by 1. To speed up learning, the
agent receives -0.01 upon moving to regular state, and -0.1 when it hits an obstacle. In
the training of the sub-agents this setting is applied in the same manner, except their
goals are different from the main goals in the domain. The initial landmarks of other
sub-agents are regarded as pitfalls for a sub-agent, however, being in those states is

not punished with a larger negative reward.

USM method is implemented by using the Kolmogorov-Smirnoff test to decide on
the promotion of the fringe nodes. Its threshold is set as 0.01 for both of the domains.
This test is applied after every 10 steps of the agent. The maximum depth for fringe
nodes is set to 2 in both domains. In the original algorithm, USM checks every pair of

leaf nodes to update the values after insertion of an instance. To reduce the overhead,

79



the update mechanism is triggered with a probability of 0.1. This approach does not
affect the convergence of the values, but it makes the algorithm much faster so that

the experimentation can be completed within a reasonable time.

In the experimentation of both methods, e-greedy approach is applied where the € is
linearly decayed with respect to the number of episodes that have been executed. The
initial value for € is 0.9 to encourage the exploration of the agents while the final value

1s 0.1.

To show that the framework does not assume any underlying learning method, Q-
Learning and Sarsa()\) are interchangeably used in the training of sub-agents. Fur-
thermore, since these domains contain landmark states which are not natural bottle-
necks in the domain (For instance, see observation 4, 9, 13 and 16 in downscaled
6 rooms domain.) two different sets of landmarks are provided to CBT agents in
the evaluation of its performance for these different cases. One of the sets includes
only bottleneck landmarks that correspond to the door between rooms while the other
set contains all of the landmarks. For all cases, the agent is forced to walk randomly

for the first 20 episodes.

The construction of the chains is held after the random walk of the agent is completed.
Then the sub-agents are trained within 200 episodes. The same linearly decaying e-
greedy approach is applied for the sub-agents as well as the main agent. The learning
rate (o) is set to 0.05, and the discount factor () is set to 0.9. For the cases with
Sarsa(\) sub-agents, the A value is chosen as 0.9. During the evaluation of the sub-

policies, the same « value is used as in the training of the sub-agents.

Figure [5.2] shows the learning performances of USM and the CBT method with its
all configurations regarding the type of sub-agents and given sets of landmarks in the
domains. The total number of steps to reach the goal for the methods are averaged
over 20 experiments and the error intervals are represented in shaded regions in the

plots.
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Figure 5.2: The learning performances of the methods in terms of the number of steps

needed to reach the goal in downscaled domains

As can be seen in Figure [5.2a] although CBT takes more steps for a random walk in
the first 20 episodes, USM learns slower than CBT in all cases for downscaled 6
rooms domain. Figure [5.2b|depicts that the gap between the performances becomes
more drastic when the ambiguity of the environment makes the whole problem more
difficult to solve as in the case of downscaled zigzag domains. These results
indicate that a method using a proper early decomposition of the problem can outper-
form a memory-based method that tries to grasp the structure of the problem during

the overall learning process.

81



To illustrate the case for learning a sub-problem, Figure [5.3] shows the learning per-
formances of sub-agents using Q-Learning and Sarsa()) for the CBT method. The
sub-agents are placed into the starting state of the main agent and trained to reach the
observation 16 (which corresponds to the first door) in the downscaled zigzag
rooms domain. After the decomposition of the main problem, constructing a so-
lution for each sub-problem becomes more trivial. Therefore, both of the methods
learn the way to their sub-goals without being obligated to cope with aliased states of
a separate part of the problem. This would not be the case if these traditional methods

are used for a solution in the main problem with its aliased states.

60 —Q
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Figure 5.3: The learning performances of sub-agents trained between the starting state
and observation 16 (the left-most door) in the downscaled zigzag rooms do-

main

Table 5.2: The average memory usage (MB) in an episode for the methods in down-

scaled domains

downscaled downscaled
6 roomsps | zigzag rooms
CBT over Q 0.422 £0.05 0.408 £ 0.056
CBT over Sarsa(\) 0.46 + 0.049 0.43 + 0.052
CBT over Q (All Land.) 0.585 £ 0.081 0.653 £ 0.084
CBT over Sarsa()\) (All Land.) | 0.632 + 0.086 0.686 + 0.094
USM 7.927 £ 0.627 | 31.603 £ 7.096
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Table 5.3: The average elapsed time (sec) in an episode for the methods in downscaled

domains
downscaled downscaled
6 roomspgg zigzag rooms
CBT over Q 0.007 £ 0.001 0.009 £ 0.001
CBT over Sarsa()\) 0.007 £ 0.001 0.009 + 0.001
CBT over Q (All Land.) 0.007 £ 0.001 0.008 4+ 0.001
CBT over Sarsa()\) (All Land.) | 0.007 4 0.001 0.008 4+ 0.001
USM 37.794 + 7.334 | 339.146 + 228.191

Table [5.2] and Table [5.3] show the average memory usage and elapsed time in an
episode for the methods in both domains respectively. CBT, with its all configura-
tions, requires significantly less time and memory while USM suffers, especially in

the downscaled zigzag rooms domain.

Table 5.4: The average time (sec) spent in overall experiments for the methods in

downscaled domains

downscaled downscaled
6 roomspg zigzag rooms
chain const. 0.000053 £ 0.000013 | 0.000027 £ 0.000003
CBT over Q sub-agent train. 1.53 £ 0.38 1.01 £ 0.14
total 13.86 +2.90 13.33 £ 1.90
chain const. 0.000053 £ 0.000008 | 0.000035 £ 0.000005
CBT over Sarsa()\) | sub-agent train. 3.16 = 0.67 2.15+0.44
total 14.72 £ 2.68 16.55 £2.74
chain const. 0.000073 £ 0.000016 | 0.000044 + 0.000007
CBT over Q sub-agent train. 1.32 +£0.32 0.93 +0.11
(All Land.) total 18.08 £ 3.54 23.40 £ 4.89
chain const. 0.000076 £ 0.000012 | 0.000042 =+ 0.000007
CBT over Sarsa()\) | sub-agent train. 2.68 + 0.63 1.78 +0.35
(All Land.) total 19.69 £+ 3.92 23.36 £ 4.64
USM total 7867.98 + 1556.85 | 69406.98 + 47171.52
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The execution times of the overall experimentation for the methods are shown in
Table [5.4] The measurements include the time required by chain construction and
sub-agent training for CBT agents. As can be seen in the table, chain construction
time is insignificant. The main reason for that is saving the bottleneck transition
history separately during episodic learning, then processing them only once at the
end of random walk. The total time requirement of CBT including both the chain
construction and the training of the sub-agents is still dramatically less than USM.
This is the actual reason why USM is not very practical in larger domains, unlike

CBT.

5.3.2 Larger Domains

The second group of experiments was carried out on three sample domains. The
first one is the 6 roomspg domain [[11]] that we have followed in our examples in
this chapter. The second one is the zigzag rooms domain [19]], where the agent
is subjected to a difficult task that requires actions taken in opposite directions to be
able to reach the eastern room where the goal state is placed. Lastly the domain called

6 rooms with locked shortcut isused in this experimentation setting (see

Section 2.5]).

The environment feedback yields two reward values for the domains: 1 upon reaching
the goal and O for any other steps. The same setting is used in the training of the sub-
agents by adjusting their rewarding state according to their sub-task. Similar to the
downscaled domains, the initial landmarks of other sub-agents are regarded as pitfalls

without introducing any extra punishment.

In each domain, 20 experiments were executed with 5000 episodes for each. Each
episode is limited to 5000 steps for all domains. Discount factor () is set to 0.9.
In both training of the sub-agents and sub-policy evaluations, the learning rate (o)
is chosen as 0.05. In both phases, € — greedy approach is applied with the e value
decaying linearly after each episode from 0.9 down to 0.1. Finally, in the training
of the Sarsa(\) sub-agents, A is set to 0.9. In the CBT method, the main agents are

forced to walk randomly for the first 100 episodes before constructing the chains.
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Table 5.5: The number of distinct sub-policies extracted by the methods in larger

domains
CBT | Chains Provided
6 roomsgg 11 8
zigzag rooms 5 4
6 rooms with locked shortcut 21 16

Traditional methods as Q-Learning and Sarsa(\) by themselves fail to achieve the
tasks in these domains. Moreover, USM is far from being practical in these domains
as it cannot complete more than a few episodes in days. Therefore, Q, Sarsa(\) and
USM are excluded in this part of experimentation. That is why we used the method
from Chapter ] which uses the provided chains to extract sub-policies. The number of
distinct sub-policies extracted by both self-constructed and provided chains is given
in Table [5.5] This section of the experimentation aims to determine how the effect
of self-constructed chains differs from the effect of the provided ones on the learning
performance of the main agent. The Q-Learning agents are trained to achieve the

main tasks in the fully observable versions of the domains as a baseline for a fair

comparison.
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Figure 5.4: The learning performances of the methods in 6 roomspgg problem in

terms of the steps needed to reach the goal
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Figure 5.5: The learning performances of the methods in zigzag rooms problem

in terms of the steps needed to reach the goal
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Figure 5.6: The learning performances of the methodsin 6 rooms with locked

shortcut problem in terms of the steps needed to reach the goal

Figure [5.4}{5.6] show the learning performances of the methods in terms of the steps
to achieve the given task. As can be seen from these figures, CBT agent with self-
constructed chains catches the main agent with the provided chains almost immedi-
ately after its random walk phase is over. Although self-constructed chains result in a
slightly unsteady performance in 6 rooms with locked shortcut domain,
especially over Q-learning sub-agents, yet there is no significant difference in the

overall performances of the methods.
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5.3.3 A Non-Grid Case: Tower of Hanoi

As a non-grid case, we examined the performance of CBT in the well-known puz-
zle called Tower of Hanoi [28] in the last setting of our experimentation in this
chapter. Details about the configuration of this puzzle in our settings and the observa-
tion semantic that presenting the perception capability of the RL agent for the domain

can be found in Section

The environment feedback uses two different reward values for the problem: 1 for
reaching the goal and O for any other steps. The same setting is used in the training
of the sub-agents by adjusting their rewarding state according to their sub-task. Like
the previous experiments, the initial landmarks of other sub-agents are regarded as

pitfalls without introducing any extra punishment.

20 experiments were carried out with 1000 episodes for each. If the agent fails to
achieve the task in 750 steps, the episode is terminated anyway. Learning rate and
discount factor are set to 0.05 and 0.9 respectively for all methods and all sub-agents.
Similar to previous cases the action of the agent or a sub-agent of the CBT method is
selected by a e-greedy approach where e value is linearly decayed after each episode
from its initial value of 0.9 to 0.1. \ value is used as 0.9 for Sarsa(\) agents. The
main agents of CBT are forced to walk randomly for the first 100 episodes before
constructing the chains like in the larger domains. The training of the sub-agents

includes 1000 episodes in the same manner as the main agents.

—— Sarsa(A)
—— CBT over Q (All Land.)
—— CBT over Sarsa(A) (All Land.)

600

200

0 200 400 600 800 1000
Number of Episodes

Figure 5.7: The learning performances of the methods in Tower of Hanoi prob-

lem in terms of the steps needed to reach the goal
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Figure shows the number of steps needed by the methods to reach the goal state
from the initial state in the Tower of Hanoi problem. The Q-Learning fails to
achieve the task by itself, hence its results are excluded on purpose. Sarsa(\) method
constructs a late solution for the problem while CBT quickly solves the problem by

using one of these methods for the training of the sub-agents.

5.4 Summary and Discussion

In this chapter, self-construction of the bottleneck transition chains is achieved by
a simple recursive method. With this method, the necessity of provided chains is
eliminated for the CBT method and its learning agent. Experimentation shows that
there is no significant difference between the learning performances when the agent

has its own chains or chains that is provided by the problem designer.

As the automatic construction of the bottleneck transition chains with the provided
landmarks is completed, it is time to examine the case where the learning agent is
expected to identify the landmarks in the problem by itself. Hence, the next chapter
covers the integration of CBT method with a Diverse Density based approach for the

automatic landmark identification.
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CHAPTER 6

AUTOMATIC LANDMARK IDENTIFICATION WITH DIVERSE DENSITY
FOR BOTTLENECK TRANSITION CHAINS

In this chapter, as a candidate method to identify the landmarks in the given problem,
Diverse Density (DD) [33] will be integrated to the CBT method. In this way, the
overall process can be completed with the minimization of human interference. The
idea of using DD in the context of RL is not novel as it used by McGovern et al. to
identify subgoals in fully observable RL context [34]. However, as the original DD
method has its own drawbacks, instead of using this version, its variant that is boosted
with Concept Filtering (DDCF) [335] is chosen as the base method for the landmark
identification phase. Therefore, this chapter starts with the summaries of DD and

DDCF methods.

Although DDCF is more successful than the original DD method by finding land-
marks with higher quality, it is still noisy as it falsely identifies non-landmark states
as landmarks. Since the sub-agents of CBT method must be provided initial and goal
states of sub-problems, any noise in identified landmarks cannot be tolerated by the
proposed framework. Hence, any refinement on the results of landmark identification
would be crucial in CBT’s overall learning performance. As a result, the attempts
to improve the identification process such as balancing the number of positive and
negative bags in DD and normalization based on occurrences of observations are also
covered in this chapter. Finally, the integration of all components for the proposed

CBT framework is provided.
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6.1 Diverse Density

Diverse Density (DD) is one of most common Multiple Instance Learning (MIL)
methods [33]]. As the name implies, in MIL problems, the instances are not individ-
ually labeled. Yet, they are labeled in two groups as positive and negative bags. A
bag is called positive if it contains at least one positive instance (or target concept).
Likewise, the sample groups with no positive instances are labeled as negative bags.
Then DD value is calculated with the probability of ¢; being the target concept given

the positive and negative bags:

DD(c;) = Pr(c|B;,Bf,...,B", By By, ...B), 6.1)

where B;" and B; are i" positive bag and j** negative bags respectively. Assuming
that prior is uniform for each bag, and they are conditionally independent, DD value
of a target concept can be expressed as below by the means of repeated application of

Bayes’ rule:

[[Pr(cB") ] PrciB). (6.2)
=1 =1

Using noisy—-or model is generally preferred in the calculation of the probabilities

for each bag. In this model, they are defined as follows:

p
Pr(c|Bf) =1-]] (1 - Pr(B} € c)), and (6.3)
=1
p
Pr(c|B;y) =[] (1= Pr(B; € c)). (6.4)
=1

where B;; and p are the j' instance in i’ bag B; and the total number of instances
in the given bag respectively. Lastly, the probability of B;; being the correct concept,
which is donated as Pr(B;; € ¢) in the equations above, is obtained as Gaussian
probability based on the distance between the particular instance and the target con-

cept.
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McGovern et al. identifies the target concepts with the highest DD values as the sub-
goals in a fully observable RL problem [34]. Demir et al. takes a step forward in the
application of DD on RL problems by introducing the concept filtering as explained

in next section [35]].

6.2 Diverse Density with Concept Filtering

The original DD approach uses the distances between the instances and the target
concept. Providing these distances beforehand is not practical for most RL problems
since it requires prior knowledge of problem for the learning agent especially while

we are trying to construct a model-free approach to achieve the given task.

Another issue with the original DD method is that the instances which are far from be-
ing a bottleneck in the agent’s solution are included in the calculation over and over
again. To overcome this inefficiency along with the requirement for prior knowl-
edge mentioned above, Demir et al. proposed Diverse Density with Concept Filtering
(DDCEF) [35]. DDCEF builds a graph from the agent’s own experience instead of using
a prior graph at hand for the given RL problem. Then by measuring the concepts for

being a bottleneck in this graph it eliminates the non-target concepts.

In the DDCF method, the graph is build with the nodes each of which is an obser-
vation that the agent has encountered. If the agent has a transition from a particular
observation to another one, then the nodes of these two observations are connected
in this graph. The concepts, as observations in this case, are filtered according to a

graph metric called Congestion Ratio (CR) which is defined as:

CR™(¢) = " (6.5)

where BC(c) and CC™)(c) are the Bridging Coefficient and k-Clustering Coefficient
values for the given concept respectively. These values are also graph metrics by

themselves and defined as follows.
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Bridging Coefficient is proposed by Hwang et.al to measure given node for the num-

ber of connections it brings to its immediate neighbors:

d~'(c)
ZieN(C) d=1(i)

BC(v) = (6.6)

where d(c) is the degree of node ¢ and N(c) denotes the set of immediate neighbors

of this node [36]].

As the other graph metric used in CR, k-Clustering Coefficient is proposed by Jiang
et al. as an extension of Clustering Coefficient [37] by including not only immediate
neighbors but also all neighbors up to depth k. This value is used to determine how

well clustered the given node is, and calculated as below:

COW®(c) = (6.7)

where e*) and n(®) represents the number of edges in k-neighborhood of node ¢ and

the number of nodes within this neighborhood [38]].

DDCEF recalculates CR for each concept for a new experience introducing a new node
or a new edge to the graph. In other words, CR values are not calculated for each
calculation of DD values redundantly. After CR values are obtained, local maxima in
the constructed graph are kept in the calculations of DD values. The rest of the nodes
are filtered out from this calculation as they are less likely to be a bottleneck in the

agent’s trajectory.

Since the constructed graph includes the distances for each pair of observations,
DDCEF eliminates the requirement for prior knowledge of transitions in the problem.
Obviously this graph is not initially complete, however, by executing the DDCF after

some episodes, the agent may have sufficient experience to build a complete graph.
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6.3 Proposed Refinements on Identified Landmarks

Although DDCEF eliminates some non-target concepts, identified landmarks with this
method are still noisy especially including some non-landmark observations that are
still aliased but not broadly seen in the problem environment. From the agent’s point
of view with its limited capability to perceive the environment, these observations
have identical properties with the actual landmarks. Therefore, while constructing
the graph from the random trajectories of the agent, distinguishing them from the
actual landmarks becomes extremely challenging for DD methods, even when the in-

teraction between landmarks are simple in the given partially observable RL problem.

Application of random walk is required to complete the transition graph as early as
possible in the learning process. However, with random trajectories, the number of
positive bags becomes much less than the number of negative bags as well. There-
fore, balanced bags approach is proposed to compensate the shortage of positive bags.
Algorithm [3] explains the steps of this approach in details. For every episode of the
learning agent, the current difference between the numbers of positive and negative
bags is kept. This difference is bounded in both ends with some threshold so that
neither positive bags nor negative bags dominate the calculation of DD values. How-
ever, in order not to lose any information from earlier experiences, the bags that are
not immediately included in the identification process are saved to be used later for
the case of change in the difference in their favor as shown between lines 20-28 in the

algorithm.

One other challenge for both DD and DDCF method is that when some of the land-
marks are far from the goal state, the agent may face with them many times within
a unsuccessful episodes no matter how crucial that landmark is to construct the so-
lution. This directly affects the calculation of DD values coming from negative bags
for that particular landmark. DD based methods are obligated to fail once no nega-
tive bags are provided. Hence, instead of eliminating the negative bags completely,
we prefer to use some weight in the range of (0,1] to balance the value coming from
these negative bags with the value that belongs the positive ones. This weight can
be adjusted depending on the given problem. Obviously if the weight is 1 then the
calculation is done exactly as in the DD and DDCF methods.
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Algorithm 3 DD with Balanced Bags

1: procedure PROCESSBAGS

2:
3:
4:

12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:

require: 1 > Episode History
require: 7 > Tolerance
require: B, B~ > Sets of Positive & Negative Bags
require: BB", BB~ > Sets of Backed Up Positive & Negative Bags
A« [BT|-|B7|
if H is successful then
if |A| < 7 then
Bt «+ BTU{H}
else
BBt + BBt U{H}
end if
else
if |A| < 7 then
B~ «+ B U{H}

else
BB~ < BB~ U {H}
end if
end if
A« |Bf|—|B7| > Recalculation of Diff.

if |A| > 0and |[BB~| > 0 then
H,;” < Select and remove a random history from BB~
B« B U{H;}

end if

if |A| < 0and |[BB*| > 0 then
H." + Select and remove a random history from BB*
BT+ BtTU{H;}

end if

29: end procedure
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Along with the application of weighting the DD values coming from negative bags,
overall DD values are normalized according the occurrence of the particular observa-
tion. Therefore, the normalized value of visitation is added to the DD calculation as

a factor. The value for the given observation o can be formulated as below:

F(0) — ming o F(0')
max,co F(0') — mingeo F(0')’

NVV(o)=1-— (6.8)

where F'(0) and O denotes the frequency of given observation o and the set of obser-

vations respectively.

Although these precautions refine the identified landmarks, the complete elimination
of the noise is not guaranteed within the capability of DD based methods. As long
as the second component of CBT framework constructs the correct chains, that is not
crucial for the overall performance. However, any noise in the constructed chains
results in failure for CBT, since it disturbs the accurate partitioning of the given RL
problem with hidden states by introducing ambiguous starting and ending observa-

tions as landmarks that bound each sub-problem.

6.4 Integration of All CBT’s components

Despite being noisy, with the implementation of DD based landmark identification,
the complete integration of CBT’s components can be realized for the learning agent.
The ideal process of CBT framework can be seen in Figure This figure depicts
the case where set of chains constructed by CBT agent contains at least one noise-free

and complete bottleneck transition chain.

This approach may bring the question “Why are the chains verified instead of land-
marks?”. There are two main reasons to follow such an approach. First of all, the
identified landmarks are subject to a second elimination while looking for the asso-
ciations between other identified landmarks during the construction of the bottleneck
transition chains. Therefore, this gives the CBT agent another chance to avoid the

noise of non-landmark observations without the guidance of a problem designer.
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Secondly, while checking the completeness of chains, we are not trying to find an
exact match between the found and actual bottleneck transition sequences. As long
as the learning agent finds a sequence that leads it to the solution of the problem, it can
use the chains including non-essential transitions to partition the problem. This may
cause an inefficiency in the overall learning performance, however, considering that
the traditional methods fail to solve the problems attacked in the scope of this study,
this inefficiency can be tolerated while we are trying to keep the human interference

as minimal as possible.

The learning agent starts to interacting with the environment by doing a random walk.
Its history is fed to the component that is responsible for identification of the land-
marks as seen in the Figure [6.I] Then applying DD-based approach with our re-
finements, identified landmarks are provided to second component to construct the
chains. As the initial state of the agent is fixed in our formulation of the problems, the
agent is assumed to be aware of the initial landmark, since its identification is beyond
the capabilities of DD. Finally, by the means of these chains higher-level learning is
achieved with the decomposition of the problem and evaluation of sub-policies for

each sub-problem as applied in the earlier phases of CBT framework.

6.5 Experiments

Experiments are carried out in four different domains to evaluate the learning perfor-
mance of CBT with both automatic landmark identification and the self-constructed
chains. Three of them are the larger ones that we conventionally follow from the ear-
lier phases of CBT method, namely 6 roomspg, zigzag rooms, and 6 rooms

with locked shortcut. The lastone is the puzzle called Tower of Hanoi

(see Section[2.3]).

Despite all our efforts, CBT agent fails to construct a noisy-free and complete se-
quence of bottleneck transitions in Tower of Hanoi domain. Therefore, the ex-
periments in this domain is not reported, instead the reasons behind this failure are

discussed in the next section.
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The results in the rest of the domains are provided both excluding and including the
failing cases. In this way, the chance to examine the ideal case is obtained as well as

the average case.

6.5.1 Settings and Results

The environment feedback yields two reward values for the domains: 1 upon reaching
the goal and O for any other steps. The same setting is used in the training of the sub-
agents by adjusting their rewarding state according to their sub-task. Similar to the
downscaled domains, the initial landmarks of other sub-agents are regarded as pitfalls

without introducing any extra punishment.

In each domain, 20 experiments were executed with 5000 episodes for each. Each
episode is limited to 5000 steps for zigzag rooms domain and 10000 steps for
the rest. Discount factor () is set to 0.9. In both training of the sub-agents and sub-
policy evaluations, the learning rate («) is chosen as 0.05. In both phases, € — greedy
approach is applied with the e value decaying linearly after each episode from 0.9
down to 0.1. In the CBT method, the main agents are forced to walk randomly for
the first 300 episodes for 6 rooms and its variant. In zigzag rooms domain
same thing applied in the first 200 episodes. DD-based landmark identification is
executed in earlier phase of random walk where the last 100 episodes are reserved for
the self-construction of bottleneck transition chains in all domains. Parameters used

in DD-based landmark identification are provided in Table[6.1]

Table 6.1: Parameters used in DD-based landmark identification for the sample do-

mains
Parameter 6 roomsys | zigzag rooms 6 rooms with
locked shortcut

Success threshold (to classify bags) 4000 5000 5000

A (to discount running avg.) 0.95 0.95 0.95

0 (as threshold for running avg.) 15 17 10

Ry (neighborhood radius for DDCF) 1 1 1

W, (weight for neg. bags) 0.75 1 0.5
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As we have adequately examined the Q-learning and Sarsa(\) as the base methods
of the sub-agents’ training in the previous chapters, this chapter only includes the

Q-learning as the underlying learning method of CBT’s sub-agents.

Figure [6.216.4] show the learning performances of the CBT method equipped with
the DD-based landmark identification for the cases where at least one noise-free and

complete sequence is obtained.

—— CBT-DD-over-Q-1
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Figure 6.2: The learning performances of the CBT method integrated with DD-based
landmark identification in 6 rooms gg problem in terms of the steps needed to reach

the goal

5000
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Figure 6.3: The learning performances of the CBT method integrated with DD-based
landmark identification in zigzag rooms problem in terms of the steps needed to

reach the goal
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Figure 6.4: The learning performances of the CBT method integrated with DD-
based landmark identification in 6 rooms with locked shortcut problem

in terms of the steps needed to reach the goal

The percentages of experiments where at least one non-noisy and complete chain is

constructed is as follows:

e 6 roomspg — 50%
e zigzag rooms — 40%

e 6 rooms with locked shortcut — 15%

Table [6.2] shows the learning performances of the method in terms of average rewards
the agent gets for both the ideal and the average cases. Although the experiments are
terminated within the failure case, the agent is assumed to end an episode by reaching
the step limit in the calculation of average case. It is clear that as the landmark

identification is improved, the agent will achieve better learning.

Table 6.2: Average reward per step in the sample domains for both ideal and average

cases of automated CBT method

6 roomsyg | zigzag rooms 6 rooms with
locked shortcut
Ideal case 0.0013364 0.0007430 0.0006198
Average case | 0.0000914 0.0000217 0.0000296
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6.6 Summary and Discussion

In this chapter the automation of overall CBT framework is completed despite the
noisy identification of the landmarks in the given problems. This issue is inherited by
the chosen DD method. Although several refinements are applied on this method, the

noise could not be completely eliminated.

Whereas the DD method has its drawbacks on landmark identification, sometimes the
problem can be really difficult by having non-bottleneck yet rare observations. The
corners in the navigational domains are good examples for this type of observation

that is falsely identified.

Yet, the worst scenario arises in the Tower of Hanoi problem where there exists
non-landmark bottleneck states (see Section [2.5.3]). For instance, the aliased states
covered in Figure[2.30] yield the same observation yet only one of them has a critical

role in the solution.

Nevertheless, CBT framework is empirically proven to be successful in the problems
where the solution without an external memory is difficult or impossible to obtain.
Hence, the automated CBT method has a potential to succeed in RL problems where
the states are hidden from the learning agent. Therefore, the studies following this one
will focus on landmark identification with more quality to provide a higher chance for

the noise-free and complete chains.
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CHAPTER 7

CONCLUSIONS

This thesis proposes two different approaches for the RL problem with hidden states
where the agent is assumed to be oblivious to the underlying MDP model. Within
the limited perception of the agent, it can utilize the frequencies of its significant

experiences in order to complete its task.

Based on this idea, a selective memory mechanism, namely Compact Frequency
Memory (CFM) is presented within the scope of this study. Since the ambiguous
states are statistically seen more often than the less aliased ones, eliminating them
leads to a small sized memory which is quite useful in the construction of compact
state estimations. Hence, an RL agent equipped with CFM, deals with the ambiguity
of the environment more efficiently and a faster learning is obtained in this way. As a
result, CFM is much more scalable than the instance based methods that use extensive

memory to distinguish aliased states in the given problem.

Although CFM is highly efficient and successful in simple tasks with and/or without
a larger state space, it fails to catch long term dependencies, if a critical transition
from the agent’s history is overwritten by a new infrequent transition. Therefore, a
possible future direction for this approach could be the construction of an additional
trace mechanism to distinguish the useful transitions that have a critical role in the

problem and keep them in the memory as long as the agent needs it.

As the second part of the thesis, by Chains of Bottleneck Transitions (CBT), given
RL problem is divided into smaller sub-problems that have less ambiguous states
than the original. In this way, challenging partially observable problems turn out

to be easier to solve. Even the tasks, for which traditional methods fail to succeed,
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can be accomplished by this divide-and-conquer based approach. Furthermore, it is
empirically shown by experiments that if the agent is equipped with the correct order
of the bottleneck transitions, the solution can be constructed in the earlier stages of

the learning process without any need for additional external memory.

Once CBT is proven to be useful, as the next step of the study, self-construction of
the chains for given landmarks has been realized by the proposed method. Search-
ing from last seen landmarks in an episode through the first ones, this method com-
pletes the chains via following the most associated landmarks. Since the method
itself is prone to be noisy, the found chains can be longer than it should be. However,
considering the fact that it may be impossible to solve these problems without the
decomposition based on chains, such noises can be tolerated. Nevertheless, further
improvement can be made in order to find complex sequences in the domains where
there are more landmarks and the solution require complicated and overlapping paths.
Lastly, one other future work for the self-construction of the chains could be handling

the problem that requires cyclic visitation of landmarks.

Finally, to complete the self-exploratory behavior of an RL agent, the overall method
is automatized by the integration of Diverse Density (DD) algorithm that identifies
landmarks without prior knowledge of the domain. To improve the quality of found
landmarks, the idea of Concept Filtering 35, [19]] is applied to the instances coming
from the agent’s own experience to eliminate the noise, namely, irrelevant observa-
tions. Further improvement on DD has been achieved by balancing the number of
negative and positive bags. Although found landmarks are subject to another filtering
in the construction of chains phase, it is more convenient to feed the constructor com-
ponent with completely noise-free data. Hence, achieving highly accurate landmark

identification could be the ultimate aim in the future of this study.
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APPENDIX A

APPENDIX

The further details about the experimentation of the CBT method are given in the

following tables.

Table A.1: The number of distinct sub-policies extracted by CBT in remaining sample

domains

Only Doors 12

downscaled 6 rooms All Landmarks | 27

Only Doors 5

downscaled zigzag rooms | All Landmarks | 12

Tower of Hanoi 36

Table A.2: The average memory usage (MB) in an episode for the methods in remain-

ing sample domains

6 roomsgs zigzag 6 rooms with Tower of
rooms locked shortcut Hanoi
CBT over Q 2.519 £0.082 | 2.31 £ 0.061 7.814 £0.14 3.06 £ 0.083
CBT over Sarsa()\) | 2.608 & 0.063 | 2.371 £ 0.071 8.024 +0.17 3.086 £ 0.114

Table A.3: The average time (sec) spent in overall experiments for the methods in

remaining sample domains

6 roomsgg zigzag 6 rooms with Tower of
rooms locked shortcut Hanoi
Chain Construction | 0.000061 + 0.000004 | 0.000122 + 0.000006 | 0.000237 £ 0.000013 | 0.000101 £ 0.000015
CBT over Q Sub-agent Training 106.19 £ 11.54 47.18 £9.10 1050.69 + 199.28 26.57 £ 17.54
Total 25432 £75.72 156.90 + 28.60 1208.67 £ 206.75 463.87 £ 90.84
Chain Construction | 0.000055 £ 0.000010 | 0.000123 4 0.000006 | 0.000241 £ 0.000017 | 0.000096 % 0.000019
CBT over Sarsa()\) | Sub-agent Training 365.19 £ 78.81 251.32 £53.45 1320.58 £ 286.78 27.68 £ 6.87
Total 454.98 £+ 93.14 357.79 £ 71.69 1452.88 £ 301.63 475.76 £ 85.62
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O (P (F € D) = (P (F 1 °0) <= (P"D (0 1 ) = (90 (1 *¢ ‘) = (VD °S)
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D (O (F1°€) = (PVD (¥ 0 ‘D) = (PI0 (1 1 °0)) <= (OVD (0 T p)) = (YO0 (1 € *p)) < (VD °S)

D OVD (T €) < (VD (4 °0 ‘1)) < (P40 (0 ¥ ‘1)) <= (VO ‘(1 ‘¥ 0)) < (VD (1 °0 ‘p)) = (P40 (¢ °[ p)) < (PVD °S)

D (PVD (T €) « (VD (10 ‘1)) = (P40 (0 ‘¥ 1)) = (90 (1 ¥ “€)) <= (490 (¢ v ‘1)) < (90 ([ ‘¥ °0)) <= (VD (] ‘0 ‘p)) < (VED (€ ‘T *p)) < (PVD ‘S)

D+ (OVD(F T €)) « (PVD (40 ‘1)) + (P40 (0 ‘¥ 1)) = (90 (1§ “€)) <= (P40 (0 T ‘0)) < (90 (¢ ‘v ‘1)) <= (O (I ‘¥ ‘0)) <= (@YD ‘(] ‘0 ‘p)) = (VED (¢ ‘T ‘p)) < (dYD ‘S)

D (PVD (T €)) « (PA0 ($ T 0) <= (PVD (0 ‘T ) « (VO (I ‘¢ p)) + (PVD ‘S)

D OVD(F 7€)  (PVD (70 1D) < (P (0 ¥ ‘1)) < (VO (1 % °0)) + (@YD (1 ‘0 ‘) = (P (¢ ‘1 ) < (VD *S)

—

D OVD(F 7€) « (@D (10 D) < (P40 (0 ¥ 1)) + (VO (I %)) + (VOO (I ‘¥ “0)) = (AVD (1 ‘0 ‘p) < (VD (¢ T ‘) < (V0 *S)

D (OVD(F 7€) « (PVD (40 ‘D) < (P40 (0 ¥ 1)) < (20 (1 *¢ °¢)) = (T (¢ ‘¥ 1)) < (20 (I ‘4 “0)) = (VD (1 ‘0 *p)) < (P (¢ ' b)) < (PVD °S)

D O (F 1)« Oy 0 D) (P00 ¥ ‘1) + (VO (I ‘4 °0)) = (VD (1 ‘0 ‘p) < (P (€ ‘T b)) < (FVD Q)

D (O 1) OV (F 0 D) (P00 v 1))+ (VO (1 4 °¢)) < (VD (0“1 *0)) < (TP (€ ¥ ‘1)) = (D (1 ‘¥ °0)) < (VD (1 °0 p)) <= (VD (€ ‘T b)) +— (PVD °S)

D= PV (p L) (VD (p 0 D)+ (P00 D) = (00 (1 ¥ °©) = (TP (€ ¥ 1)) = (20 (1 v 0) = (VD (1 0 p)) = (P (€1 b)) = (VD Q)

D= (VD (p L) (VD (p 0 D) (P00 b D) = (T (1 *p©) = (VD (0 1 °0)) <= (O (€ ¥ 1)) = (20 (1 4 0)) = (VD (1 0 p)) = (PID (€1 b)) = (VD °S)

D (VD (p L) (VID (b L °0)) = (PVD 0 T D) = (VO (1 € ) = (PVD °S)

D OV 1°9) = (@D ($°0 ‘D) = (P40 (0 v D) = (VO (1 *¥ ‘0) = (VD (1 ‘0 ‘p)) = (VID (€ 1 *p)) = (OVD °S)

O (VD (p 1 °9) = (PVD (¥ °0 ‘D) = (P4 (0 ¥ *1) = (91 (1 ‘¥ °€)) <= (9D (1 ‘¥ ‘0)) <= (VD *(1 0 ‘p)) = (VD (€ 1 ‘) = (O *S)

D (O (F 10 = (PVD(F 0 D) = (P (0 'y ‘1) = ("D (€ ¥ D) = (VO (T ‘¥ 0)) <= (FVD (1 ‘0 p)) <= (P40 (€ °T ) = (VD °S)

—_ = = = N = = = =] =

D (VD (11 °9) = (OVD (10 1) = (KT (0 1) = (90 (1 % °9) = (90 (€ 1) = (TO0 (17 °0)) = (TVD (1 °0 ) = (F00 (1 € ) = (Vv °5)

—

D (O (H 1 °€) « (VID (F °1 ‘0)) = (PVD (0 ‘T ‘) <= (VO (1 '€ ') «— (VD °S)
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