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ABSTRACT

EMDD-RL: FASTER SUBGOAL IDENTIFICATION WITH DIVERSE
DENSITY IN REINFORCEMENT LEARNING

Sunel, Saim
M.S., Department of Computer Engineering
Supervisor: Prof. Dr. Faruk Polat

January 2021, [102] pages

Diverse Density (DD) algorithm is a well-known multiple instance learning method,
also known to be effective to automatically identify sub-goals and improve Reinforce-
ment Learning (RL). Expectation-Maximization Diverse Density (EMDD) improves
DD in terms of both speed and accuracy. This study adapts EMDD to automatically
identify subgoals for RL which is shown to perform significantly faster (3 to 10 times)
than its predecessor, without sacrificing solution quality. The performance of the pro-
posed method named EMDD-RL is empirically shown via extensive experimentation,

together with the discussions on the effects of EMDD hyperparameters on the results.

Keywords: Subgoal Identification, Expectation-Maximization Diverse Density, Di-

verse Density, Reinforcement Learning
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EMDD-RL: PEKISTIRMELI OGRENMEDE AYRI YOGUNLUK
YONTEMIYLE DAHA HIZLI ALT HEDEF BULMA

Sunel, Saim
Yiiksek Lisans, Bilgisayar Miithendisligi Boliimii
Tez Yoneticisi: Prof. Dr. Faruk Polat

Ocak 2021 ,[102] sayfa

Ayr1 Yogunluk (AY) algoritmasi, pekistirmeli 6grenme alaninda 6grenme siirecini
tyilestirmek amaciyla otomatik olarak alt hedefleri bulma konusunda etkili oldugu
gosterilmis, coklu-ornek 6grenme alaninda One siiriilmiis ve bu alanda iyi bilinen bir
yontemdir. Ayn1 alanda Onerilmis olan Beklenti Yiikseltmeli Ayr1 Yogunluk (BYAY)
yontemi, AY metodunu hem dogru sonug iiretme, hem de hizli ¢calisma agisindan
gelistirmigtir. Bu calisma pekistirmeli 6grenme problemlerinde otomatik olarak alt
hedeflerin tespiti icin BYAY metodunu, algoritma tizerinde gerekli degisiklikleri uy-
gulayarak, uyarlamaktadir. Uyarlanan yontem, atasi sayilabilecek olan AY algoritma-
styla tasarlanmig diger algoritmadan tespit edilen alt hedeflerin kalitesini koruyarak 3
ile 10 kat daha hizli calismaktadir. Tezde EMDD-RL ismiyle Onerilmis olan yontemin
sahip oldugu parametrelerin, algoritmanin performansi iizerindeki etkileri tartisilmig

ve ayrintilt deneylerle ortaya konulmustur.

Anahtar Kelimeler: Alt Hedef Bulma, Beklenti Yiikseltmeli Ayr1 Yogunluk, Ayr1 Yo-
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gunluk, Pekistirmeli Ogrenme
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem Definition

Reinforcement Learning (RL) deals with self-improving agents that learn to solve
sequential decision problems solely based on a reward mechanism in a trial-error
process. Depending on the rewards given, the agent tweaks its policy (decisions) and
develops a behavior in such a way that it maximizes the accumulated reward in the
long run. Reinforcement learning is mathematically formulated via Markov Decision
Process (MDP). MDPs are represented via 4-tuple (S, A, R, T')) where S is the set
of states that the agent perceives, A is the set of actions that the agent can take, R
is the reward function that is fed to the agent and informs the agent about benefit or
harm of the applied action, and 7' is the transition function that models the transition
probability of the agent moving from one state to another. In the course of learning,
this framework governs the agent-environment interaction and the agent seeks to ob-
tain optimal behavior. The main objective of the agent is to maximize the expected
reward received (E[Y ", 7" R;]) over time, where  is the discount factor that regulates
the significance of the future rewards. Optimal behavior (optimal decision sequence,
optimal policy) can be obtained by preferring the actions for each state in such a way
that the accumulated reward is maximum. A well-known RL algorithm called Q-
learning [2] can be employed for learning optimal behavior. Q-learning builds a table
storing the expected value of each available action in every state and updates the table

elements in accordance with rewards received by following the iterative rule:

Q(st,a) = Q(s¢,a) + Ry + 7 max Q(St41,0) — Q(s4,a1))

1



where « is learning rate, s; is the current state of the agent, a, is the current action
taken by the agent, s, is the next state that the agent has transitioned to after taking
action a;. After gathering sufficient number of updates, the agent can look up the table
and decide which actions are preferable for attaining the maximum reward hence the

optimal action sequence can be retrieved.

Options framework [3] extends the action semantic of the MDPs in such a way that
the agent can leverage more complex actions instead of primitive actions. And the
agent can carry out the learning procedure with both primitive actions and compound
actions consisting of multiple primitive actions. Complex actions speed the learning
procedure, hence the problem can be solved by spending less time [3]. The option
is represented via 3-tuple < I, 7, 8 >. I is the initiation set consisting of the states
where the option is defined, 7 is the policy and f is the termination function of the
option. These three components of the options need to be decided before employing
this framework. This requirement has garnered attention to the research area of the
methods that build options in the RL problems. The most important components of
the options are both the termination function and the initiation set since the policy
of the option can be learned via experience replay [4] after determining these two
components. Further, the option termination function can be considered as the most
important component since the initiation set needs to dwell around the terminating

states (states whose termination functions output 1).

A single option may correspond to a subtask in an RL problem. The determination of
the policy of the option in such a setting results in solving the subtask. For instance,
in grid-world problems, the agent is supposed to navigate between rooms and arrive at
the goal state. Obviously transitioning from one room to another may be regarded as
a subtask of the bigger grid-world problem. An option that takes the agent to the other
room sorts the subtask out for the agent. And the setting of the option could be as
follows: the room states constitute the initiation set of the option and the termination

function ceases the execution of the option at a gateway location.

Decomposing problems into smaller pieces and solving each subproblem deliver sig-
nificant performance gain especially when the reward received by the agent is scarce

[5,16,17,18]. In grid-world problems, it is easier to grasp the benefit. When the agent is



not reinforced with frequent rewards, it spends its precious time wandering in several
rooms, as time passes it eventually learns the optimal behavior. But if it is able to
move to other rooms at the early stages of the learning, it can explore its environ-
ment swiftly, hence the agent’s learning efficiency increases a lot (so does its chance
of reaching the goal state earlier). The options framework equips the agent with this
ability and facilitates quicker learning [3]]. In the literature, most of the studies attempt
to find these gateway locations in grid-world problems under the title of subgoal iden-
tification. More generally, the subgoal identification problem focuses on the critical
states (subgoals) for the agent while reaching the goal state. As in the grid-world
problems, reaching these states helps the agent to accomplish its goal and explore its

environment quickly.

Different kinds of methods and techniques that attack the subgoal identification prob-
lem from different perspectives have been proposed. These methods can be catego-
rized depending on the base methods that were employed. One group of studies make
use of graphical algorithms and metrics where the transition history of the agent over
states is represented as a graph. Over the graph, graph-based algorithms are run and
metrics are calculated for subgoals [7, 6]. Another group devises metrics that work
with state occurrences in the transition history of the agent [8, 9], while some others

leverage classical machine learning techniques [10} [11].

Subgoal identification with Diverse Density [11] stands out among all others with
its unique approach to the subgoal identification problem. It treats the problem as
if it were a problem of the multi-instance learning paradigm. This machine learning
paradigm was devised in the need for a solution to the drug activity prediction prob-
lem and is a generalization of conventional supervised learning. Within this paradigm
individual data point labels are not known, instead, the data instances are grouped
and only the label of the group is provided. Algorithms that tackle with this paradigm
aim to perform classification, regression, clustering tasks with these grouped data in-
stances. The algorithms might work at the data instance level or bag (group) level.
The Diverse Density (DD) was the first multi-instance learning algorithm adapted for
the subgoal identification problem. Episode trajectories of the agent are categorized
as positive and negative bags depending on the trajectory’s criteria of success (i.e.

reaching the goal). The algorithm then finds the most critical state that is responsible



for the bag labels, which corresponds to the subgoal in the problem.

The data setting required by the multi-instance learning paradigm is compatible with
the data gathered in RL agent experiences. The bags are the agent trajectories and the
states are the instances in the bags. It is very natural to employ multi-instance learning
algorithms for gathering useful information from the agent trajectories. For instance,
Diverse Density’s search for the most critical state aligns with the requirement of the
subgoals pretty strongly. The subgoals are expected to be on the path to the goal
state, present in many episodes that reach the goal [11]. Similarly, the DD expects
the critical state to be present in positive bags and absent from the negative bags. The
instance should reside in the trajectories that attain the goal state, not be present in
unsuccessful trajectories (not ending with the goal state). In this study, we leverage
another well-known multi-instance algorithm and adapt it to the subgoal identification

problem in RL problems.

This thesis is mainly based on two studies: Subgoal Identification using Diverse Den-
sity (SDD) [5] and Expectation-Maximization Diverse Density (EMDD) [1l]. The
algorithmic decisions (such as considered bag counts, option creation procedure,
etc.) and the experimental settings are inspired from the former work. The latter
describes the algorithm that we have adapted for the subgoal identification problem.
The EMDD algorithm formulated the most critical concept identification problem as
an Expectation-Maximization procedure and in the multi-instance learning domain,
it was shown to surpass the DD algorithm in both classification accuracy and run-
ning time. The EMDD was capable of pinpointing the most important concepts more
accurately that were later used to label the unseen bags with less calculation over-
head compared to the DD. Firstly it takes fewer instances into account during inner
calculations, secondly, it uses a smaller instance group among which the critical con-
cept is picked, whereas the DD involves every data instance in inner calculations and
makes use of all instances that are in the positive bags for the concept identification.
Its advantages over the DD in the multi-instance learning domain make the EMDD
algorithm a strong candidate for subgoal identification, which is the main concern of

this thesis.

In order to be compatible with the subgoal identification with DD study (SDD) [5],



we consider two grid-world problems for the subgoal identification throughout this

study: two-room, four-room environments. Visualization of the environments are

given in Figures[I.Ta)and [T.Tb]

s fuo o fo fre e Qo e s o v fo [ fm f e s | | |

¥
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B

(b) Four-room Environment

Figure 1.1: The grid-world problems that have been tackled in this thesis. The states
of the environments are represented with numerical values. The green-colored states
are the goal states. The agent cannot transition to black-colored obstacle states. When

the agent attempts to move towards the obstacle states, it remains unmoved.

For both environments, the green-colored states represent the goal states. The agent

can transition to white-colored states. The black-colored states are the obstacle states



through which the agent can not pass. If the agent takes an action that leads to an ob-
stacle state, the agent remains unaffected (stays still). In the two-room environment
problem (which consists of 210 states), the agent starts interacting with the environ-
ment in any state of the left room randomly. Its objective is to reach the goal state
located at the bottom of the right room (depicted via green color) by passing through a
gateway that splits the two rooms. Similarly, in the four-room (consists of 441 states)
environment, the agent starts in any state of the left-hand rooms randomly and at-
tempts to reach the goal state located between right-hand rooms (depicted with green
color). Similar to SDD [3]], in both problems, the agent is exposed to an action noise,
which leads the agent to move in the intended direction with a chance of 90% (10%

chance of moving in any direction).

1.2 Proposed Methods and Models

The EMDD algorithm was proposed depending on the needs of the multi-instance
learning domain. We rule out its several steps and propose new techniques instead
in order to adapt it and leverage it as a subgoal identification method for RL tasks.
Firstly it requires multi-dimensional data to work with. Secondly, gradient ascent
is employed to maximize probability values. Since we are working with grid-world
problems, we need to eliminate the parts of the algorithm related to multi-dimensional
data. Gradient ascent is a costly operation in terms of calculations. So we have
dropped the gradient ascent steps and the maximizing instance is decided via individ-
ual score comparisons, as done similarly to SDD. The authors of the EMDD proposed
alternative calculation techniques for some parts of the algorithm. We regard these as
hyperparameters for our algorithm. As supported by our experiments, these alterna-
tive methods possess significant importance on the accuracy and speed performances
of the algorithm. Another important component of the EMDD algorithm is that it
picks its test instances (which will be used to obtain the critical state) from a relatively
small group of data bags. We alter this selection strategy by considering all instances
of the positive episode which has the fewest instances. Besides, we have also con-
sidered all positive bag instances for maximization similar to SDD. With elaborate

experiments, we have observed the effects of these alternative methods and strategies
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over both execution speed performance and subgoal identification accuracy. The ex-
periment results show us that our adapted subgoal identification method significantly
outperforms the SDD in terms of execution speed (3-10 times faster) by delivering

either better or similar subgoal identification quality.

1.3 Contributions and Novelties

This thesis adapts a well-known algorithm of multi-instance learning for identifying
subgoals in reinforcement learning problems. Some steps of the original algorithm

are revised to conform to RL problems. Contributions of our thesis are as follows:

e Our algorithm surpasses its predecessor in both execution time and accuracy in

identifying the subgoals in various test cases.

e Our algorithm is more resilient to large state-space sizes compared to its prede-

CESsSor.

e Our algorithm identifies the subgoals with a fewer number of episodes in tested

problems.

1.4 The Outline of the Thesis

This thesis attempts to attack the well-known subgoal identification problem in rein-
forcement learning tasks. We start with introducing reinforcement learning (RL) and
touching upon a well-known algorithm for solving RL problems. Then we make a
brief introduction about the options framework that enables RL algorithms to work
with abstract level actions. Before delving into some important subgoal methods in
the literature, we continue with the multi-instance learning paradigm, its character-
istics, algorithms used since later the ideas and assumptions made in multi-instance
learning are crucial for the related work section. Then we present the previous im-
portant studies that tackled the subgoal identification problem in the literature. We
emphasize the study that made use of the multi-instance learning paradigm for this

purpose since our work considers it as a base study. The detailed algorithm descrip-
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tion of the Expectation-Maximization Diverse Density is given also in that section.
After introducing all the necessary information, we present our algorithm EMDD-RL
by explaining the assumptions that it has made and giving the reasons why it has been
developed in that way in an elaborate manner. We then present experimental setups
and the results of the experiments conducted over the EMDD-RL and its predeces-
sor (SDD) to show how better the EMDD-RL performs against the other algorithm
in both speed and subgoal identification accuracy performances. The results and the
hyperparameters of the EMDD-RL are elaborated in that section as well. Finally, in
the last two chapters, we discuss our method’s impact, advantages, disadvantages,

possible usage areas in other fields and conclude our thesis.



CHAPTER 2

REINFORCEMENT LEARNING

2.1 Reinforcement Learning Paradigm

Reinforcement learning constitutes the third paradigm of the machine learning field
after supervised and unsupervised learning. The main objective of the paradigm is
to realize the learning on a trial and error basis. Different from the other learning
types, the problems of this paradigm require sequential decision making for the so-
lution, where multiple decisions must be made and the previous decisions affect the
outcomes of the future decisions directly. The programs (agents) are reinforced de-
pending on how they have behaved on a particular problem. The feedback signals
may be immediate or delayed. With those feedback signals, the agent improves its

behavior (decision, policy) in order to attain the goal objective of the problem.

In a more elaborate manner, the program interacts with the problem. It applies its
decision on the problem and observes the feedback signal. By repeating this inter-
action procedure many times, the agent (program) explores the problem domain and
develops the optimal decision sequence (optimal policy) in order to be able to solve
the problem. The problem to be solved must be adapted to conform to the needs of
this interaction procedure. It should be able to provide the required information for

the agent to learn.

The feedback signal can be defined to be a reward or cost for the decision. As there
are objection functions that are minimized or maximized in other paradigms, the ob-
jective function in reinforcement learning is to minimize expected accumulated loss
or maximize expected accumulated reward depending on the definition of the signal.

Since the signal received changes during decision making, it is threaded as a proba-

9



bility variable hence its average on a long period is considered. By considering the
maximum or minimum of the accumulated feedback signal, in fact, the program seeks
the "best" decision sequence (optimal policy) since the decision determines the value

of the reward or the cost.

Chess could be regarded as a good problem for the reinforcement learning paradigm.
It requires multiple decisions to be made one after another in order to defeat the
opponent. Each opponent assesses the current snapshot of the board and decides
which action to take. The current action taken is totally dependent on previous ones
since all previous decisions have led to the current situation of the board. An optimal
policy, sequential moves that result in defeating the opponent, requires to have made
the optimal move in every turn. A reinforcement learning agent that tackles Chess
needs to learn the optimal decision sequence for every possible game configuration.
The reinforcement signal for the agent could be loss or win status at the end of the

game.

2.2 Markov Decision Process

As other paradigms are based on mathematics, reinforcement learning is also built
upon a mathematical framework called Markov Decision Process (MDP) [12]. This
framework provides a mathematical description of the reinforcement learning prob-
lems. MDP is a 4-tuple (S, A, R, T)) where S is the set of states in which the agent can
reside, A is the set of available actions from which the agent can pick and apply in a
state, T : S x Ax .S — |0, 1] is the transition function that governs the transition prob-
ability from one state to another after a particular action is taken, R : Sx A — Ris the
reward function that outputs a numerical value indicating the benefit or loss amount
of the action taken in a particular state. The Markovian property stems from the fact
that the next state and reward value are determined by only the most recent state and
the action taken rather than the history of all state-action pairs (all past information
is infused in the current state.). Hence the agent makes a decision depending on the
current state. The agent observes its current state information (in Chess example, the
current status of the board) provided by the MDP and applies an available action on

the current state (a legal move for the current board state). The action applied leads

10



to a state transition on MDP (the current status of the board changes with a piece
moving to a new location), a reward value is obtained via the reward function (e.g.
at the end of the game, the agent is given a reward of +1 when it wins otherwise -1).
The agent receives the new state and reward information and realizes its learning task
by perpetuating interaction with the MDP. When the agent reaches its goal, it starts
from the beginning (when the current game is complete, a new game is initiated with
all pieces on their starting locations). The interaction of the agent between the initial
starting state and ending state of the MDP is coined as an episode. Episode history
consists of the current state, next state, current action, currently received reward at

each step of the agent.

The agent aims to maximize the accumulated reward on the episode. Since the ac-
tions taken are different from episode to episode during the learning stage, the reward
received is threaded as a probability variable and its average accumulated value is
sought over many episodes. More formally (E[> ", v'R;]) is maximized over time,
where 7 is the discounting factor. It governs the effect of the possible future rewards
at the current time step. When it is picked to be close to 1, the agent takes the future
reward into consideration during learning, on the other hand, if it is close to O the
future rewards are discarded and the agent solely depends on the immediate rewards
received. The action sequence that delivers the highest expected accumulated reward
is the optimal policy of the agent. After extracting the optimal policy during learning,

the agent can apply this policy to every new episode of the problem.

The reward value provided can be immediate or delayed (can be regarded as a special
case of immediate where cost or reward of O is given). With the immediate reward
function, the agent is provided with a numerical value at every MDP step. Delayed
rewards are provided after a specific number of steps or at the end of the episode (as
given in the Chess game). The agent can discern which action has resulted in loss or
benefit via immediate feedback whereas it becomes quite difficult to find out which
intermediate action or actions have been responsible for the success or the loss via
scarce reward. This problem is coined as credit assignment problem and the learning
mechanism for the agent should be able to obtain the required policy even on the tasks

that exhibit this type of problem.
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Since the MDP’s state and action components are sets, they can be continuous or
discrete. Besides, the individual elements of these sets could be multi-dimensional
as well. In a continuous set, each element has a continuous numerical value and the
size of the set is infinite whereas in the discrete case, elements are assigned to one of
the finite values. Multidimensional element has more than one component and can be
represented via vector notation. As a good example of continuous multidimensional
state space, Mountain Car (Moore90) problem can be given. The state of the problem
is represented via 2-D continuous components: location of the car (range of -1.2 to
0.6), speed of the car (range of -0.07 to 0.07). For discrete multidimensional state
space, the Chess game could be considered. The board can be represented via a 64-
dimensional vector each component of which stores the piece information (which
piece exists on this location, finite values) on the corresponding location. As regards
the action set, controlling the 6-DOF (degrees of freedom) robot arm requires a 6-
dimensional continuous action vector. Values can be the numerical force amount to
be exerted on each actuator of the arm. Similarly, a stock market problem might
require a multidimensional discrete action vector where each dimension corresponds

to a specific share and the value on this dimension specifies the sell or buy transaction.

Throughout this thesis, we consider MDPs with finite, 1-dimensional discrete state

and action sets.

2.2.1 Optimal Policy Learning

All learning methods for the MDP basically leverage the accumulated expected re-
ward/cost sum and minimize or maximize the value. In order to demonstrate the
relation between the reward/cost and the policy better, we need to elaborate the ex-
pected sum with policy and initial state since the MDP starts with an initial state and
follows a sequence of actions (policy). We define accumulated sum as J,, ,.(so) =
E[>"] v'c(st, ar)] where c(s;, a;) the reward/cost incurred due to the action taken by
a; in state s;, 7 is the policy (7 = {ag, a1, a9, as...}) and the state transition se-
quence of the MDP is s, s1, S, S3, ... . Further we can decompose the .J as follows:
Jro e (50) = Elc(s0, a0)|so] + VE[D,_; ¥ (s, ar)|sol, equivalently Jr, .. (so) =

Elc(so, a0)|so] + YE[Jr,_,(51)]s0]. When we keep expanding the cost value, we can
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observe a general recursive dependence on cost/reward values .J;, .(s;) = E[c(sy, az)]+
YE[Jx,, 1+ (5t41)|5¢]. Hence whole decision sequence can be split and examined in-
dividually and the cost/reward value can be calculated recursively. It can easily be
recognized that by calculating the cost in this way, in fact we keep track of the state’s

individual costs. The J function stores the expected future cost of the states.

Intuitively, in order to attain the optimal policy, we might pick the action that incurs
the least amount of the expected cost in every step of the decision making. This
strategy was shown to be optimal and to deliver the least accumulated cost irrespec-
tive of the initial starting state (Bellman optimality principle) [13]]. Formally, it can
be represented as Jr, .(s;) = min, {c(s;, ar = a;) + YE[Jr, ,r(Si41)]s]}. The
first part of the expression is the received reward and the second part is the expected
cost value of the next state. we can expand the second term as E[J;,, (si41)|s:] =
Yw Iror(Se41 = ) P(s¢41 = ws¢), where P(s;11]s;) is the probability of one of
the next states for the given current state s;. From the definition of the MDP we know
that probability of next state depends on the current state and the action and given by
the transfer function 7'(s¢41]s¢, a;). After placing and performing the required prob-
ability calculations we get E[Jx,,, (si41)|8d] = DD 0 Imiior(8e41 = )T (8441 =
x|sy, ap = a)P(sy,a; = a). Since we seek the action incurring the least amount of
cost, in the expectation calculation step we need to look a single action. Hence overall

update rule turns out to be:

Jrip(80) = ming {c(sp, ar = ) + 732, Jrpyor(s041 = )T (80401 = T8y, a0 = a) Pay = ags,) }

This equation is coined as Bellman optimality equation. It consists of a system of

equations and the solution of the system yields the optimal policy for the MDP.

Depending on the information available to the MDP solver (agent), solution methods
can be categorized into two: model-based, model-free methods. If the agent is granted
with the state transition and reward functions directly, it can employ Value Iteration or
Policy Iteration algorithms on the given MDP. Since the agent knows all information
contained in MDP it can solve the MDP without interacting with it (offline learning).
Both methods employ the Bellman optimality equation and approach it from similar

perspectives. Their convergence guarantees are provided as well.

In the case that the agent lacks the transition and the reward function knowledge, three
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other algorithms that approximate the Value-Iteration and Policy Iteration algorithms
were proposed: Temporal difference learning [14], Q-learning [2l], Sarsa Learning
[15]. These algorithms gather information by interacting with the MDP (online learn-
ing). Convergence properties of these algorithms are guaranteed on the condition that
a sufficient number of interactions with the MDP are provided. Transition functions
of most of the real-world problems can not be known in advance. Hence these algo-
rithms are well suited for real-world problems since they do not involve the transition

function directly in their calculations.

All methods can be gathered under the name of Dynamic Programming (Bellman)
methods since each method divides the whole problem into sub-problems and attempt
to solve the whole problem by dealing with sub-problems, which is thanks to the

recursive nature of the Bellman optimality equation.

The Policy Iteration algorithm consists of two main stages: policy evaluation, policy
improvement. The algorithm forms a policy randomly by picking one action available
in every state. Then the algorithm calculates the accumulated cost value of every
state with its current policy. After obtaining the cost values, in its second stage, the
algorithm amends the current policy in a such way that the updated policy attains
better cost value. Then these two stages are followed till the current policy doesn’t
change any longer. The policy evaluation is implemented via the update rule:

Jror (5t) = (51, ar) + 7 Z Jm+1—>T<3t+1 = 2)T (8441 = |5, a¢) Pay|sy)

T

The improvement of the current policy is implemented as:

7y = argming {c(se, ar = a) + 7>, Jrp—1r(5e41 = )T (541 = @[St ap = a) Pay = agfsy)}

The Value Iteration algorithm fuses the two stages of the Policy Iteration into one.
While calculating the state cost values, the algorithm considers the best action on ev-
ery state. The value update operation needs to be repeated till the difference between
previous and current state values drops below a predefined threshold value. The up-
date rule of the algorithm is the same as the Bellman optimality equation, the policy
can be extracted similar to the policy improvement step of the Policy Iteration or the
agent can allocate a separate memory for the policy and keep changes on this memory

without consulting the values of states.
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Temporal Difference learning, on the other hand, totally depends on the interaction
with MDP. Each action yields a new sample for learning. By obtaining sufficiently
many samples we can approximate Jr, .. (s:) = Elc(ss, ar)|se] +VE[Jr, 0 (Se41) |54
with Robbins-Monro stochastic approximation [[16] which delivers us the following

update rule:

I (5t> = (1 - a)quwent(St) + Of(C(Sta Clt) + WJWHHT(StH))

Tt—T Tt—T

where « is the learning rate for the update amount, J“""*" 