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NEPIAHWYH

H Texvnt Nonpoouvn artificial intelligence (Al) gival éva onuavTiko PEPOG TNG TETAPTNG
Blouynxavikig emmavacTacng Kal UtTTOoXeTal va aAAAgel dpauaTikGd 1N Jwr MOG,
avoAauBAavovTag KOUPAoTIKEG I ETTIKIVOUVEG pyaadieg yIa EPAg. QOTOCO, TTPETTEI VA YiVEl
akOua TTOAAr, douAeld. Mia atroTeAeopaTik ovioTNTA TEXVNTHS vonuoouvng TTou Ba
eKTEAEOEI OUOKOAEG €pyaries, TTou POVOo évag AvOpwITOG UTTOPEI, €ival akOpa Pakpid.
‘ET01, KaTaBAAAOVTal CUVEXEIG TTPOOTTABEIES yIa Trn dnIoupyia ETTITUXNUEVWY OVTOTHTWY
Al. Ze autf Tn diadikaoia Ta BivreoTraixvidla gival éva onUAvTiKO TTeEdio dOKIYWY, Eival
epyacieg 1mou TrePINAPBAvouV ekuAONon Kal CUAANOYIOUO yia €vvoleG o€ TTOAAQTTAG
ETTITTEdA APAipEONG, £vav TOPED GTOV OTTOIO N TEXVNTH VONUOOUVN UCTEPEI O€ OXEON PE
TNV avBpwTivn. INa 10 Adyo autd, ol aAydpiBuol TEXVNTAS VONUOOUVNG TTOU KATAPEPVOUV
va Traigouv €va traixvidl o€ avBpwtrivo eTTiTedo BewpouvTtal emTuxia Kal éva BAPa
MTTPOOTA yia ToV KAGSO.

MeTagu Twv TOPEWV TNG TEXVNTAG vonuoouvng, n Evioxutikp Mabnon Reinforcement
Learning (RL) xpnolyoTroIEiTal CUXVOTEPQ YIA TNV EKTTAIOEUON €VOG UTTOAOYIOTH, TTOU
ouvnBwg ovouddleTal TTPpAkTopag (agent), oto TMWGS va Traidel Pivreotraixvidia. Auti n
katnyopia Al eival 1o otoxeupévn ammd TIG AAAEG, ouykekpiyéva n RL Bacifetal otnv
aAAnAetTidpaon pe éva aBERaio TTeEPIBAAAOV yia Tnv eTTiTEUEN EvOG TEAIKOU OTOXOU, MIO
OUMTTEPIPOPA TTOU TaIPIAZEl JE auTh evOG avBpwTTou TTou TTPOCTTaBEl va Traitel €va
TTauyvidl. Ta TeAeuTaia Xpovia, €vag TTPAKTOPAG TTOU eKTTAIOEUTNKE PE aAydpiBuoug RL
xpnoigotrolwvtag Babid veupwvika Odiktua, deep neural networks (DNN), yia Tnv
TTPOCEYYION TWV CUVAPTACEWY TTOU XPNOIUOTTOIE, JTTOPECE Va TTaiel o€ IKAvOTToINTIKO
BaBud oxetikd ammAd maixvidia TG kovoohag ATARI2600 [1], avoiyovtag 1o dpduo yia
TOUg TTPAKTOPEG Al £€T01 WOTE VA KATAPEPOUV VA TTAICOUV AKOUA TTIO TTEPITTAOKA TTaIXVidIAL.

2TnVv TTapouca epyacia, éva rogue-like traixvidl dnuioupyeital yia va Xpnolueloel ws Baon
OOKIHWV YIa évav aAyopiBuo RL Tou ouvouddlel TTpOCQATEG TTPONYMEVES TEXVIKEG, OTTWG
N aoulyxpovn eKTTaidEUCn PE XPON TTOAUETTEEEPYAOTH, OUVEANIKTIKA VEUPWVIKA diKTuq,
convolutional neural networks (CNN), kai dikTua Jakpdag Bpaxuxpovng uviung long short-
term Memory (LSTM). ETtiong €yive xprion Kail KATTOI0V HOVABIKWY TEXVIKWYV. OI TEXVIKEG
a@OPOUV OTNV XPNON TWV YPATITWY PUVAMATWY TOU TTaIXVIOIOU Kal TG KATAYPAPAS TNG
KaraoTaong Tou Apwa Tou Traixvidlou w¢ €100doug ota DNNs. O1 TeEXVIKEG QUTEQ
EMAEXOBNKav AOYo TNG onuaaciag TTou £XOUV AUTEG 01 TTANPOPOPIES YIa évav AvBpwTTO TTOU
TTpooTTadei va Traiel 1o TTaIxVidl NG SIMTAwMATIKAG. O TUTTOC TTaIXVIOIoU rogue-like
EMAEYETAI AOYW TNG BUCKOAIAG TOU, TTOU OQEIAETAI OTNV EAAEIYN VTETEPUIVIOUOU (KABE O€T
TTaIXVIBIOU dnUIoUPYEITAI TUXaia), OTAV avAayKn XPHong XPOVIKA EKTETAUEVWY OTPATNYIKWY
Kal OTNV PEPIKA avattapdoTaon TNG KATaoTaonG TOU OTOV TTAIKTN.

2T0 TTPWTO KEPAAaIO TNG OITTAWMOTIKAG €pyaciag, Ba yivel yia ouvToun avagopd oTa
rogue-like TTaixvidia Kol CUYKEKPIUEVA O€ QUTO TTOU XPNOIMOTTOIEITAlI OTNV £pyaacia, Evw
akoAouBei pia eicaywyr oto RL kal pia ouvtoun mrepiypagr Twv DNNSs, divovTag éugacn
oTa OiKTua TTOU XPNOIYOTIOIOUVTAl OTn OIMAWMATIKA. ZT0 OeUTEPO KEPAAaio, Ba
TTapoucoiacTei  n uhomoinon  Tou  aAyopiBpou RL  TTOU  XpnoldoTIOIEiTAl,
oupTTEPIAaPBavouévnNG TNG QPXITEKTOVIKAG Tou OIKTUOU. Oa 00B8ei Trepaitépw Mia
OUAAOYIOTIKA) WG TTPOG TO TTOIEG TEXVIKEG XPNOIUOTTOIOUVTAIl YIA TNV QVTIMETWITION TWV
TTPOKANCEWV €vOG rogue-like traixvidiol. Z1o TpiTO KEQAAalo, Ba TTapouciacTouv Kal Ba
agloAoynBouv Ta atmoTeAéoPaTa TNG EKTTAIOEUONG €VOC TTPAKTOPA XPNOIHMOTTOIWVTAG TIG
TEXVIKEG TTOU TTEPIYPAPOVTAl OTO OEUTEPO KEPAAQIO. To TeAeuTaio Ke@AAalo TTeEpIAAPBAVEI
TA OUUTTEPACHATA TTOU TTPOKUTITOUV ATTO TN OITTAWMATIKI EQYOCIA KOl MEPIKEG VEOTEPES
TEXVIKEG TTOU QaivovTal TTOAAG UTTOOXOMNEVEG Kal UTTOPOUV va onBricouv aTtn BeATiwon
TNG ATTOOOONG TWV MEAAOVTIKWYV TTPOKTOPWYV RL OTO TTaIXVidI TNG OITTAWMOTIKAG.

OEMATIKH MNMEPIOXH: EvioxuTikii Maénon




AEZEIZX KAEIAIA: evioxuTikp paBnon TOANITIKAG, aouyxpovn EeVIOXUTIK pdaénon,
BeATioTOTTOINON, OUVEAIKTIKG VeUpwVIKA OikTud, OiKTUO MAKPAG
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ABSTRACT

Artificial Intelligence (Al) is an important part of the fourth industrial revolution, and it
promises to dramatically change our lives by taking over tedious or dangerous tasks for
us. Although, a lot of work still needs to be done. An effective artificial intelligence entity
that will perform difficult tasks, which only a human can, is still far away. Thus, continuous
efforts are being made to create successful Al entities. In this process, video games are
an important testing ground, since they are tasks that involve learning and reasoning
about concepts over multiple levels of abstraction, an area in which artificial intelligence
lags behind human intelligence. For this reason, Al algorithms that manage to play a
game at a human level are considered a success and a step forward in the industry.

Among the fields of artificial intelligence, Reinforcement Learning (RL) is most often used
to train a computer, usually called an agent, how to play video games. This category of
Al is more goal directed than the others, specifically, the RL is based on interacting with
an uncertain environment and achieving a final goal, a behavior that matches a human
trying to play a game. In recent years, an agent trained with RL algorithms using deep
neural networks (DNN) to approximate functions, was able to play relatively simple
ATARI2600 games at a human level [1] paving the way for Al agents to master more
complex games.

In this thesis, a Rogue-like game is created to serve as a testbed for an RL algorithm that
combines recent advanced techniques such as, asynchronous training using
multiprocessors, convolutional neural networks (CNNs), and long-short-term memory
(LSTM) networks. Also, some unique techniques were used. The techniques are the use
of the game hero status information and the game text messages as inputs to the DNNs.
This choice was made because of the importance of this information to a human playing
the game. The Rogue-like type of game is chosen because of its difficulty stemming from
their lack of determinism (each game set is randomly generated), the need for time-
extended strategies, and the partial representation of their state to the player.

The first chapter of the thesis will introduce the rogue-like games and specifically the one
used in the thesis, followed by an introduction to RL and a brief description of DNNSs,
emphasizing the networks used in the thesis. The second chapter will present the
implementation of the RL algorithm used including the network architecture. A reasoning
will be further given as to what techniques are used to address the challenges of a rogue-
like game. In the third chapter, the results of the training of an agent using the techniques,
described in chapter two, will be presented and evaluated. The final chapter will include
the conclusions drawn from the thesis and some newer techniques that look promising
and can help improve the performance of future RL agents in the thesis game.

SUBJECT AREA: Reinforcement Learning

KEYWORDS: policy gradient, asynchronous reinforcement learning, optimization,

convolutional neural networks, long short-term memory network
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Reinforcement Learning for Rogue-like Games

1. INTRODUCTION

1.1 Description of Rogue-like games

Even though the name of the genre came from the game Rogue, which was developed
during the 1980 by Michael Toy and Glenn Wichman with the contribution of Ken Arnold,
the first game of this kind is considered the Beneath Apple Manor developed by Don
Worth for the Apple Il and published by the Software Factory in 1978.

The rogue like games is a subgenre of the Role-Playing Games (RPG). Main
characteristic of the RPG is that the player assumes the role of a character in a fictional
setting. The rogue-like game narrative is inspired from tabletop role playing games such
as Dungeons & Dragons. The main features that characterize a game as rogue-like are:

Dungeon Crawl: The hero of the game navigates thru a labyrinth environment (the
environment can be caves, castles, forests etc.) confronting monsters, avoiding traps,
solving puzzles, and looting treasures. The game ends with the hero finding a precious
item (like the Amulet of Yendor in Rogue) or kill a specific enemy.

Procedural Generated Levels: The levels are created randomly through procedural
generation.

Permanent Death: If the hero dies any progress in the game is lost. There isn’t any save
function.

Turn based action: The hero actions work as the game clock. The environment waits
the hero to move and only then the world moves forward.

The Classic rogue-like games were based on text/console interfaces, where players,
opponents, objects, walls, etc. are represented by letters/ASCIl characters (graphics
were introduced much later and at the beginning it was simply a direct "translation” of
ASCII characters into sprites).

1.1.1 Description of the game used in the thesis

The game’s name is “The ring of the Wizard Werdna”. The game is written in python, and
it is used as the game environment that the agent, on this thesis, tries to learn to play.

1.1.1.1 Scope of the game

Main goal of the game is the hero to find the ring of the Wizard Werdna. To achieve this
the hero searches a cave complex. Each cave is inhabited by hostile creatures ready to
attack our hero. The ring is located at the tenth and final cave.

1.1.1.2 Environment of the Game

The environment of the game consists of caves, each cave is a 2d space of tiles. The
tiles occupy 12x12 pixels on the screen and can be floor type (where the hero and the
enemies can walk), wall type or stair type. The stair type tile is the entrance for the next
cave. The color for each tile is red for the floor, black for the wall and pink for the stair.
Each cave is randomly created every time the hero enters in it. The procedure used is a
simple (in implementation) algorithm for creating dungeons of a rogue-like game. The
algorithm name is “random-walk”, and it has been used in many rogue-like games. The
way it works is the following, let assume that the cave consists of an N x M grid of tiles
and all the tiles are characterized as walls. Then a percentage of tiles that will be the floor
is set, the algorithm starts from a random point and performs a random walk
characterizing each grid it “steps” as floor until, the desired percentage is reached. An
example of a cave depiction can be seen in Figure 1: A cave consist of 8060 tiles with
46% Floor percentage.

I. Simakos 12
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Figure 1: A cave consist of 80x60 tiles with 46% Floor percentage.

1.1.1.3 Hero of the game

For the hero of the game the player can choose between two types of characters warrior
and wizard. The hero character is chosen at the first screen of the game by pressing 1
for the warrior type and 2 for the wizard. A screenshot of the introduction screen is given

in Figure 2.

Figure 2: The ring of the Wizard Werdna, introduction screen

The player can choose their hero's name by typing the desired name on the second
screen of the game and pressing enter. Figure 3 shows the second screen of the game.

I. Simakos 13
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Figure 3: The ring of the Wizard Werdna, name selection screen.

1.1.1.3.1 Hero Representation

The hero in the game is shown as a blue square, as can be, for example, seen in Figure
4.

Figure 4:Hero Depiction

1.1.1.3.2 Hero Visibility

The hero can see all tiles, tile types, items and enemies that are within distance of 6 map
tiles. For the tiles that are outside this range there are two visibility categories, the
“‘“UNKNOWN” which means that the hero has not visited the region yet and doesn’t know
anything for this tile and the “FOGGY” which means the hero has visited the tile and
knows if it is a wall, stair or floor and if the tile has any item (the enemies are invisible in
this case). Figure 5 depicts a typical game screen after the hero has explored part of the
map.

I. Simakos 14
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.3; Wizard Werdna Ring - X

Figure 5: A depiction of the game after some movements of the hero is given above. The bright
red for the tiles means that are inside the hero's visibility and the les opaque red means that the
tiles visibility type is fogged.

1.1.1.3.3 Hero Actions (Gameplay)

The type of actions the hero can perform are presented below. Keep in mind that only
after the action of the hero the environment of the game reacts, in simple words first the
hero performs an action and in response the environment moves.

Hero basic movements: The player can move the hero in the four directions using the
keys w to move up, a to move left, s to move down and d to move right. For each
movement the hero moves for one tile in the map/cave. Every time the hero moves there
is a possibility that an enemy will be placed on the map. The probability comes from the
formula p,/emax-hero_hp/hero_hv \yhere p, is between 0.1 and 0.25

Attack: Attack is performed by pressing the SPACE button. Each type of hero performs
different type of attack. The Warrior uses sword as weapon and only attacks if the enemy
is on the next tile, if there is more than one enemy nearby, the hero attacks the one with
the least hp. The wizard uses the staff as weapon and use spells to attack. Because of
this, the wizard attacks any visible enemy and if there is more than one enemy, attack
priority is range, then enemy hp. Each time the wizard attacks 5 mana points is consumed.
The damage done by the hero depends on his/her level and the weapon the hero
possesses. The attribute that characterizes the damage the hero can do is strength for
the warrior and intelligence for the wizard.

Rest: When the r key is pressed both hero types gain 4 HP. The wizard type hero also
gains 4MP. When the hero is resting, there is a 25% chance that an enemy will be placed
on the map. To increase the game difficulty, when the hero has seen the stair and the
distance to the stairs is less than 35 tiles the rest function cannot be used.

Health Potion Consumption: The player can press the h button and the hero will
consume one Health Potion and gain up to 20 HP.

Mana potion Consumption: The player can press the m button and the hero will
consume one Mana Potion and gain up to 20 MP. The Mana potion can only be acquired
by the wizard hero type.

I. Simakos 15
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Changing weapons: When the player moves to a tile that has a weapon, the hero can
select that weapon by pressing the p key. The sword weapon that the warrior can acquire
adds two boosts, one to the maximum HP the hero can have and one to the hero's
strength. The staff is the weapon the wizard can acquire and adds three boosts, one each
to max HP, max MP, and intelligence.

1.1.1.3.4 Hero Level

The hero starts at level 1 and may reach up to level 5 (if he/her survives long enough).
Each level determines the maximum HP for both hero types, maximum MP and
intelligence for the wizard type, and strength for the watrrior type. To level up, the hero
collects XP by killing enemies The following tables show the level of the hero and the
corresponding XP required for each level and the attributes that the hero has at each
level. Level also determines the enemies the hero will encounter and weapon bonuses.

Table 1: Warrior level and corresponding attributes

Level | XP HP Strength
1 0-299 30 10
2 300-899 60 20
3 900-2699 80 25
4 2700 -6499 |90 30
5 6500 - 13999 | 100 | 35

Table 2: Wizard level and corresponding attributes

Level | XP HP | MP | Intelligence
1 0-299 20 |30 10
2 300-899 40 | 50 20
3 900-2699 50 |70 30
4 2700-6499 |55 |90 40
5 6500 -13999 | 60 | 110 |50

1.1.1.4 Enemies of the game

Enemies in the game spawn during the hero's movement and when he/she is resting. The
type of enemy depends on the level of the hero. Enemies have specific visibility, HP,
strength, and XP. When killed they give their XP to the hero. They stand still until the hero
is in their line of sight, then move towards the hero trying to close the distance and finally
attack and reduce the hero's hit points by the amount of power they have. A table with
the name of the enemy, the corresponding level the hero must have for that enemy to
spawn, how it is shown in-game, and its characteristics are given below. Figure 6 gives
an example of how enemies are depicted in the game.

I. Simakos 16
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Table 3: Enemies of the Game

Hero Enemy HP | Strength | XP Visibility Depiction
Level name
1-2 Giant Rat 5 2 30 4 Gray
Square
1-3 Goblin 15 5 50 7 Yellow
Circle
3-4 Gray Slime | 30 8 80 2 White
Square
4-5 Orc Grunt 40 10 100 6 Green
Square
3-5 Orc Warlord | 50 12 120 7 Dark
Green
Square
4-5 Ettin 60 20 150 9 Dark Grey
Circle
3-5 Skeleton 20 30 100 4 White
Rectangle
5 Wyrm 80 20 200 5 Magenta
Square
5 Vampire 50 30 400 10 Black
Circle

I. Simakos

Figure 6: Enemy rendering example (a giant rat and a Goblin)
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1.1.1.5 Items of the game

In the game, tiles can have items stored on them, the two main item categories are potions
and weapons. There is also a special item the ring of the Wizard Werdna, which will be
detailed below.

1.1.1.5.1 Potions

Potions are used to restore the hero's HP and MP. The health potion restores the hero's
HP up to 20 HP. The mana potion is only used by a wizard type hero and restores the
hero's MP up to 20 MP. Potions are acquired by the hero automatically when he/she
passes a tile on which they are stored. The maximum number of potions a hero can have
is 30 potions.

1.1.1.5.2 Weapons

There are two types of weapons in the game, the sword and the staff. The sword can be
wielded by a warrior and the staff by a wizard type of hero. Each weapon enhances
specific characteristics of the Hero. The weapon and the total boost it provides depends
on the hero's level when the weapon is created. The total boost is split between the
attributes of the weapon randomly. The table below gives the hero level and the
corresponding total boost.

Table 4: Weapon total boost per Hero level

Hero Level | Total Boost
1 10
2 20
3 30
4 40
5 60

1.1.1.5.2.1 Sword

The sword provides a boost to the maximum HP a warrior can have and boosts the hero's
strength and thus the damage he/she can deal.

1.1.1.5.2.2 Staff

The staff boosts the maximum HP and MP a wizard can have and boosts the hero's
intelligence and thus the damage she/he can deal.

1.1.1.5.2.3 The ring of the Wizard Werdna

This is a special item. It is the item for which our hero begins his adventure. When the
item is found and picked by the hero the game ends. The depiction of the ring is the same
with the stairs (a pink tile).
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1.1.1.5.3 Depiction of objects

Items are shown as a small square at the corner of the tile they are stored on. The potion
types are shown in the upper right corner of the tile and the color is blue for the health
potion and yellow for the mana potion. Weapons are depicted in the upper left corner with
one color (yellow) for both. An illustration of the game items is given in Figure 7.

Figure 7: Health potion illustration (left), Mana potion illustration (center) weapon illustration
(right)

1.1.1.6 Hero Status

Hero status is displayed in the upper right corner of the game screen outside of the map
display. The information presented is the hero's type, name, HP, MP, his/her weapon
name, warrior strength or wizard intelligence, damage the hero can deal (hero's strength
or intelligence plus the boost from the weapon held), the potions the hero has, the hero's
level and finally his/her current experience. Figure 8 illustrates an example of the hero
status.

— X

Figure 8: Hero Status

1.1.1.7 Game log

The game log is displayed in the lower left corner of the screen below the map screen
and prints the last 5 game messages. The messages are related to various aspects of
the game, such as the spawn location of an enemy relative to the hero's location, HP/MP
restored after using a potion, the name of the weapon and its boosts, etc. Figure 9
illustrates an example of the game log.
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Figure 9: An example of the game log

1.2 Introduction to Artificial Intelligence with focus on Reinforcement Learning.

The term Al refers to the ability of a computer or computer-controlled robot to perform
tasks that usually are done by humans or other intelligent beings. The field through which
a computer learns how to perform tasks that require intelligence without human
assistance is called Machine Learning (ML). There are many examples of ML algorithms
that are very successful in performing competitive tasks (and sometimes surpassing
human performance), such text classification, word prediction, voice and face recognition,
play Atari games at human-level [1] and even beat human champions at the game of Go

[2].
1.2.1 Machine Learning categories

ML is categorized in four main categories Supervised Learning, Unsupervised learning,
Semi-Supervised learning, and Reinforcement Learning [3].

1.2.1.1 Supervised Learning

Supervised Learning is used mostly on classification problems like text classification,
voice and face recognition etc. A simple example will be used for the understanding of
this category. Suppose our goal is to build a model that will take a record of three values,
petal length, petal width, and color, and classify that record into a flower class. The model
training will be based on records that have already been labeled as a specific flower. The
records will be divided on training and test data. The training data will then be used to
train the model. The training process starts with the model taking as input the values of a
record and making a prediction about the flower class, if the prediction is different from
the label the record has, the model will be modified, and the process repeated until the
model predicts the classes of the training data records with high accuracy. At the end the
test data will be used to evaluate the model. Using data that has already been labeled by
humans is why this class of ML gets the name supervised.

1.2.1.2 Unsupervised Learning

In Unsupervised Learning the data is unlabeled. The goal of this category of algorithm is
to train a model to take, as input, a record with x number of values and output either a
record with a different number of values or a single value that can be used to solve a
specific problem. For example, in clustering the model takes as input the values of a
record and returns the identity of the cluster to which the records belong, the cluster
categories are created during the training based on the similarities of the records and
not by human intervention. One application of clustering is in sampling, where it can
help the researcher have a smaller and more efficient sample. We can use
unsupervised learning to automatically divide the data into different groups and
intelligently sample from these groups, avoiding large sample from the general
population and thus entries with similar values and biased sample.

Another area where unsupervised learning can be used is dimensionality reduction of
the features of elements, this technique can be used to make data easier to present,
specifically if the researcher has data with records of more than three values, in which
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case the values cannot be graphically presented, unsupervised learning can be used
to reduce dimensionality and make graphs feasible.

Outlier detection is another area where unsupervised learning can be used. This
technique can be applied to network intrusion problem, helping to detect abnormal
packets, and the discovery of unique records, like the discovery of a document that is
different from a collection of documents. The way Unsupervised Learning helps in
these fields is by building models that can output a value that says how different a
record is from the set of data.

1.2.1.3 Reinforcement Learning

This category of algorithms is based on an interaction between an agent and an
environment. Usually, and as is in our case, the agent is software running on a computer,
observes the state of the environment, and takes actions, the actions cause changes in
the environment and bring rewards for the agent. The scope of the algorithm is to develop
an optimal policy, a function that will take the environmental states and output actions
that will yield the maximum reward in the long run.

This class of algorithms is the one that will be used for this thesis, so further analysis will
be presented in the next paragraphs.

1.2.1.4 Semi-Supervised learning

This category of algorithms is based on a training of a model with the usage of a small
set of labeled data and a much larger set of unlabeled data. The objective of the technique
remains the same as supervised learning, but unlabeled data is used to improve model
performance.

1.2.2 Reinforcement Learning

A key difference of RL with the other ML techniques is that RL is more goal directed than
them. The other techniqgues are most often used to solve subproblems without
considering how these efforts will help and fit into the solution of a larger problem. RL is
based on interacting with an uncertain environment and achieving a final goal.

1.2.2.1 RL Characteristics

The key characteristics of the RL are an agent, an environment, a policy, a reward, a
value function, and a model of the environment (the latter is optional). Definition of these
characteristics is given below:

The agent as already mentioned is the Al model we are trying to train.

Environment is the space in which the agent moves. In general, as environment we
characterize everything outside the agent. The agent cannot control the environment,
although the agent interacts with it and cause changes to it, in simple words the agent
observes the environment state and takes actions that cause changes in the environment
and yield rewards for the agent. The mathematical framework of this interaction is based
on the Markov Decision Process (MDP).

Policy is the function that will map the state of the environment detected by the agent to
the appropriate action to maximize rewards in the long run.

Reward is the only value on which training is based. The agent's goal is to maximize the
reward in the long run. Thus, the reward drives the training of the agent. For example, if
an agent observes a state and takes an action that yields a poor reward it may cause the
agent to choose differently the next time it faces the same state.
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The value function determines the value of a state. By this we mean the rewards that
the agent will yield starting from this state and follow a specific policy. Taking this into
account, the value function affects the agent's long-term effort more than the reward, and
for this reason we are more interested in the value function.

The environment model is used in some cases of RL. This characteristic is used when
we have complete knowledge of the environment or when we want to simulate the
environment. For the first case, an example of a task with a known environment is the
game of chess, all states and actions are known, and a model of the environment can be
used to plan the agent's next actions. For the second case the model is used to simulate
the environment behavior, usually this is very helpful when the trial-and-error approach
can have disastrous results or is economical inefficient, consider the training of an agent
learning to land a spacecraft on the moon. On the other hand, there are cases where the
agent simply learns through actual experience with the environment. Thus, we end up
with two main categories of RL algorithms, model-based and model-free.

There are two more basic characteristics the exploration and the exploitation which will
be understood easier after the following paragraph. Definition of the exploration and
exploitation will be given in paragraph 1.2.2.3.1.

1.2.2.2 Basic Mathematical formulation of RL

As we already know the RL concept is based on finite MDPs. The basic mathematical
formulation as described here applies to model-based RL algorithms, although with some
changes the same framework is used when the exact model of the environment is not
known, details for these cases will be discussed in the following paragraphs. A well-known
algorithm class which is model-based RL is Dynamic Programming DP and is the class
that will be used for the explanation of how a policy is evaluated and improved. These
types of algorithms assume a perfect model of the environment and are computationally
expensive.

Figure 10 depicts the agent-environment interaction in a Markov decision process.

-

™ Agent II
state reward action
S R, A,
Rz+1 é
-— .
Sty Environment ]4—

.

Figure 10: The agent—environment interaction in a Markov decision process. [4]

The agent and the environment interact at discrete time steps. Specifically, the agent
observes at each time step a state of the environment denoted by S;, then performs an
action A; and a R,,,; reward is returned. Due to the agent's action the environment
transitions to a new state S;,,; and the process continues creating a sequence of states,
actions and rewards.

In the case of the finite MDP the transition to the R,,; and the new state S, is decided
by a well-defined discrete probability distribution, which is affected only by the preceding
state S; and action A;. The probability is a four-value function

D: (Ser1Res1l Se Ae) = [0,1] (1.1)
which for each S; and A; couple holds
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ZsHl ZRHl P(Se+1Res1l St Ap) =1 (1.2)
1.2.2.2.1 Expected return

Note that the agent each time performs the action A, seeking to maximize the sequence
of rewards. The term is called expected return and the simplest form is defined as

Gt = Rey1+ Revo + Reyz + Reyq o Ry (1.3)

Where T is the last time step. As a final time step, we can define the end of an episode if
the task the agent is trying to solve can be separated into discrete episodes, or infinity if
the task continues for ever. An example of a task that has episodes is a video game, the
episode ends when the player loses or wins the game, and an example of a task that
never ends is operating a robot.

For tasks that continue for many steps or take forever, it is obvious that the expected
return will deviate to large or infinite values for each state of the environment, making it
impossible for the agent to choose the action that will yield the most rewards in the long
run. For this reason, the concept of discounted return is introduced. Discounted return is
defined as

Ge = Rey1 + YResz + V?Rew3s + V3Riia . ¥V T 'Ry = X0V Resisn (1.4)

and parameter y is a value between 0 and 1 and is called discount rate. The discounted
reward converges, even for infinite T, to a finite value if the reward sequence is bounded.

The relationship between successive discounted rewards is used very often in RL
algorithms, so a definition will be given:

Gt = Rey1 +YReva + V*Rewz + V3 Reya v 'Ry
Gt = Rey1 + Y(Reya + YRew3 + V?*Regs . YT 2Ry)
Ge = Rep1 +VGriq (1.5)

1.2.2.2.2 Bellman Equation (value and action-value function)

The scope of RL algorithms is to define a policy that will derive the maximum rewards in
the long run. A policy is the function that maps the states of an environment into
probabilities for the agent to choose each possible action. For example, if an agent follows
the policy & at specific time t the probability of observing the state s and take the action
a is define as m(als).

For a state s the value function under policy r is the expected return if the agent starts
from state s and follows m thereafter. The value function for policy = is denoted as u,, and
for MDPs is defined as

Un(s) = Ex[G¢|St = 5] = Ex[Xi_oV*Resks11Se = s] forall's (1.6)

The E,[.] denotes the expected value of random variable, given that the agent follows a
policy , and t denotes any time step. u,(s) is called the value function for policy 7.

In the same way the action-value function is the expected return if the agent starts from
state s performs the action a and then follows the policy « . It is denoted as q,(s,a) and
defined as

q(s,a) = E;[G,|St =5,A, = a] = En[Z;‘?:o Vth+k+1 1S, = 5,4, = a (1.7)

q,(s, a) is called the action-value function for policy .
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u, or the g, for a particular policy can be estimated using experience or a model of the
environment.

Like the case of the discounted rewards the relationship of successive states and states
action pairs on u, and g, are very important. The equation which expresses this
relationship for the u, and the g, is called Bellman and is named after Richard E.
Bellman [5]. The expression of the equation for the u, is:

Ur(s) = EplGelS, = 5]
= En[Rer1 +VGria|Se = 5]
> wals) Y° > p(s',715,0) [ + YEglRess + ¥GesalSe = 5']
st or

a

= Z n(als) Z p(s',rls,a) [r + yu,(s")], forall s (1.8)

a

The s’ is the state that follows after the agent observes state s and takes the action a.
Similarly, the bellman equation for the action-value function gq,, is

qr(s,a) = Z p(s',rls,a) |r + yz n(a',s") q(s’, a’)] (1.9)

In this case s’ again is the state that follows the agent observes state s and takes the
action a and a’ is the action the agent takes for state s’.

1.2.2.2.3 Optimization and policy value functions

Finding the policy that yields the maximum rewards in the long run remains the main
application area of an RL algorithm. This policy is called optimal. There may be more than
one optimal policy. All policies have the same state value function, which is denoted as
u, and expressed in the following form u,(s) = max u,(s) for all s. The optimal policies

also share the same action-value function which is denoted as q, and is expressed in the
form q.(s,a) = max q,(s,a) for all s and a. Notice that the g, can be written in terms of
Vi

the u, as follows
q*(S, a) = E[Rt+1 + Vu*(5t+1)|5t =5,4; = a] (1-10)

Again, itis very useful to define the equation defining the relationship between successive
states or state-action pairs and for the optimal policies. The equation which expresses
this relationship is called the Bellman optimality equation and, for the u,, is defined as

u,(s) = mc?xz p(s',rls, a)[r + yu,(s")] (1.11)

For the g, the Bellman optimality equation is

q.(s,a) = E [Rt+1 + ¥ max q.(St41,a'|S; = 5,A; = a)] =

Zp(s’,rls, a) [r +ym:;,1xq*(s’.a’)] (1.12)
a
s'r
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1.2.2.2.4 Policy improvement through iteration

In this subparagraph DP will be the referred class of algorithms. The main object will be
to understand how the Bellman equation (see paragraph 1.2.2.2.2) and the Bellman
optimality equation (see paragraph 1.2.2.2.3) are used in evaluating and improving the
policy & followed by the agent.

1.2.2.2.4.1 Policy Evaluation

Firstly, the evaluation of a policy = is considered. The value function will be used as
example. The procedure starts by setting an arbitrary value for the value function for all
states s, which is denoted as uy(s). Then the u,(s) is updated with the following
equation u,(s) = Y, m(als) Xy, p(s',rls,a) [r + yue(s’)] for all s where m(als) come
from the policy = under evaluation, the procedure is repeated k times and if the k — o
then the u, = u, applies. The algorithm is described above is called iterative policy
evaluation and the formulation is

Uy (s) = Z m(als) Z p(s',rls,a) [r + yur(s')], for all s (1.13)

a

Similarly, the formulation of the iterative policy evaluation algorithm for the action-value
function is

Qr+1(s,a) = X rp(s',rls, a) [r +y Lo m(a',s") qi (s, a')] (1.14)
1.2.2.2.4.2 Policy Improvement

Evaluation of a policy is usually used to improve that policy. For example, consider a
deterministic policy m for which the value function u,(s) has been evaluated and we want
to test whether there is a better policy. For this reason, we choose for a state s an action
a outside this policy a # n(s),then calculate the q,(s,a), which is the expected return
starting from state s ,choosing the action a # n(s) and then following the policy . If the
q-(s,a) is greater than the u,(s) then we can conclude that we have a new policy 7’
which is better than the old one m. This is considered a case of the policy improvement
theorem [4], which states that for two deterministic policies = and «’, if qn(s,rt'(s)) >
u,(s) holds for all states s then n’ is assumed to be at least equal with = and for the
expected return holds u,,(s) = u,(s) for all s.

Generalizing for all the states s and performing the same behavior as described above
we have the greedy policy, ', which select for each state the action which seems better
according to g, (s, a). The definition of the greedy policy is

n'(s) = argmax q,(s,a) = argmaxz p(s',rls, a)[r + yu,(s")] (1.15)
a a S’,T

Argmax, denotes the action a which maximize the expression that follows. This
procedure of creating a new improved policy based on greedy selection with respect of
the original value function is called policy improvement.

If the policy, ', is not better than the original one then u» = u, and for all s holds u/(s) =
max Y, p(s',rls,a)[r + yu,(s')], which is the bellman optimality equation (see
a

paragraph 1.2.2.2.3) and we can tell that both policies are optimal, concluding that policy
improvement must give us a better policy except when the original policy is already
optimal.
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Our analysis, so far, presupposes that deterministic policies are followed, although the
same holds and for stochastic policies. If, for example, there is more than one action that
yields the maximum expected return, we do not choose one action, but we assign the
probability to each of these actions to be selected in the new greedy policy. We distribute
the probability in any way with the condition that non-optimal actions are given zero
probability.

1.2.2.2.4.3 Policy lteration

The combination of the policy evaluation and policy improvement is called policy iteration.
The procedure is simple, firstly we evaluate a policy, ,, using the value function u, and

based on that value function we create the new improved policy m;. This procedure
continues until we reach the optimal policy r,, in the case of finite MDP where the number
of policies is finite the procedure always converges to the optimal policy and optimal value
function in a finite number of iterations.

1.2.2.2.4.4 Policy Iteration restriction and Value Iteration.

The main limitation of policy iteration as described above is the computation required to
evaluate the policy. Each policy evaluation requires many iterations over all environments
states to converge to the value function of the policy being evaluated. This requirement
raises the question of whether it is necessary to wait until the policy evaluation converges
to achieve the policy improvement or is it sufficient to do a policy evaluation to some
extent and do the policy improvement after this truncated policy evaluation.

The answer on the previous question is that in many cases the optimal policy can be
found with the truncated policy evaluation. For this reason, several methods of truncating
the policy evaluation have been developed, one method worth mention is the value
iteration, which truncates the policy evaluation right after one sweep of the environment
states. It is easy to write it as a combination of policy improvement and truncated policy
evaluation steps

Uy (S) = maxz p(s’,rls,a)[r + yu,(s')] forall s (1.16)
a

s'r

1.2.2.2.4.5 Generalized Policy Iteration

The interaction of policy evaluation and policy improvement is described by the term
Generalized Policy Iteration (GPI). Most of the RL algorithms are labeled as GPI. This
means they have policies and value functions that interact, i.e., the policy improves based
on the value function and the value function changes trying to approximate the policy
value function. When the process stops producing changes in the policy and value
function, optimization has been achieved. In this case the policy is greedy in its value
function, so the Bellman optimality equation (u.(s) = max Ys'»p(s,rls, a)[r + yu.(s")] for

all s) holds, and policy and value functions are optimal. Figure 11 shows a visualization
of the process.
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Figure 11: GPI procedure [4]

The two processes compete and cooperate simultaneously. They compete during the
procedure, policy improvement makes the value function imprecise for the changed
policy, and policy evaluation makes the policy non-greedy anymore, and they cooperate
in the long run when the interaction leads to a common solution, which is the optimal
value function and the optimal policy. Figure 12 shows how the two processes although
have different goals, one is to evaluate the policy and the other is to improve the policy,
in the end they achieve the main goal of optimizing the value function and the policy
function.
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Figure 12: Optimization of the value and policy function through iteration of policy evaluation and
policy improvement.[4]

1.2.2.3 Basic categories of RL Algorithms

In this paragraph we will present a brief description of the main classes of RL algorithms,
including some basic examples. The main difference with the procedures presented in
the previous paragraph, the DP algorithms, is that for the RL algorithms presented here,
either we do not have a complete knowledge of the environment and cannot evaluate and
improve the policy by sweeping through all the states, or even and if we have full
knowledge of the environment, it is computationally expensive to implement the DP
algorithms. Instead, we rely on the experience accumulated by the agent's interaction
with the environment. Because of the way the RL algorithms presented here work; we
need to introduce two new characteristics which are added to the characteristics
presented in paragraph 1.2.2.1. The characteristics are the exploration and the
exploitation of a policy. The way each RL algorithm tries to solve the problem further
categorize them as on-policy and off-policy. In the following paragraphs, 1.2.2.3.1 and
1.2.2.3.2, a definition of the two characteristics and the two categories of algorithms will
be given.

1.2.2.3.1 Exploration and Exploitation

As already described, RL algorithms without complete knowledge of the environment are
trained by the experience they accumulate from interacting with the environment. This
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behavior can cause serious problems on the training procedure. Imagine an agent
following a policy &, and for a given state s the policy gives zero probability of choosing
an action a, the agent will never choose this action and will never discover the rewards
that this action brings, for this reason the agent should try as many actions as possible in
as many situations as possible. Taking random action outside the policy the agent follows
is called exploration. On the other hand, when the currently considered best policy is used
to select the action to be evaluated, the process is called exploitation. Balancing these
two processes is very important. Too much exploitation could lead to the wrong policy,
which is equivalent to quickly reaching a local optimum, and in the other hand too much
exploration could lead to slow learning.

There are many ways to balance exploration and exploitation for a given policy, the two
most common being the e-greedy method and using policy gradient RL algorithms.

1.2.2.3.1.1 e-greedy method

In this method the algorithm performs random actions on a certain percentage of the
actions performed. The way it works is simple, first a number less than 1 is defined and
takes the role of the number ¢, then the agent chooses action based on the current policy
with probability 1 — ¢ and random action with probability . After that the action is
evaluated and the policy is changed. It is very common to use a variable ¢, which starts
with a value close to 1, when the agent starts training and the knowledge of the
environment is insufficient, and gradually decreases to a minimum value.

1.2.2.3.1.2 Policy Gradient Algorithms

In this case the exploration of the environment comes from the way the agent chooses
the action to perform. So far, we saw that the agent observes the environment and
depending on the state of the environment chooses the action that will yield the best
rewards in the long run, with the policy gradient the agent chooses actions based on the
preference for those actions. More specifically, the agent observes the state and then
calculates the probability for each action, the agent chooses the action to perform based
on these probabilities. The action yields the reward, then the reward is used to change
the probability-preference for each action, in simple words the agent's policy, for the next
time the agent encounters the same situation. Exploration takes place because each time
all actions have some probability of being selected.

1.2.2.3.2 On-policy and Off-policy algorithms

The scope of RL algorithms is to define an optimal policy, see paragraph 1.2.2.2.3, if the
same policy, which the agent tries to optimize, is used to gather experience from the
environment, then the algorithm belongs to the category of on-policy algorithms. In this
case, the policy must maintain some degree of exploration during the agent training. If
the algorithm uses one policy to gather experience and tries to optimize a different one,
then the algorithm is marked as off-policy. In this case, exploration should only be
performed by the policy that collects experience.

1.2.2.3.3 Monte Carlo algorithms

In this class of RL algorithms, policy evaluation and improvement are based on
experience gathered during an episode. The concept of GPI, as described in paragraph
1.2.2.2.4.5, is used by Monte Carlo (MC) algorithms. The evaluation process is, however,
different: instead of using a model to calculate the value of a state, we use an average of
many returns, collected starting from that state. Because the state value is the expected
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return, this average can approximate the value of the state successfully. All that is
required for correct convergence is that all states are visited infinite times. For the policy
improvement we focus on the approximation of the action-value function, the reason for
doing so is that this function can be used for policy improvement without having a model
of the dynamic transition of the environment. MC algorithms perform the GPI on an
episode-by-episode basis.

There are many differences between DP and MC algorithms. Firstly, MC algorithms learn
with interaction with the environment, simulated or not, and they do not require precise
model of the environment’s dynamics. Because of this, MC algorithms can focus on a
small subset of states that are most likely to be encountered and do not need to evaluate
all states. Another important difference, which is a unique feature of the MC algorithm, is
that they do not bootstrap, meaning that they update the value estimate of a state based
on the actual returns that follow rather than the value estimate of a successive state.

Balancing exploration and exploitation, see par 1.2.2.3.1, is very important for any RL
algorithm, in the case of MC a commonly used concept is the exploring start. Exploring
presupposes that the algorithm starts from state—action pairs that are randomly selected
to cover all possibilities. It is worth to mention that exploring starts works in simulated
environment, where the initial state of the episode can be controlled.

1.2.2.3.4 Temporal Difference (TD)

This class of RL algorithms combines features from MC and DP algorithms, gaining
advantages from both. Like MC, TD relies on interacting with the environment to gather
experience, so no model of the environment's dynamics is required. In the other hand TD
bootstraps like the DP, it updates its estimates using estimates of successive states and
does not need to wait for a final result. Like the other two methods TD relies on the
concept of GPI, see paragraph 1.2.2.2.4.5, to obtain an optimal policy. Again, the way in
which experience is collected gives rise to the problem of balancing exploration and
exploitation, see paragraph 1.2.2.3.1, and how each algorithm deals with this problem
further categorizes the algorithm as on-policy or off-policy, see paragraph 1.2.2.3.2.

The simplest implementation of a TD algorithm for estimating the value function will be
used to better understand how TD algorithms work, followed by a description of basic TD
algorithms.

1.2.2.3.4.1 Estimation of the value function u, using one-step TD algorithm

Suppose we collect experience following a policy = and want to update the estimate V' of
the value function u,, for an arbitrary state S, to do this we use the equation

V(Se) = V(S + alReys + ¥V (Ser1) = V(S)] (1.17)

where the §;,, is the next sate and R, is the received reward. The target for the update
is the term R, + V(S;41) , the difference between the target and the initial estimate V (S;)
gives the name TD. The «a is the step size parameter which defines the percentage of TD
to be used to update the initial estimate V(S,). A pseudocode for the procedure described
above is following:

One-step TD algorithm for estimating u,[4]
Input: the policy  to be evaluated
Algorithm parameter: step size a € (0,1]

Initialize V), for all s € S, arbitrarily except that Vi¢erminary = 0
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Loop for each episode:

Initialize S

Loop for each step of episode:
A <action given by « for §
Take actin A, observe R, S’
V(S) «V(S)+a[R+yV(S) —-V(S)]
S<S

Until S is terminal

1.2.2.3.4.2 Basic TD algorithms

The main TD algorithms classes are SARSA, Q-learning, Expected SARSA, Double Q-
learning and Actor-Ciritic. In the following paragraphs a brief description of the algorithms
is given.

1.2.2.3.4.3 SARSA

SARSA is an on-policy, see paragraph 1.2.2.3.2, TD algorithm. This algorithm uses the
concept of the GPI, see paragraph 1.2.2.2.4.5, to reach to an optimal policy. The
difference from the methods presented already (MC and DP), is that the evaluation of the
prediction is performed by the TD method.

In the case of the SARSA algorithm we use TD for the action-value function in the same
way as we use it for the value function, see paragraph 1.2.2.3.4.1, the main equation is

Q(St, Ap) « Q(Se, Ap) + a[Reyq +¥Q(Sei1, Arra) — Q(Sp, AL)] (1.18)

The use of the quintuple of state, action, reward, next state, and next action gives the
name SARSA to the algorithm.

A SARSA pseudocode algorithm, which uses e-greedy (see paragraph 1.2.2.3.1.1) policy
to balance exploration and exploitation, is given below.

SARSA (on-policy TD control) for estimating Q = q, [4]
Algorithm parameter: step size a € (0,1] , smalle >0
Initialize Q(sq), for all s € S*, a € A(s), arbitrarily except that Q(terminal,) = 0
Loop for each episode:
Initialize S
Choose A from S using policy derived from Q (e.g., e-greedy)
Loop for each step of episode:
Take action A, observe R, S’
Choose A’ from S’ using policy derived from Q (e.g., e-greedy)
Q(S,4) « Q(S,A) + a[R +yQ(S", A) — Q(S,4)]
S«STA< A"
Until S is terminal
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1.2.2.3.43.1 Q-Learning
Q-learning is an off-policy, see paragraph 1.2.2.3.2, TD algorithm. The algorithm was
introduced by Watkins [6] and the equation which defines is
Q(St, Ap) « Q(Sp, A +a [Rt+1 + Vm(flx Q(Se1,a) — Q(StﬁAt)] (1.19)
The main difference is that this algorithm directly approximates the optimal action-value
function q,, the term max Q(S;,,, a) instead the Q(S;,,,A:+1), regardless of the policy
a

followed. This approach is simpler and converge faster. Like all other algorithms based
on real experience with the environment, all that is required for proper convergence is
that all pairs of actions states keep updating.

A Q-Learning pseudocode algorithm, which uses e-greedy (see paragraph 1.2.2.3.1.1)
policy to balance exploration and exploitation, is given below.

Q-Learning (off-policy TD control) for estimating = m, [4]
Algorithm parameter: step size a € (0,1], smalle >0
Initialize Qs q), for all s € S*, a € A(s), arbitrarily except that Q(terminal,) = 0
Loop for each episode:
Initialize S
Loop for each step of episode:
Choose A from S using policy derived from Q (e.g., e-greedy)
Take action A, observe R, S’

Q(S,4) < Q(S,4) + a|R +ymaxQ(s',@) - Q(5, 4)|

S«S'

Until S is terminal

1.2.2.3.4.3.2 Expected SARSA

This algorithm results if we change the maximum over next state—action pairs used in Q-
learning with the expected value, and the main equation is

Q(St;At) « Q(St'At) +a

Riyq + VZ (@, [Se41) Q(Sev1, @) — Q(Se, Ap) (1.20)

Expected SARSA is more computationally complex than SARSA, although it eliminates
the variance due to the random choice of A,.,. In general, it performs better than SARSA
and can be used as on-policy or off-policy algorithm.

1.2.2.3.4.3.3 Maximization bias and double Q-Learning

The Q-Learning algorithm is prone to the maximization bias. A simple example to
understand the maximization bias is the following case, for a single state s there are many
actions a with true values q(s,a) equal to zero but their estimated values Q(s,a) are
distributed around zero. The maximum of the estimated values is a positive number
although the true maximum is zero. This error is called maximization bias.

One algorithm which effectively deal with the maximization bias is the off-policy Double
Q-Learning. In this algorithm two independent estimations for the true action-value q(a)
function is used, let's say Q,(a) and Q,(a). The one estimate, assume Q,, is used to
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determine the A = argmax Q;(a) and the other, Q,, to provide the estimation for its value
a

Q,(A) =0, (argmgx Q.(a) ) Due to the equality E[Q,(A)] = q(A) the estimation will be

unbiased. To make the two estimates independent, in Double Q-Learning the time steps,
during training, are split in half, for example with probability 0.5 for each step. Half steps
are using the equation

Q1(St, Ap) « Q1(Se, Ap) + a[Reiq +7¥0Q; (St+1; argmax Q,(S;1,a)) — Q4 (StlAt)- (1.21)

and the other half the equation

Q2(St, Ap) « Q2(Se, Ap) + a[Reyr +7VQ4 (St+1; argmax Q;(S¢41,a)) — Q2 (StlAt)- (1.22)

Double Q-Learning, for estimating Q1 = Q, = q.[4]
Algorithm parameter: step size a € (0,1], small€ >0
Initialize Ql(s,a)’ and QZ(s,a)’ forall s € S*, a € A(s), such that Q(terminal,’) =0

Loop for each episode:
Initialize S
Loop for each step of episode:
Choose A from S using the policy e-greedy in Q; + Q,
Take action A, observe R, S’
With 0.5 probability:
Q:1(S,4) < Q,(S,4) + a[R +yQ, (S, arg;rtnax Q:(S", @) — Q1(S5,4)]

else:
Q2(S,A) < Qx(S,4) + a[R +yQ1(S',argmax Q,(S',a)) — Q(S, A)]

S«S'

Until S is terminal

1.2.2.3.4.3.4 Actor-critic.

This algorithm belongs to the family of policy gradient algorithms and is an on-policy
method, see paragraph 1.2.2.3.2. Some general information about policy gradient
methods and how they perform exploration of the environment is included in paragraph
1.2.2.3.1.2. The main characteristic of the actor-critic algorithm and the policy gradient
method in general is that the agent chooses an action using an equation that does not
consider the value function or the action-value function and is simply used to generate
the agent's policy. This part of the algorithm is called actor. In the case of actor-critic
algorithms the value function is used to critique the action the actor takes. The TD error
of the value function, see paragraph 1.2.2.3.4.1, is used to critique the actor's actions and
the agent policy in general. The part of the algorithm that estimates the value function is
called the critic. The TD error is used for the training of both algorithm parts, the actor and
the critic.

In its simplest form, the actor-critic algorithm works as follows. The critic part is the state
value function. After the action a, is chosen a new state s, is observed, then the critic
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checks whether the estimation of the value function for the initial state s; is accurate using
the equation

TDerror = Rt+1 + VV(St+1) - V(St) (123)

This error is then used to evaluation the action a; just selected. If the error is positive then
the preference for the action a; is strengthened, if it is negative it is weakened. Assume
that we use Gibbs softmax method to generate the action, the equation, which produce

eb(s,a)

the probability for the action selection, is m.(a|s) = where p(s,a) denotes the

TpeP(sb)’
actor's preference for action a when in state s. Changing the preference for each action,
described above, can be done using a simple equation of the form

p(sb at) < p(sb at) + .BTDerror (1-24)
where [ is a positive step-size parameter.

The policy gradient methods have many advantages over action-value methods. Some
of them are:

Use in stochastic policies: They use probabilities to take actions, making them suitable
for tasks that require stochastic policy such as card games.

Environment exploration: They can explore the environment because of the way they
operate (generating probabilities for they action) and can arrive at a deterministic policy.
In contrast, e-greedy policies will always have some randomness in their decision.

Continues actions spaces: They can handle continues actions spaces.

Since this is the main algorithm that we will use in this thesis, the following chapter
explains it further.

1.2.2.3.5 n-step TD algorithms.

Both algorithms TD, see paragraph 1.2.2.3.4, and MC, see paragraph 1.2.2.3.3 have
advantages and disadvantages.

MC methods have low variance and are less biased as they are not based on an estimate
of expected rewards but on an average of actual returns. Although they must wait for the
episode to end and then update the value function or the action-value function. This
behavior creates problems when the episode is too long, resulting in slow learning, and
when the task is not episodic.

In contrast TD methods are implemented in an online, fully incremental manner,
overcoming the MC problems described above, specifically they do not have to wait the
episode to end to begin training. On the other hand, they have more variance and are
more biased, they calculate the future expected rewards bootstrapping from their
estimation of value function or action-value function for the next state, see paragraph
1.2.2.3.4.1.

For this reason, methods have been developed that combine features from MC and TD
algorithms. These methods tend to perform better than the MC and TD methods. The
methods are called n-step TD algorithms. They work in a similar way to TD algorithms.
The difference is that in the case of the n-step algorithm more real rewards are used when
updating the value function V(s,) of an arbitrary state s, or the action-value function
Q(s;, a,) of an arbitrary pair of state s, and action a,. Specifically n-1 rewards are used
(discounted as described in paragraph 1.2.2.2), and the remaining expected returns are
calculated from the algorithm’s estimate of the value function V (s;.,,) for the environment
state s,,, or the action-value function Q(s;,,as+,) for the pair of environment state
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ss+nand action a;,,,, encountered n-step after the state or state action pair for which the
update is performed.

We must keep in mind that for n-step TD algorithms with n > 1 the estimation of the
discounted expected returns involves rewards and states that are not known at the time
of transition fromttot + 1. For this reason, no feasible algorithm can use n-step return
until it has seen R,,, and estimate V,,,_; or Q:+n—1. This condition is satisfied at t + n,
and the equation used by the n-step TD algorithm to learn the value function takes the
form

Vein(se) = Vegno1(se) + alGrppn = Vign-1(s),0 <t =T (1.25)

while the values of all other states remain unchanged, and the G;..,, denotes the
discounted expected rewards and is equal with

Riy1+VYReyo +- -+ + Vn_lRHn + Y"Vein-1(Se4n) (1.26)

Similarly, the equation used by the n-step TD algorithm to learn the action-value function
is equal to

Qrin(St,ar) = Qein-1(spar) + alGrpin — Qpin-1(s,a)],0 <t =T (1.27)

while the values of all other pairs of states and actions remain unchanged, and the G;.;,»,
symbolize the discounted expected rewards and is equal to

Riy1+VYReyo +--- + Yn_lRt+n + Y Qt+n-1(Stn, At4n) (1.28)

All the algorithms presented in paragraph 1.2.2.3.4.2 can now be implemented with the
n-step TD method. For better understanding a pseudocode for the n-step SARSA
algorithm will be given.

n-step SARSA for estimating Q = q. [4]
Initialize Qs q) arbitrarily, foralls € S, a € A
Initialize m to be e-greedy with respect to Q, or to a fixed given policy
Algorithm parameters: step size a € (0.1], small € > 0, a positive integer n
All store and access operations (for S;, A; and R;) can take their index mod n + 1
Loop for each episode:
Initialize and store S, # terminal
Select and store an action A, ~ (* |Sy)
T « o
Loop fort =0,1,2, ....
If t <T,then:
Take action A,
Observe and store the next reward as R;,; and the next state as S,

I. Simakos 34




Reinforcement Learning for Rogue-like Games

If S;41 is terminal, then:
T<t+1
else:
Select and store an action A, 1~m( |S¢+1)
T« t—n+ 1 (ris the time whose estimate is being updated)
If T > 0:
G — Z;r;i:+(f+n’T)yi_T_1 R
ft+n<T,thenG <« G+ y™"Q(Sein, Arsn) (Grizsn)
Q(Sr,Ap) « Q(Sy, Ap) + alG — Q(Sy, AL]
If 7 is being learned, then ensure that (- |S;) is e-greedy wrt Q
Untilt=T-1

1.3 Function approximation and Neural-Networks.

So far, we studied algorithms that try to find the optimal policy for a problem based on a
value function, an action-value function, or a policy function. The value and the action-
value functions are represented as tables that map each state or state-action pair to
specific rewards expected to be earned if a policy « is followed after that state or state-
action pair, in the case of policy function states are mapped to action probabilities. This
way of finding an exact mapping of state or state action pair to expected rewards or to
action probabilities is very effective for cases with limited state and action spaces.
Although, it is impractical, in terms of memory and time, to do it for problems with big state
and action spaces. One such case is the game of this thesis, see paragraph 1.1.1. There
can be almost infinite number of states, such as different maps, different enemies and
items placed on the map and different cases of hero status. One solution to problems like
the game mentioned earlier is to create functions that can generalize. By generalization
we mean the ability to make a reasonable estimate of the value function, the action-value
or the policy function for states that appear for the first time based on training done for
similar situations.

In our case the generalization needed is often called function approximation because it
takes examples from a desired function (e.g., a value function) and tries to generalize
from them to create an approximation of the entire function.

Henceforth, the three functions used in the algorithms that described in paragraph 1.2.2.3
will be not represented as tables, instead they will be represented as parametrized
functions and the parameters will be in the form of a weight vector w € R%. So, for the
approximate value of the state s given the weight vector w we will write @i(s,w) = u,(s),
for the approximate action-value of the state s and action a, given the weight vector w,
we will write 4(s,a,w) = q,(s,a) and for the approximate policy function of the state s,
given the weight vector w, we will write (s|a, w) = n(s|a).

In recent years most of the RL algorithms, including some of the most successful
implementations [1],[2], use Neural Networks, see paragraph 1.3.2, to approximate the
functions. In that case, which is also used in this thesis, w denotes the connection weights
in all the layers of the Neural Networks. Typically, the number of weights (the
dimensionality of w) is much less than the number of states (d « |S|) and changing one
weight changes the estimated results of many states or state action pairs. Consequently,
when a single state is updated, the change generalizes from that state or state action pair
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to affect the values, action-values, or action selection probabilities of many other states
or state action pairs. Such generalization makes the learning potentially more powerful
but also potentially more difficult to manage and understand.

Given the introduction of the weight parameters w and how they determine the results
the algorithms produce, we need to define how these parameters will be updated after
the agent interacts with the environment. For this reason, we need to introduce the
concept of optimization and especially gradient descent methods.

1.3.1 RL optimization and gradient descent methods

The introduction of the approximation brings the error to the system. In the previous
chapter we tried to find the exact values of the following functions u,(s) and g, (s, a), now
by parameterizing functions we come to terms with the idea that approximate functions
i(s,w) and g (s, a, w) will differ from the actual values by an amount. Our goal is to reduce
this amount to a minimum. One class of methods used to do this are gradient descent
methods.

1.3.1.1 Stochastic gradient descent.

In general gradient descent methods are used when the parameters of a parameterized
function must be changed to achieve the minimum output for that function for given inputs.
A simple gradient descent pseudocode algorithm for a parametrized real-valued function
E:RM x R? - R is given below.

Stochastic gradient descent method [7]
Input: differentiable function E: RN x R? - R to be minimized
Step size sequence a; € [0,1], initial parameters w, € R?
Output: a parameter vector w such that E is small
Forallt € {1,2,..}do

Observe x;, E(x;, w;)

Calculate gradient:

0 0
VWE(xt' Wt) = (mE(xt' Wt): ----;mE(xt; Wt)T

Update parameters:

W1 = Wy — a Vo E(xe, wy)

To update the parameter vector w,, the derivatives of function E with respect to the
elements of that vector, calculated for the input x, are used. Because these updates are
following the negative gradient the output of the function becomes smaller. Gradient
descent methods are called “stochastic’ when the update is done on only a single
example, which might have been selected randomly, like the algorithm presented
previously. We should mention that, since the gradient only describes the local shape of
the function, this algorithm may end up in a local minimum.

To achieve the convergence to a local minimum a careful choice of the step size
parameter a must be made. The parameter must be small enough. Remember that we
neither seek nor expect to find a value function that has zero error for all states, but only
an approximation that balances the errors in different states. If we were to fully correct
each example in one step, then we would not find such a balance. In fact, the
convergence results for SGD methods assume that o decreases over time.
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In RL a common example of a function we are trying to minimize is the TD function, and
very often the mean squared error of the TD.

1.3.1.2 RL optimization algorithms in conjunction with SGD and semi-gradient
descent

In this paragraph we will present a RL algorithm that tries to find an optimal policy for a
problem and like the cases presented in the previous paragraphs, follow the concept of
GPIl, see paragraph 1.2.2.2.4.5. What is new about this algorithm is that it uses
parameterized functions and gradient descent methods. The example that will be
presented is on-policy, see paragraph 1.2.2.3.2, semi-gradient n-step SARSA. A pseudo
code for the algorithm is following.

semi-gradient n-step SARSA for estimating q = q. or q[4]
Input: a differentiable action-value function parameterization §:S X A X R - R
Input: a policy =« (if estimating q)
Algorithm parameters: step size a > 0, small € > 0, a positive integer n
Initialize value-function weights w € R¢ arbitrarily (e.g., w = 0)
All store and access operations (S;, 4;, and R;) can take theirindex mod n + 1
Loop for each episode:
Initialize and store S, # terminal
Select and store an action A, ~ w(-|S,) or e-greedy wrt (S, ., w)
T « oo
Loopfort = 0,1,2,...:
Ift < T, then:
Take action A,
Observe and store the next reward as R;,; and the next state as S;,,
If S;4, is terminal, then:
T «t+1
else:
Select and store Ayy; ~ (- |St41) OF e-greedy wrt G(Si41,, W)
T « t— n + 1(risthe time whose estimate is being updated)
If T > 0:

G — Zmin (t+n,T) )/i_T_lRi

i=t+1

fr+n<T,thenG « G+ y"§(S;1n) Ariry W) (Grz4n)
Wewt a[G - Q\(S‘n A‘r: W)]Vq(ST:Ar: W)
Untilt=T-1

Notice the term semi-gradient in the name of this algorithm. The term is introduced
because of the bootstrapping we use to create the target for our update

min(t+nT)

G ) VTR YA (S Arin W) (1.29)

i=t+1
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The bootstrapping part of the algorithm, in this case the G(S;,, Ar+n, W) depends on the
current value of the weight vector w,, which means that it will be biased and that it will
not produce a true gradient-descent method. Therefore, we only take the gradient for the
part of the algorithm that contains the state we update G(S;, 4;, w,) and not for the target
one, concluding that bootstrap methods are not in actually cases of true gradient descent
[8] and as result we call them semi-gradient methods.

Although semi-gradient methods converge less strongly than SGD, we prefer to use them
because of the same advantages that bootstrap methods offer, they learn faster and
perform online updates, without waiting for the end of an episode.

1.3.2 Artificial Neural Networks

ANNSs artificial neural networks try to simulate the behavior of the mammalian nervous
system and are very often used to approximate nonlinear function. A simple
representation of a feedforward ANN is given in Figure 13.

O_.
S Q_.

Figure 13: Basic feedforward ANN representation [4]

As we can see the network consists of different layers, the first layer is the input layer,
the other two are the hidden layers and the last one is the output layer. Each connection
between network units is characterized by a value called weight. Each unit takes the
weighted output of the previous units sums it up and then applies to the results a non-
linear function, called an activation function, the product of this function is the output of
the module, this output can be the input for the others level units or the output of the ANN.
Some examples of activation function are given in Figure 14.

Sigmoid : Leaky RelLU

alx) = 1+(15_I max(0.1z, x)

gy Maxout ‘

tanh(a:) = " max(w] x + by, w3 x + by)

ReLU J ELU _/
0, x x>0

max (0, ) | | {Q((,.r — 1) w0 : .

Figure 14:Examples of activation function[9]
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The non-linearity of the activation function gives the ability to the ANNs to approximate
any non-linear function. Specifically, an ANN with a single hidden layer containing a large
enough finite number of sigmoid units can approximate any continuous function on a
compact region of the network’s input space to any degree of accuracy [10].

Although, a single hidden layer is not enough, especially for the Al tasks, the
approximation of the complex function of the Al requires abstractions that are hierarchical
compositions of many layers of lower-level abstractions like the ones produced by ANNs
with many hidden layers. Each layer computes a more abstract representation of the
network input with each unit providing a feature that contributes to the hierarchical
representation of the network input-output function. These types of ANNs are called deep
neural networks (DNN).

For this reason, training ANN hidden layers can generate features capable of
hierarchically representing a given problem without relying solely on hand-crafted
features. In the case of RL, the weights between units are the values used to approximate
a function such as TD. Considering this, it is important to train the weights and the
algorithm we use is similar with SGD, see paragraph 1.3.1.1. The most common way to
implement SGD is through backpropagation. This method uses the chain rule and the
layer structure of networks to efficiently calculate the derivatives of the network's output
on its parameters. More specifically, the ANN alternates between forward and backward
passes through the network. In the forward pass the activation of each unit is calculated,
for a given network input. Then in the backward pass we take the results we want to
minimize, for example the TD function, and then we calculate a partial derivative of the
results with respect to each weight, finally we use these derivatives to update the weights.

There are many types of neural networks. In the following paragraphs we will describe
the categories used in this thesis. The categories are Convolutional Neural Networks
CNN and the Long Short-Term Memory LSTM.

1.3.21 Convolutional Neural Networks

CNN is built to process high-dimensional data arranged in spatial arrays, such as images.
The CNN was inspired by how early visual processing works in the brain, and one of its
first application was the LeNet-5 network, which created for hand-written characters
recognition [11]. The architecture of the LeNet-5 network is shown in Figure 15.

C3: {. maps 16@10x10
INPUT C1: feature maps S4: 1. maps 16@5x5

32x32 Se20x28 S2: {. maps
6@14x14

I
| Full conflection ‘ Gaussian connections

Convolutions Subsampling Convolutions Subsampling Full connection

Figure 15: Architecture of LeNet-5. Each plane is a feature map, i.e., a set of units whose weights
are constrained to be identical.[11]

The composition of the LeNet-5 network is created by combining convolutional and
subsampling layers, followed by several fully connected final layers. Several feature maps
are produced by each convolutional layer. The map represents a pattern of activity over
an array of units. Each unit operates the same way on the data it “sees” from the previous
layer (or from the input for the first convolutional layer). So, the units of each feature map
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are the same and therefore share the same weights and are trained to recognize a
particular feature from the data, the difference comes from the part of the data that each
unit processes, the part of the data that each unit sees is shifted by a constant. For
example, in the LeNet-5, figure 15, the first convolutional layer produces 6 features maps
each consist of 28 x 28 units. Each unit sees a 5 x 5 region of the original data, and these
regions overlap for four columns and four rows. As result, each feature map is
characterized by just 25 adjustable weights.

Subsampling layers are used to reduce the spatial resolution of the feature maps and
make the network responses spatially invariant. These layers produce the same number
of feature maps as the previous convolutional layer. Although this time the units of the
new feature maps average over a portion of the units from the previous convolutional
layer feature maps. For example, each unit of the 6 feature maps in the first subsampling
layer of the LeNet-5 calculates the average for the units of a 2 X 2 non-overlapping part
of the feature maps produced by the first convolutional layer, having as results a six 14 x
14 feature maps.

This is the ANN class that we will use in the image processing part of this thesis.
1.3.2.2 Recurrent Neural Networks and Long Short-Term Memory.

The ANN description at the outset considers a network that processes its inputs
separately, consequently each network output is not affected from previous states. This
behavior is effective for tasks where no prior data is needed, such as image recognition,
but is less effective for tasks that require a sequence of data such as text prediction. For
this reason, recurrent neural networks (RNNs) were introduced [12].

Actually, what we are aiming for by using RNN is to give memory capability to our network.
The way this is done is simple, the RNN is a neural network that has a loop, see Figure
16.

A Output
- RNN
Recurrent
connection
Input

Figure 16: A recurrent network: a network with a loop [13]

If we unfold a simple RNN over time, we get the sequence of Figure 17. As we can see,
the network output h, each time depends on the previous output h;_; and the current
observed state s, a behavior that allows our network to produce an output considering an
arbitrary number of previous states.

Although RNNs appear to be powerful in theory, they suffer from an inability to capture
large dependencies due to two problems. Both are associated with error signals which as
they flow backwards in time tend to either blow up or vanish. The first cases can cause
weights to oscillate and for the second learning to bridge long time delays takes
prohibitive time or doesn't work at all [14].
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One solution which counter the two problems defined above is the Long Short-Term
Memory (LSTM) [14], a special RNN architecture capable of capturing long term time
dependencies.

h'_ }1: }13

hg EEE—— = - ——————

5; 52 53

Figure 17: A simple RNN, unrolled over time.

The LSTM networks consist of several memory cells. The concept that enables the LSTM
to address the problem of capturing long term time dependencies is that these memory
cells have an internal recurrence (a self-loop), in addition to the outer recurrence of the
RNN, and also use gates that learn to open or close depending on the observed state,
the previous internal state (self-loop) and the output from the previous cell.

A block diagram of an LSTM cell is given in Figure 18. Each of these cells connect
recurrently to each other in a similar manner like figure 17. A description of the
feedforward flow of the block diagram is given below.

A regular artificial neuron unit computes the input feature, then its value is accumulated
into the state provided that the sigmoidal input gate allows it. Then the state unit has a
linear self-loop whose weight is controlled by the forget gate and the final output of the
cell is controlled by the output gate. The gating units use a sigmoid nonlinear function like
that in Figure 14 and the input unit can have any squashing nonlinearity.

The equations describing the LSTM behavior are given below. For these equations we
will use the notation from [15] where the input state is represented as xi(t) ,the internal

state as s( ) and the cell output as hl@ (t represents the time step and i the cell).

The forget gate:
() f (t) f 1 (t-1)
9 =0l b +EUU] gwuh] (1.30)

Where xi(t) and hl@ are the current input and the input from the previous cell respectively
and the terms b/, U/ and W/ are the biases and weights of the forget gate.

The internal state update equation:

sO = fOED 4 O ) +ZU” ,“)+ZW1 h(t D (1.31)
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Where b,U and W respectively denote the biases and weights in the LSTM cell. The
external input gate is computed like the forget gate

9 = o(bf + ;U8 20 + 2, w4 h(V) (1.32)
The output gate equation:

a® = o(bf + 3, U7 x© + 3, W h) (1.33)

Where terms b?, U? and W° are the biases and weights of the output gate.
The output equation of the LSTM:

h® = tanh(s{") ¢* (1.34)

we must keep in mind that if the internal state s; is used as an extra input for the gates of
the LSTM, three additional parameters would be required.

output

self-loop

input gate orget gate utput gate

/\

Figure 18: Block diagram of the LSTM memory cell. The inputs for the input, input gate, forget
gate and the output gate are the output of the previous cell hgt) and the observed state xgt). The

black square indicates a delay of a single time step [15]

The error backpropagates through the same mechanism and the gates control the error
flow in each cell.

This network class is used to introduce the memory element in the ANN of this thesis.
Memory is necessary when the state of the environment is not full observable by the
agent. Further details will be given in the next paragraph.

1.3.2.2.1 Partial observability and LSTM networks

Until now we suppose that the state of the environment is fully observable from the agent
we try to train, unfortunately this is not the case for most of the problems the RL algorithms
try to solve, and this holds for the game of the thesis too. The ability to deal with such
problems, came from the function approximation, this may seem odd although consider
that the parameterized form of a function does not allow its output to depend on certain
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aspects of the state, then it is just as if those aspects are not observed. In fact, all the
theoretical results for methods using function approximation presented so far hold equally
well in cases of partial observability [4]. Although, the problem is that approximation does
not augment the state representation with memories of past observations.

RNN and especially LSTM helps to deal with the problem of partial observability and past
observations [16]. To explain how this is done, we need to introduce a different
mathematical framework than the one we have been using so far. The framework is the
Partially Observable Markov Decision Process (POMDP), POMDP recognizes that the
observation the agent receives is a glimpse of the state, for this reason POMDP is
described as a 6-tuple (S,4,P,R,2,0) where the first four are the states, actions,
transitions probability distributions, and rewards values already discussed, see paragraph
1.2.2.2, and the other two refer to the observation that the agent sees o € 2. A probability
distribution generates the observation based on the environment state o ~ 0. A non-
recurrent ANN can produce good results only when the observation reflects the
environment state, otherwise the approximate function, for example the value function
may be inaccurate since i(o,w) # ii(s,w). The introduction of recurrency adds the
memory element and helps narrowing the gap between o and s by expansion to @i(o, w)
and (s, w), resulting in a better approximation of the functions we are interested in and
better training algorithms in general.

1.4 Challenges that Rogue-like games have

Challenges refer to the difficulty an Al agent faces in learning how to play a Rogue-like
game.

The main challenge of the game is that it requires more time-extended planning
strategies. How difficult this is for an Al agent can be seen through the poor performance
of the deep Q-network (DQN) [1] algorithm in games such as Montezuma Revenge. The
general problem that drives such behavior is the sparse rewards. The term means that
the agent only receives reward signals after completing specific series of actions over
extended periods of time. An example of extended time planning strategies a player
should use for the thesis game, is the use of health potions, these items must be collected
and then used after several time steps when the player's HP is low. The same applies to
weapon items, each weapon must be evaluated, collected and after some step the
benefits it offers can be visible to the player.

Other challenge is the randomness of the game. Each game map is randomly generated,
as is the generation of items and enemies. This results in a very large state space which
means that an agent that generalizes and explores effectively is required.

The graphics of this game are poor. This makes game entities less observable compared
to the Atari 2600 games where the DQN algorithm [1] was tested.

In addition to the screen where the map, items, enemies and the player are displayed,
the game provides information to the player through game log, see paragraph 1.1.1.7 and
the hero status 1.1.1.6. In order for the agent to observe the game as a human player, all
of the above information must be entered into the agent network.

Map and game entities are not fully visible to our hero, see paragraph 1.1.1.3.2. The same
screen is given to the agent, so the game state used as input to the network is partially
observable.

All the above challenges make the rogue-like game a competitive task for RL algorithms.
In this thesis we try to address these challenges using different techniques. The analysis
of the approach to the problem will be given in the next chapter.
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2. Implementation

2.1 Publications and related works that influenced the thesis

Three publications were the main influence for the thesis, a brief presentation of the
innovations they introduce are given below:

“Human-level control through deep reinforcement learning” [1] is considered a
pioneering work in the field of game-playing Al agents and has introduced a new RL deep
Q-network (DQN) agent that can combine reinforcement learning with a class of artificial
neural networks known as deep neural networks and manage to play classic Atari 2600
games in human level.

“Asynchronous Methods for Deep Reinforcement Learning” [17] the authors try to
solve the same problem, although the innovation of this publication is the use of different
instances of the RL algorithm, which train the same (global) network asynchronously,
running on a multi-core central processing unit CPU.

“Playing FPS Games with Deep Reinforcement Learning” [18] describes an RL
algorithm built to play the game Doom a first-person shooter (FPS), a class of games
more complex than Atari games due to the partial observability of the state and the 3D
environment. The RL algorithm to handle this task, trains a model that performs two tasks
simultaneously, recognizes the features the agent sees and takes actions based on a
DQN, and also introduces the recurrence to the DQN using LSTM memory cells.

Elements from the three publications are used in the model of this thesis, how this was
done will be explained in the next paragraph.

2.2 Algorithm used

The RL algorithm used is a model-free asynchronous multi-threaded variant of an actor-
critic method, see paragraph 1.2.2.3.4.3.4. To be able to describe the algorithm we use,
we need to define the following:

The actor-critic method with parameterized functions: Specifically, the functions used
and how the gradients of these function are calculated are described in paragraph 2.2.1.

Optimizer: The optimization algorithm used for the weights-parameters update, see
paragraph 2.2.2.

Data correlation treatment: The method used to deal with the correlation of observed
data when using on-policy RL algorithms, see paragraph 2.2.3.

In the last subsection, a pseudocode for the algorithm used will be given along with a brief
explanation of how it works.

2.2.1 Parameterized functions and gradient calculation

The parametrization of the algorithm is performed thru ANN, see paragraph 1.3.2. The
parametrized functions used by the algorithm are the value function (s, Wepitic), the

eP (s,a,wactor)

preference p(s, a, W,eor) and policy function m(als, Waetor) = 5, PGB wacto”

The algorithm uses the n-step TD of the value function, see paragraph 1.2.2.3.5, to
update the actor and the critic.

For the critic part of the algorithm, which computes the state value function, we seek to
minimize the mean squared error of the n-step TD value function, so a gradient descent
method is used for the weights update and the equation for the gradient calculation is
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AWritic = —[(Re + YRey2 + VZRt+3 Y MU(S e Weritic) —
u(st, Wcritic)]vwcriﬁcu(st; Wcritic) (21)

Keep in mind that you calculate the semi-gradient, see paragraph 1.3.1.2.

For the actor part of the algorithm, we use a gradient ascent method. Recall that we seek
to increase the preference of the action that moves the agent to high-valued states. The
equation used for the gradient of the actor part was derived from the REINFORCE family
of algorithm [19] and especially the REINFORCE with a baseline [19]. The REINFORCE
algorithm updates the weights with the equation V,,_ . Inm(a;|st, Waceor) Gt ;With G, being
the discounted rewards for an episode, like Monte Carlo methods 1.2.2.3.3. To reduce
variance, the REINFORCE with a baseline subtracts the discounted rewards G; by an
amount b, (s;) which is called baseline. The actor-critic algorithm uses as a baseline the
estimation for the value function i (s;,,, Weriric) and the discounted reward G, of the n-
step TD algorithms, which is equal with R; ;1 + YRz + ¥?Ri43 . Y U(Stin, Weritic) [4]. SO,
the equation for the gradient calculation of the actor part of the algorithm is

dwactor = [(Rt + )/Rt+1 + yth+2 ---ynﬁ(stﬂu Wcritic)
(5|t Wactor)) (2.2)

We should mention that like [17] the entropy of the policy 1 is added to the above
equation, in order to improve exploration and discourage premature convergence to
suboptimal deterministic policies [20]. The equation for the entropy is

- ﬁ(st' vvcritir:)]V

Wactor

H(T[(' |St; wcritic)) = - ZaEA n(alst, Wcritic) In n(alst: Wcritic) (23)

and the concluding equation for the gradient calculation of the actor part is

AWactor = [(Rt+1 + ¥Rtz + V*Resz o Y MU(Stim, Weritic) —
ﬁ(st» "Vcritic))]sz,,cmr lnﬂ(stlatl Wactor) + :vaactorH(n(lSt; Wactor))) (2-4)

The hyperparameter 8 controls the strength of the entropy regularization term and for our
case was set to 0.0001.

Knowing the gradient of the functions we seek to optimize, it is the time to find the best
method to apply those gradients to our model weights. We use the Adam optimization
algorithm [21]. A brief introduction to the Adam algorithm is given in the next paragraph.

2.2.2 Adam optimizer [21]

The Adam optimizer is an efficient stochastic optimization method that requires only first-
order gradients. The name came from the term adaptive momentum estimation, which
refers to the way the optimizer works. Specifically, the optimizer calculates individual
adaptive learning rates for different parameters from estimates of the first and second
moments of the gradients. The Adam optimizer was inspired from the AdaGrad [22] and
RMSpro [23] combining benefits from both. From the first the ability to perform well with
sparse gradients and from the second one the ability to work well in online and non-
stationary settings. A pseudocode of the Adam algorithm is given below.

Implementation of Adam algorithm for a stochastic objective function f(w)[21]
Require: a: Stepsize
Require: By, B, € [0,1): Exponential decay rates for the moments estimates

Require: f(w): Stochastic objective function with parameters w
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Require: wy: initial parameter vector
mg < O(Initialize 15t moment vector)
uy < 0 (Initialize 2" moment vector)
t « 0 (Initialize timestep)
While w,not converged do
t—t+1
9: < Vi fi(w:_;) (Get gradients w.r.t. stochastic objective at timestep t)
m; < B m;_1 + (1 = ;) - g (Update biased first moment estimate)
up < By ui_q + (1 — By) * g2 (Update biased second raw moment estimate)

m; « m¢/(1 — Bf) (Compute bias-corrected first moment estimate, pf
denotes B, to the power t)

G, < u /(1 —pB%) (Compute bias-corrected second raw moment
estimate, B denotes B, to the power t)

wy « wy_y — -, /([f; + £)(Update parameters)
end while

In our case the hyperparameters was set at a = 0.00001,5; = 0.9,5, = 0.999 and € =
1078,

Many of the benefits offered by the Adam method are that the magnitudes of parameter
updates are invariant to rescaling of the gradient, its step-sizes are approximately
bounded by the step-size hyperparameter, it does not require a stationary objective, it
works with sparse gradients, and it naturally performs a form of step size annealing [21].

We can apply the Adam optimization combined with the actor-critic algorithm to train our
agent to play the thesis game. Although first we must consider a problem that arises for
RL algorithms, which is the correlation of the data (states) observed by the agent. An
explanation of the strategy introduced, in this thesis, to deal with the correlation problem
will be given below.

2.2.3 Data correlation and asynchronous methods for deep reinforcement
learning

The problem with correlating observed data is overfitting and instability. Instability can be
caused also due to the reason that small updates to policy function m(a;|s;, Wactor) Mmay
significantly change the policy and therefore change the data distribution. In order to
address these problems, the work in [1] introduces experience replay memory. The idea
is simple, the observed states are stored in a buffer, and then random batches from that
buffer are used to train the network, resulting in decorrelated updates. Although this
method is restricted to the off-policy RL algorithms, our current parameters are different
to those used to generate the sample, like the Q-learning method, see paragraph
1.2.2.3.4.3.1.

For this reason, in order to use on-policy RL method like the policy gradient algorithm and
especially the actor-critic and benefit from the advantage they offer, see paragraph
1.2.2.3.4.3.4, a different approach must be taken.

The approach taken for this thesis is similar with [17]. Where instead of the experience
replay memory method, multiple agents run different instances of the game in parallel,
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resulting in uncorrelated observed data. Agents running on the same machine make it
possible to perform updates like Hogwild! [24], where updates are performed
asynchronously and without locks. Although this seems wrong, different agents can
overwrite each other's updates, in practice, due to the sparsity of updates relative to the
number of parameters of an ANN, correct updating of ANN parameters is possible. We
should mention that a form of periodic update is used, like the case of [17] for better
results, the way it is performed will be explained in the next subparagraph.

We must mention that the Adam optimizer, see paragraph 2.2.2, is used with shared
statistics like the RMSpro optimizer used in [17]. Vectors m; and u, are shared among
threads and are updated asynchronously and without locking. The shared version of
optimizer was chosen because of its robustness [17]. Also, sharing statistics among
threads reduces memory requirements by using one fewer copy of the parameter vector
per thread.

Except the benefit of uncorrelation of the observed data the actor-critic of this thesis runs
on a general-purpose CPU instead of a specialized hardware like GPU.

In the next subparagraph, an explanation of how the algorithm is implemented will be
given, and a pseudocode of the algorithm will be included.

2.2.4 Algorithm explanation and its pseudocode

The algorithm is similar to the asynchronous advantage actor-critic (A3C) [17] and works
in the forward view. Specifically, the agent selects actions using a policy t(al|s, Wyetor) fOr
tmax Steps or until the end of an episode. At the same time calculates the value for each
state observed (s, w,.itic) and collect the rewards R;. Then uses the rewards and the
value of the states to calculate the n-step discounted reward for each state G, = R;,, +
YResz + V?Riss . YU (St 4m, Weriric)- Keep in mind that, for the last steps in the sequence
where the n-step discounted rewards cannot be calculated the discounted rewards G, for
the largest available number of steps is used. Then the gradients for the actor part and
the gradients for the critic part for each state are calculated using the equations of the
subparagraph 2.2.1. The accumulated gradients are applied in a single step.

The updates the agents perform have a kind of periodicity. To achieve this a local and a
global model are used. Each agent has its local model. The local model is synchronized
with the global model, which is unique and is the one we actually seek to train, at the start
of training, after t,,,, or at the end of an episode. During training each agent uses its local
model, which is an asynchronous copy of the global model, and computes gradients
based on the outputs of the local model. The gradients are accumulated and then used
to update the global model.

A pseudocode of the algorithm for each agent is given below.

Asynchronous advantage actor-critic - pseudocode for each actor-learner
thread

/I Assume global shared parameter vectors wgy.,, and w..;;;. and global shared
counterT = 0

Il Assume thread-specific parameter vectors w,.;,-and w/,.;i.
Initialize thread step countert « 1

Set n number of steps to calculate the n-step discounted reward
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Repeat
Reset gradients: dwg;or < 0 and dw,,j;ic < 0

tstare =
Get state s;
Repeat
Perform a, according to policy m(a:|S:, Wctor)
Estimate the value function @(sy, W/yitic)
Receive reward r, and new state s;, ;
t<t+1
T<T+1
Until terminal s; or t — tg1qrt == tmax
If s, is terminal:
U(se, Weritic) = 0
For i € {tstqrt) -, t — 1} dO
Ifi +n < tsare + tmax dO
power = 0
G;=0
Forze{i..i+n}do
G; < G; + yPor,
power « power + 1
End for
G < G; + Y™ U(Sirn Weritic)
If i + n > tsrare + tmax dO
power = 0
G;=0
Forze{i..t—1}do
G; < G; + yPor,
power « power + 1
End for
G; < G +yPOYTU(Se, Weritic)
End for
Fori € {tstart, -, t — 1} dO

Synchronize thread-specific parameters w; ..., = Wactor @aNd W,ipie =

Weritic
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Accumulate gradients Wrt W, .;or: AWactor < AWactor +
Givwactor lnn(ai |Si' Wflzctor) + lngacmrH(T[(ai |Si' WC’lCtOT‘)))
Accumulate gradient Wrt w/,.;.;c: AWeritic < AWeritic — [Gi —
a(s;, Wc’ritic)]vwgrimﬁ(si' Weritic)

End for

Perform asynchronous update of w, ;o USING dWgct0r aNd Of Wi USING
dWcritic

until T > Tyax

In our case, the algorithm uses a n equal with four and a t,,,, equal with eight. Thus,
agents perform eight actions and then perform seven updates, four of which are four-
step, one three-step, one two-step, and one one-step.

The parameters that define the way the algorithm perform the update, like n and t,,,,, are
called hyperparameters. All the hyperparameters used in the thesis algorithm can be
found on “APPENDIX I: Hyperparameters |: Hyperparameters”.

We are using two separate model for the actor and the critic. The architecture of the
network is given in the next paragraph.

2.3 Network architecture and inputs

For the parametrization of the functions, see paragraph 1.3 and 2.2.1, we will use ANNS,
par 1.3.2. The type of the ANNs we will use depends on the inputs we want our agent to
see. These inputs are the state of the environment s, used on the algorithm described in
the previous paragraph.

As we mention in the first chapter the game of the thesis provides to the player three type
of information, the screen which depicts the environment of the game (see paragraph
1.1.1.2), the hero status (see paragraph 1.1.1.6) and the game log (see paragraph
1.1.1.7). Because of the importance of all this information for a human to play the game,
it was decided to use all of them as input to our network. Although the different nature of
the information and its size, especially the image size, requires the preprocessing of the
inputs.

2.3.1 Input preprocessing

The screen of the game has been rescaled by a factor of three. So, for a 444x444 screen
the input will be a 148x148 screen. The same applies to the display of tiles, items,
enemies and the player, for example an item that on the initial screen is displayed as a
3x3 square will now be a 1x1 square. An RGB channel is used to color each pixel. RGB
channel values are in the range [0, 255]. This is not ideal for a neural network. we
generally seek to keep input values small. For this reason, we rescale the values to be
between zero and one dividing the channel values with the maximum value (255). The
resulting screen used as an input to our network is an array with dimension of 148x148x3
and values between zero and one.

The status of the hero, see paragraph 1.1.1.6 is represented by a vector of eight values.
The values give information regarding the hero including the weapon, the HPs, the
maxHPs, the strength, the damage, the potions e.t.c. All the values are rescaled between
zero and one dividing each value with its maximum. For example, the hero's current level
is divided by five which is the maximum level the player can reach.
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The game log contains the text messages of the game, see paragraph 1.1.1.7. To be able
to use the information, the words were coded into numbers. The coding was very simple,
each word in the game was mapped to an integer. The numbers are then entered into a
5x25 table. Where the first dimension represents the rows of the game log and the second
dimension the maximum words a message can have. When the words of a message are
less than 25, the remaining values are set to zero. Values are rescaled again by dividing
the integer representing a word by the maximum integer value used during encoding.
Finally, the array reshaped into a vector of 125 values which is the input to our network.
This coding was chosen to keep the ANN dimensionality low, reducing at the same time
the textual input sensitivity, since using, for example, a one hot encoding for each word
would result in more complex networks.

2.3.2 Network architecture

Two independent networks are used, one for the actor and one for the critic. The networks
differ only on their output part. For this reason, we will present the common part and then
the output part for each network.

Common part: Each input, see paragraph 2.3.1, is processed separately. First, we will
describe the network used for the image processing. It is a CNN and has a similar
structure to the network presented in paragraph. 1.3.2.1. Although our network does not
have the subsampling layers, remember that subsampling is used to reduce spatial
sensitivity of a CNN, which we do not want for an agent playing our game, for example
the position of an enemy is an essential information for the agent. So, the concluding
CNN is composed of three convolutional hidden layers, the first takes as input the
preprocessed image of shape 148x148x3 and convolves it using 32 filters of 4x4 with
stride 1 and applies a rectifier nonlinearity ReLU (Figure 14). The second hidden layer
convolves 16 filters of 5x5 with stride 2, again followed by a ReLU. This is followed by a
third convolutional layer that convolves 8 filters of 11x11 with stride 2 followed by a ReLU.
The output is flattened and then is fed to a LSTM network, see paragraph 1.3.2.2. The
output of the LSTM is a vector of 256 values.

The hero status input, an eight-value vector, is fed directly to an LSTM network which
output a vector of 64 values.

The part of the network for the game log input, a vector of 125 values, works similar with
the hero status network part and consists of a LSTM network with an output vector of 128
values.

The three LSTM networks outputs are combined to create a vector of 448 values, which
in turn is fully connected to a linear network. This is the point where the actor and the
critic networks differ.

Actor linear network output: The network has 9 units (neurons) one for each game

action. The output of these units is used in a softmax equation (x;) = % and the
j i

action probability distribution is generated from the result.

Critic linear network output: The network has a unit (neuron) that takes the 448 input
values and generates a single value, which is the output of the value function we are
trying to approximate.

A block diagram of the two networks is given in “APPENDIX II: Networks Block Diagram”.
The Netron application https://github.com/lutzroeder/netron was used for the
visualization.
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2.4 Reward Signal

Rewards are the only input to our network that drives training. For this reason, careful
planning is needed. In our case the goal of the agent is to find the stairs leading to the
next cave and successively to the ring of the wizard werdna. During this process the agent
must learn to explore a randomly generated environment, collect and use items and face
enemies. For this reason, a subgoal reward system was used. For example, a positive
reward is given when a new area is explored and a negative one when the agent moves
towards a wall. This behavior, although not directly related to entering the new cave, we
don't wait for the agent to find the stair tile and then give them a reward, it intends to lead
the agent to explore the environment and consequently find the cave entrance. The
reward system used is given in the following table.

Table 5:The reward system used to train the agent

Reward Condition Reward
New area is discovered 20

The agent moves to already explored area 1

The agent moves towards a wall area -1

The stair tile is visible when the agent moves 20

The agent enters a new cave or finds Werdna's | 500

ring.
A potion item is collected 100
The agent uses a potion and gain 20 HP 100

The agent has no potion and is trying to use one. |-0.1

A weapon is picked by the agent 100

The agent tries to pick a weapon when none is | -0.1
stored on the tile.

The agent rests and gains 4 HP 10
The agent rests and gains 0 HP -0.1
The agent attacks an enemy. 10
An enemy is killed by the agent 100
An enemy attacks the hero -1
The agent attacks when no enemy is near him -0.1
The HP of the hero increased 10
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All rewards are added after each agent action. For example, if the agent moves and
explores new territory and at the same time is attacked by an enemy, then the two rewards
are added, and the resulting reward is equal to 19.

2.5 Trying to deal with the challenges of a Roguelike game

Rogue-like games have many challenges for an RL agent, a discussion of these
challenges, and especially those of the thesis game, can be found in paragraph 1.4. In
this paragraph we will present the methods used to address these challenges.

Sparse rewards and time-extended planning strategies: We attempt to address this
problem by rewarding the agent for achieving subgoals that, if the agent completes, will
lead to the fulfillment of the overall goal.

Randomness of the game and huge state space: The game, unlike many other games,
is not deterministic. The map, items and enemies are randomly generated. For this
reason, the state space is huge. To deal with this problem we set a relatively small
learning rate (0.00001) to avoid converging to a false local optimum and in addition we
use three methods. First, policy entropy is added to actor losses, see paragraph 2.2.1,
aiding exploration, and second, we use multiple asynchronous agents , see paragraph
2.2.3, to prevent data correlation and hence overfitting. Finally, again the reward signal is
shaped into a form capable of aiding exploration of the environment. These choices help
the agent to visit the state space of the game as much as possible.

Low level graphics: Because of this problem we use CNN layers differently from DQN
[1]. We use a first layer with a 4x4 filter shape, we do this because the game tiles where
all game entities are located are the same size and our goal is to map all different game
entities as features of the first convolutional layer. We then use two larger filters one with
a 5x5 shape and one with an 11x11 shape to find more complex features.

Information other than the game screen: The game gives valuable information to the
player through game log and hero status. We use the information as different inputs, from
the game screen to our network and after some processing we combine it with the screen
for the output, for details see paragraph 2.3.

Partial observability: The agent sees only a part of the game state. For this reason, we
try to close the gap between the agent observation and the environment state by using
the LSTM network and thereby adding memory to our agent, see paragraph 1.3.2.2.1. In
agent training we use the last eight observations as input sequence to the LSTM network.
For this reason, training starts after 16 steps from the beginning of each episode, 8 steps
until the first sequence of observations is ready, and 8 steps until the first training batch
is ready.

2.6 Codeusedin the thesis

The Python programing language is used for the game of the thesis and for training the
agent. The game code can be found on GitHub https://github.com/IliasSim/Wizard-
Werdna-Ring-Adventure-game-only and the code for the networks, agent and its training
can be found in “APPENDIX Ill: Agent training code”. The code for the Adam optimizer
par.2.2.2 with shared statistics, see paragraph 2.2.3 can be found on GitHub
https://qgithub.com/ikostrikov/pytorch-a3c/blob/master/my _optim.py from a PyTorch
implementation of the code used in [17].

The framework used to train the agent is PyTorch "An open source machine learning
framework that accelerates the path from research prototyping to production
development" An attempt was made to use the other most popular platform, Tensorflow,
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although PyTorch is easier to implement for asynchronous training methods, it includes
a module dedicated to multiprocessing, and for this reason it was chosen.
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3. Results

The network described in paragraph 2.3 was trained using the algorithm described in
paragraph 2.2 and the reward signal in paragraph 2.4. The CPU used during training was
an Intel(R) Core (TM) i7-7700HQ CPU @ 2.80GHz with 4 cores and 8 logical processors.
The type of the hero during the training was the warrior and the training was performed
for about four thousand (4000) episodes, which corresponds to about seven million steps
(7M) and roughly to nine hundred thousand (900) updates. A typical computer screen
during the training is depicted in Figure 19

B O Type heretosearch :‘: (o] e a n : @ ﬂ a m W g p £ 22°c Partlysunny A © W Z Q) ENG |;5;239/:(:;2 =1

Training results in the agent accumulating more average rewards per episode compared
to an agent acting randomly. The progress is depicted at Figure 20

1500 Mean episodic return per update

4000

3500

1000

Mean episodic return

0 100000 200000 300000 400000 500000 600000 700000 800000 900000
8-step updtates

Figure 20: The blue line indicates the average episode rewards achieved during the agent training,
and the red depicts the average episode rewards of an agent acting randomly for one thousand
(1K) episodes.
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Where the blue line shows the average episode rewards achieved during agent training
and the red line depicts the average episode rewards achieved by an agent acting
randomly over one thousand (1K) episodes.

As we can see, the agent successfully learns to gradually accumulate more rewards.
Although we must keep in mind that these rewards come from a system created to help
train the agent and are not a scoring system that characterizes the agent's success in the
game. For this reason, we need to evaluate the training of the agent through its behavior
and its ability to reach the final goal of the game which is the entrance to the next cave.

Results in this scope are mixed, with the agent certainly achieving some good behavior
while some other goals are not. Specifically, the agent learns to react to enemy attacks
and as a result survives longer during a game episode. For example, the next figures will
describe the behavior of the agent when facing enemies, each figure caption will give the
probability that an action is chosen, as well as the action the agent ultimately chooses.

Probabilities for the next hero action are [moves up:0.1998,
moves right:0.1645, moves down 0.2082, moves left 0.2199,
rests 0.0522, uses hp potion 0.0012, uses mp potion
0.0004, attacks 0.1535, picks aweapon 0.0004], next action

of the hero is down

Probabilities for the next hero action are [moves up:0.1299,
moves right:0.0996, moves down 0.1199, moves left 0.1334,
rests 0.0682, uses hp potion 0.0006, uses mp potion
0.0002, attacks 0.4480, picks a weapon 0.0002], next action

of the hero is attack

Probabilities for the next hero action are [moves up:0.1977,
moves right:0.1711, moves down 0.2064, moves left 0.2236,
rests 0.0485, uses hp potion 0.0011, uses mp potion 0.0003,
attacks 0.1509, picks a weapon 0.0004], next action of the
hero is down

@ - x

Probabilities for the next hero action are [moves up:0.0853,

moves right:0.0596, moves down 0.0739, moves left 0.0812,
rests 0.0801, uses hp potion 0.0005, uses mp potion 0.0001,
attacks 0.6193, picks a weapon 0.0001], next action of the
hero is attack

Figure 21:Sequence of events when the agent faces an enemy
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During the sequence of events, the agent senses the presence of an enemy then tries to
attack and kill that enemy. In the next series of figures, we will see how the agent tries to
recover from the battle.

&1 - X

Probabilities for the next hero action are [moves up:0.0309,  probabilities for the next hero action are [moves up:0.0401,
moves right:0.0173, moves down 0.0258, moves left 0.0277, moves right:0.0253, moves down 0.0383, moves left 0.0399,
rests 0.4071, uses hp potion 0.0009, uses mp potion 0.0001, rests 0.6155, uses hp potion 0.0022, uses mp potion 0.0004,

attacks 0.4898, picks a weapon 0.0002], next action of the  attacks 0.2378, picks a weapon 0.0005], next action of the
hero is attack hero is rest

Figure 22:Agent recovers after the encounter with the enemy.

The agent also manages to have a good general orientation about which direction to
move in order to fully explore the map, in the next series of figures different game starts
are used to show the correct general orientation of the agent during exploration.

& - x & - X

probabilities for the next hero action are [moves up:0.3500, probabilities for the next hero action are [moves up:0.2259,
moves right:0.2862, moves down 0.1841, moves left 0.1724, moves right:0.1878, moves down 0.3117, moves left 0.2640,
rests 0.0003, uses hp potion 0.0005, uses mp potion 0.0002, rests 0.0007, uses hp potion 0.0006, uses mp potion 0.0003,
attacks 0.0062, picks a weapon 0.0001] next action of the attacks 0.0089, picks a weapon 0.0002] next action of the
hero is down hero is left

Figure 23: General orientation of the agent during exploration.
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One of the things the agent failed to learn is how to properly use the health potion. The
agent seems to prefer the rest function instead. This is due to the problem of sparse
rewards, see paragraph 1.4, because it is easier for the agent to understand the
immediate rewards given by the rest action than the longer-delayed rewards from the
health potions, even if the health potions rewards are significantly larger.

Another area where the agent failed to develop the right strategy is acquiring weapons,
again the problem of sparse rewards seems to be the main reason. The agent did not
understand how acquiring a weapon in the present would benefit the future, either in the
ability to kill enemies more easily or in the ability to withstand enemy attacks.

In general, the agent seems to learn how to survive and kill enemies and do some basic
map exploration. Although the agent failed to effectively achieve the ultimate goal of the
game, which is to enter the next cave. As we can see in Figure 24, the agent managed
to enter the next cave and to explore a large part of the map and in the meantime Kill
many enemies, notice the level of the hero, on the other hand the agent was stuck in
parts of the map unable to understand that more rewards can be collected by re-crossing
the already discovered part of the map and exploring new areas, where the entrance to
the next cave is located. This problem occurs again due to sparse rewards, although one
more challenge is added. The challenge is the randomness of the game, each time the
game map is generated is different and the location of the entrance to the next cave is
unknown, so the agent cannot memorize a specific pattern of how to find the next cave
entrance and it is necessary to explore each cave to find it. This leads to an agent unable
to link the exploration with the final goal, which is the stair type tile, see paragraph 1.1.1.2.

&4 = X &4 = X

The agent after 5380 moves has explorethe most part of the The agent after 9669 steps is stuck in the same area and

map and manage to reach level 3. cannot conclude that traversing the already discovered
areas of the map will lead to more rewards and the stair to
the next cave.

Figure 24: The exploration problem faced by the agent
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4. Conclusions

Most of the techniques, used in training the thesis agent, are well-proven. For example,
CNNs are able to capture images and extract features from them [1],[11], LSTM can help
in closing the gap between agent observation and game state [16],[18], asynchronous
parallel training can deal with data correlation and speed-up training [17], and the Adam
optimizer has the ability to perform well with sparse gradients and to work well in online
and non-stationary settings [21]. Although, the challenges presented by the game of the
thesis (par. 1.4) create a more challenging environment than those for which the
aforementioned techniques have been used to demonstrate an RL agent capable of
playing video games at human level.

In particular, the two challenges that increase the difficulty are the sparse rewards and
the randomness of the game (see paragraph 1.4), which in turn creates a huge state
space. As a result, the agent must learn to effectively explore the game environment and
devise extended time strategies. In order to achieve this, three tools were used, the
entropy (see paragraph 2.2.1), the small learning rate (see paragraph 2.5) and the
rewards signal shaping (see paragraph 2.5). The process of tuning the reward signal
proved to be a difficult task, requiring many trials, where small changes lead to very
different results. For example, when the rewards used did not include punishment for
pointless actions, like attacking without the presence of an enemy, led to an agent that
explored less and stuck to specific actions. Similarly, when the punishment for moving
toward a wall was equal to the punishment for taking pointless actions, the agent moved
aimlessly near walls and was reluctant to move away from them. Thus, the rewards
system described in paragraph 2.4 is a result of many tests and although is not perfect
creates the agent with the most promising behavior.

Another important factor determining the behavior of the agent, was the inputs to the
network. When games log (see paragraph 1.1.1.7) and hero status (see paragraph
1.1.1.6) were not included as network inputs, the agent failed to detect changes in the
game state, such as hit point reduction, and react accordingly. For this reason, the use of
this information was critical to the performance of the agent presented in this thesis.

The performance of the agent trained for this thesis has mixed results. The agent was
able to learn how to survive on a game by attacking enemies and recovering lost hit
points. Although, the agent fails to learn how to implement extended strategies (see
paragraph 1.4) regarding the correct usage of items and the proper exploration of the
game maps. This behavior exposes the limitation of the techniques used in this thesis.
Simple optimization techniques like the one used in [1] can, with enough computational
ability, solve naive problems like some of the ATARI 2600 games. This problem arises
for tasks that requires more extended time strategies like the game of the thesis and the
Montezuma’s Revenge, an ATARI game famously difficult for deep reinforcement
learning methods.

Probably the efforts made to solve Montezuma’s Revenge can be the solution for the ring
of the Wizard Werdna game. In particular, two recent publications use advanced
exploration techniques to perform well in Montezuma's Revenge. The first [25] introduce
bootstrapped DQN, a simple algorithm that explores in a computationally and statistically
efficient manner through use of randomized value functions. The second [26] uses
random network distillation (RND) as an exploration bonus for deep reinforcement
learning methods. The bonus is the error of a neural network predicting features of the
observations given by a fixed randomly initialized neural network.
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A future effort for creating an agent capable of playing the ring of the Wizard Werdna
game effectively, should consider the use of these two advanced exploration techniques
described above.
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APPENDIX I: Hyperparameters

List of hyperparameters and their values.

Hyperparameter Value Description

Training Batch 8 The number of training case over which the update is
performed

History length 8 Number of consecutive states used as input to the
LSTM network.

Discount factor 0.99 Discount factor y used in the calculation of the
discounted reward G,

Update frequency |8 The number of actions selected by the agent between
successive updates.

n-step 4 The maximum number of consecutive rewards used for
the calculation of the discounted reward G,

Entropy 0.0001 | The parameter controls the amount of entropy

regularization H(m(- |s¢; Werieic)) @dded at the policy losses.

Learning rate « 0.00001 | The learning rate used by the Adam optimizer

Exponential decay | 0.9 The coefficient which controls the moving average of

rate 5, the gradient m, used by the Adam optimizer

Exponential decay | 0.999 The coefficient which controls the moving average of

rate £, the squared gradient u, used by the Adam optimizer

Epsilon ¢ 108 Term added to the denominator of the Adam update

eqguation to improve numerical stability.
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APPENDIX II: Networks Block Diagram

Actor network block diagram
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Critic network block diagram
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APPENDIX Ill: Agent training code

import torch.cuda

import torch.nn.functional as F
from torch import nn

import torch.multiprocessing as mp
from GamePAI import GamePAI
import my_optim

import sys

import pygame

import numpy as np

import pandas as pd

from os.path import exists

featuresCNN1 = 32
CNN1Shape = 4
CNN1Step = 1
featuresCNN2 = 16
CNN2Shape = 5
CNN2Step = 2
featuresCNN3 = 8
CNN3Shape = 11
CNN3Step = 2
denselLayerN = 256
denselLayerNL_21
denselLayerNL_31
action_number = 9

64
128

h step = 8
n_step = 4
batch = 8

screenfactor =1

decay_steps = 10000

seeded = False

input = (148,148,3)

record = False

torch_g = True

dir = 'D:\ekpaldiplomatikilold_versions\Wizard-Werdna-Ring-Adventure-Problem-
fixed-float-instead-integer-for-playerstatus-and-game-text-also-better-approach-
for-the-LSTM-usage\playerActorLSTM 23 8 22 1 a3c_11'

inputl = (1, 1, 148, 148, 3)

input2 = (1,1,8)

input3 = (1,1,125)

class actor(nn.Module):
"'"'This class creates the model of the actor part of the reiforcment learning
algorithm'"'
def __init_ (self):
super(actor,self).__init_ ()
self.cnnl = nn.Conv2d(3,featuresCNN1,CNN1Shape,stride=CNN1Step)
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self.cnn2 =

nn.Conv2d(featuresCNN1,featuresCNN2,CNN2Shape, stride=CNN2Step)
self.cnn3 =

nn.Conv2d(featuresCNN2,featuresCNN3,CNN3Shape, stride=CNN3Step)
self.lstmCnn = nn.LSTM(7688,denseLayerN,batch_first=True)
self.lstmStatus = nn.LSTM(8,denseLayerNL_21,batch_first=True)
self.lstmText = nn.LSTM(125,denseLayerNL_31,batch_first=True)
self.act_prob =

nn.Linear(denseLayerN+denseLayerNL 21+denselLayerNL_31,action_number)

def forward(self,inputl,input2,input3,hiddenCnn = None,hiddenll =
None,hiddenl2 = None):
batch _size, timesteps, C, H, W = inputl.size()
cl_in = inputl.view(batch_size * timesteps, C, H, W)
x = self.cnnl(cl_in)
c2_in = F.relu(x)
c3_in = F.relu(self.cnn2(c2_in))
c_out = F.relu(self.cnn3(c3_in))
lstmCnn_in = c_out.view(batch size, timesteps, -1)
if hiddenCnn is not None:
lstmCnn_out, hiddenCnn_out
else:
lstmCnn_out, hiddenCnn_out
if hiddenll is not None:
1stmll out, hiddenll out
else:
1stmll out, hiddenll out
if hiddenl2 is not None:
1stml2 out, hiddenl2 out
else:

self.1lstmCnn(1lstmCnn_in, hiddenCnn)

self.lstmCnn(1lstmCnn_in)

self.lstmStatus(input2, hiddenll)

self.lstmStatus(input2)

self.lstmText(input3, hiddenl2)

1stml2 out, hiddenl2 out = self.lstmText(input3)
a = F.softmax(self.act prob(torch.cat((hiddenCnn_out[@]]-
1],hiddenll out[@][-1],hiddenl2 out[@][-1]),dim=1)),dim=1)
return a,hiddenCnn_out,hiddenll out,hiddenl2 out

class critic(nn.Module):
"'"'This class creates the model of the critic part of the reiforcment
learning algorithm'"'
def __init_ (self):
super(critic,self).__init_ ()
self.cnnl = nn.Conv2d(3,featuresCNN1,CNN1Shape,stride=CNN1Step)
self.cnn2 =
nn.Conv2d(featuresCNN1,featuresCNN2,CNN2Shape, stride=CNN2Step)
self.cnn3 =
nn.Conv2d(featuresCNN2,featuresCNN3,CNN3Shape, stride=CNN3Step)
self.lstmCnn = nn.LSTM(7688,denseLayerN,batch_first=True)
self.lstmStatus = nn.LSTM(8,denseLayerNL_21,batch_first=True)
self.lstmText = nn.LSTM(125,denseLayerNL_31,batch_first=True)
self.value = nn.Linear(denseLayerN+denseLayerNL_21+denseLayerNL_31,1)
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def forward(self,inputl,input2,input3,hiddenCnn = None,hiddenll =
None,hiddenl2 = None):
batch_size, timesteps, C, H, W = inputl.size()
cl_in = inputl.view(batch_size * timesteps, C, H, W)
x = self.cnnl(cl_in)
c2_in = F.relu(x)
c¢3_in = F.relu(self.cnn2(c2_in))
c_out = F.relu(self.cnn3(c3_in))
lstmCnn_in = c_out.view(batch_size, timesteps, -1)
if hiddenCnn is not None:
1stmCnn_out, hiddenCnn_out
else:
1stmCnn_out, hiddenCnn_out = self.lstmCnn(lstmCnn_in)
if hiddenll is not None:
1stmll out, hiddenll out
else:
1stmll out, hiddenll out
if hiddenl2 is not None:
1stml2 out, hiddenl2 out
else:
1stml2 out, hiddenl2 out = self.lstmText(input3)
v = self.value(torch.cat((hiddenCnn_out[@][-1],hiddenll out[0]]-
1],hiddenl2_out[@][-1]),dim=1))
return v,hiddenCnn_out,hiddenll out,hiddenl2 out

self.lstmCnn(lstmCnn_in, hiddenCnn)

self.lstmStatus(input2, hiddenll)

self.lstmStatus(input2)

self.lstmText(input3, hiddenl2)

class agent():

"'"'This class creates the agent, which interacts with the game and tries to
learn how to play folowing actor-critic RL algorithm''’
def __init__ (self,actor,critic, gamma = 0.99):

self.gamma = gamma

self.actor = actor

self.critic = critic

self.log _prob = None

self.buffer State = []

self.buffer_playerStatus = []

self.buffer_text = []

self.buffer_reward = []

self.buffer_size = 7

def act(self,state,playerstatus,gameText,agent):

"'"'This function returns the action the agent will perform based on the
enviroment state'''

prob, , , =
self.actor.forward(torch.tensor(state).float(),torch.tensor(playerstatus).float()
, torch.tensor(gameText).float())

print(prob,agent)

dist = torch.distributions.Categorical(prob)

action = dist.sample()

return action

def value(self,state,playerstatus,gameText):
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This function returns the agent estimation for the value of the
enviroment state'"’

V)_J_J_
self.critic.forward(torch.tensor(state).float(),torch.tensor(playerstatus).float(
), torch.tensor(gameText).float())

return v

def preprocess@(self, state,playerstatus,gameText,game_start):

"'"'This function prepares the environment observations as input for the
two networks. Creates packet of 8 consecutive observations as input for the lstm
networks"' "'

if game_start:

self.buffer_State = []
self.buffer_playerStatus = []
self.buffer_text = []

if len(self.buffer_State) > self.buffer size:

del self.buffer State[9]

self.buffer_State.append(state)

state = np.array(self.buffer State)

state = np.expand_dims(state, axis=0)

if len(self.buffer_playerStatus) > self.buffer_size:

del self.buffer playerStatus[0]
self.buffer_playerStatus.append(playerstatus)
playerstatus = np.array(self.buffer playerStatus, dtype=np.float32)
playerstatus = np.expand dims(playerstatus, axis=0)

if len(self.buffer_text) > self.buffer size:

del self.buffer_ text[0]
self.buffer_text.append(gameText)
gameText = np.array(self.buffer_text, dtype=np.float32)
gameText = np.expand_dims(gameText, axis=0)
return state,playerstatus,gameText

def preprocessl(self, state,playerstatus,gameText,
rewards,values,actions,done, gamma):
"'"'This function prepares the environment observations as input for
training the networks. Creates 7 packs of 8 consecutive environmental
observations and
also calculates the discounted rewards for each case
using the equation Vs@=RO+gamma*R1l+gamma”2*R2+...+gamman*Vs4
discnt_rewards = []
if done:
values[-1]=0
for i in range(len(rewards)):
if i + n_step < len(rewards):
power = ©
disc_rew = 0
for z in range(i,i+n_step):
disc_rew += rewards[z]*(gamma**power) #+
power += 1
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disc_rew += values[i+n_step]*(gamma**n_step)
discnt_rewards.append(disc_rew)
if i + n_step >= len(rewards):
power = O
disc_rew = ©
for z in range(i,len(rewards)-1):
disc_rew += rewards[z]*(gamma**power) #+
power += 1
if i < len(rewards)-1:
disc_rew += values[-1]*(gamma**power)
discnt_rewards.append(disc_rew)
state = state[:-1]
playerstatus = playerstatus[:-1]
gameText = gameText[:-1]
actions = actions[:-1]
state = np.array(state)
state = np.squeeze(state,axis = 1)
playerstatus = np.array(playerstatus)
playerstatus = np.squeeze(playerstatus,axis = 1)
gameText = np.array(gameText)
gameText = np.squeeze(gameText,axis = 1)
return state,playerstatus,gameText,discnt_rewards,actions

def actor_loss(self, probs, actions, td):
L = -log(n(a | s)) * A(s) - B*H(m)

where H(m)=-X(P(x) log(P(x))"""'

e loss = []

p_loss= []

log probabilities = torch.log(probs)

for pb,1lb,a,t in zip(probs,log_probabilities,actions,td):
policy loss = torch.mul(torch.squeeze(lb[a]),t)
entropy_loss = torch.negative(torch.sum(torch.multiply(pb,1b)))
e_loss.append(entropy_loss)
p_loss.append(policy_loss)

p_loss = torch.stack(p_loss)

e_loss = torch.stack(e_loss)

p_loss = torch.mean(p_loss)

e_loss = torch.mean(e_loss)

loss = -p_loss - 0.0001 * e_loss

return loss

def losses(self, states,playerstatus,gameTexts, actions, discnt_rewards):
"'"'Critic and actor losses are calculated and refunded'''
discnt_rewards = torch.tensor(discnt_rewards)

P, _5_>_ =

This function calculate the actor loss using the equation Policy Loss:

self.actor.forward(torch.tensor(states).float(),torch.tensor(playerstatus).float(

), torch.tensor(gameTexts).float())

V.’_)_.’_

= self.critic.forward(torch.tensor(states).float(),torch.tensor(playerstatus).fl

oat(), torch.tensor(gameTexts).float())
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v = torch.reshape(v, (len(v),))

td = torch.subtract(discnt_rewards, v)

a_loss = self.actor_loss(p, actions, td.detach())

c_loss = @.5*torch.mean(torch.pow(torch.subtract(discnt_rewards, v),2))
return a_loss, c_loss

def share_grads_a(self, global actor):
'''Sets the grads of the global model equal to those of the local
model" "’
for param_a_1l,param_a_g in
zip(self.actor.parameters(),global actor.parameters()):
param _a _g. grad = param_a_l.grad
def share grads c(self,global critic):
'''Sets the grads of the global model equal to those of the local
model" "’
for param_c_1,param_c_g in
zip(self.critic.parameters(),global critic.parameters()):
param c_g. grad = param_c_l.grad

def
Agent_Runner(total_steps,global_actor,global_critic,dfrewards,agents_reward, lock,
agents,total episodes,optimizer actor,optimizer_critic):
"''A function that runs the training for 10000 episodes'''
local actor = actor()
local critic = critic()
local_actor.load_state_dict(global_actor.state_dict())
local _critic.load_state_dict(global critic.state_dict())
agentoo7 = agent(local_actor,local_critic)
episode = 10000
total_avgr = []
game =
GamePAI(1, 'Connan',444,444,screenfactor,True,0,False,seeded,torch_g,agents)
game_No = ©
s =0
for s in range(episode):
s +=1
game_No = game_No + 1
done = False
game_start = True
state,playerStatus, gameText = game.initialGameState()
state,playerStatus, gameText agentoo7.preprocess@(state,playerStatus,
gameText,game_start)
game_start = False
total_reward = 0@
train_actions = []
train_states = []
train_playerstatus = []
train_gametexts = []
train_rewards = []
train_values = []
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steps = ©
while not done:
for event in pygame.event.get():
if event.type == pygame.QUIT:
lock.acquire()
total steps[@] += steps
agents reward[@] += total reward
total episodes[@] += 1
total avgr = agents_reward[@]/total episodes[0]
episodeStat =
[total steps[@],total episodes[@],agents _reward[0],total avgr]
dfrewards.append(episodeStat)
lock.release()
pygame.quit()
sys.exit()
steps +=1
action = agentoo7.act(state,playerStatus,gameText,agents)
values = agentoo7.value(state,playerStatus,gameText)
next_state,reward, next playerStatus, next gameText,done =
game.playerAction(action)
action _name =
{0:'up',1:'right',2:'down"',3:"left',4: 'rest',5:"'hp',6:'mp',7:"attack’',8: "pick'}
print(agents,action_name[action.item()],reward,game.cave,steps)

total reward += reward
if len(train_playerstatus) >= batch:
del train_actions[9]
del train_states[9]
del train_playerstatus[0]
del train_gametexts[0]
del train_values[9]
del train_rewards[9]
train_actions.append(action)
train_states.append(state)
train_playerstatus.append(playerStatus)
train_gametexts.append(gameText)
train_rewards.append(reward)
train_values.append(values)
next_state,next_playerStatus,next_gameText =
agentoo7.preprocess@(next_state,next_playerStatus,next_gameText,game_start)
state = next_state
playerStatus = next_playerStatus
gameText = next_gameText
if done:
game.__init_ (1, 'Connan',444,444,screenfactor,True,game_No,False,
seeded, torch_g,agents)
if steps > batch+h_step:
if steps¥%batch == @ or done:
train_states_1,train_playerstatus_1,train_gametexts_1,discnt_
rewards_1,train_actions_1=
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agentoo7.preprocessl(train_states,train_playerstatus,train_gametexts,
train_rewards,train_values,train_actions,done, 0.99)

al,cl =
agentoo7.losses(train_states_1,train_playerstatus_1,train_gametexts_1,
train_actions_1, discnt_rewards_1)

print(al,cl)

optimizer_actor.zero grad()

optimizer critic.zero_grad()

al.backward()

cl.backward()

agentoo7.share_grads_a(global _actor)

agentoo7.share_grads c(global critic)

optimizer_actor.step()

optimizer_critic.step()

local actor.load state dict(global actor.state dict())

local critic.load state dict(global critic.state dict())

if done:
lock.acquire()
agents reward[@] += total reward
total steps[@] += steps
total episodes[@] += 1
print('I work '+str(agents))
total avgr = agents_reward[@]/total episodes[9]
episodeStat =
[total_steps[@],total_episodes[@],agents_reward[0],total_avgr]
dfrewards.append(episodeStat)
if total episodes[0]%200 == @ and total episodes[0@] !=0:
d = list(dfrewards)
d = pd.DataFrame(d, columns=['steps', 'episodes', 'rewards',
‘average_rewards'])
d.to_excel(dir+'\statistics '+
str(total_episodes[@])+"'.x1sx")
torch.save(global_actor.state_dict(), dir + "\ ' +
str(total episodes[@]) + 'actor_model.pt')
torch.save(global_critic.state_dict(), dir + "\ ' +
str(total_episodes[@0]) + ‘'critic_model.pt')
lock.release()

if _name__ == '__main__':
"'"'The multiprocessing part of the script. This code starts 8 Agent_Runner

functions, one for each processor core'''

if exists(dir + '\steps.txt'):
f = open(dir+'\steps.txt','r")
total_steps_int = int(f.read())
f.close()

if exists(dir + '\Total_rewards.txt'):
f = open(dir+'\Total_rewards.txt','r")
total_rewards = float(f.read())
f.close()
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if exists(dir + '\episodes.txt'):

f = open(dir+'\episodes.txt','r")

episodes = int(f.read())

f.close()

num_processes = mp.cpu_count()

total steps = mp.Manager().list([0])

total steps[@]=total steps_int

dfrewards = mp.Manager().list()

agents_reward = mp.Manager().list([0])

agents _reward[@]= total rewards

total episodes = mp.Manager().list([0])

total episodes[@] = episodes

lock = mp.Lock()

global actor = actor()

global_critic = critic()

print(exists(dir + '\ ' + str(total episodes[@]) + 'critic_model.pt'))
if exists(dir + '\ ' + str(total episodes[@]) + 'actor _model.pt'):

global actor.load state dict(torch.load(dir + '\ ' +
str(total episodes[@]) + 'actor_model.pt'))

global actor.train()

print('Global actor model is loaded')

if exists(dir + '\ ' + str(total episodes[@]) + 'critic _model.pt'):

global critic.load state dict(torch.load(dir + "\ ' +
str(total episodes[@]) + 'critic _model.pt'))

global _critic.train()

print('Global critic model is loaded')

global_actor.share_memory()

global_critic.share_memory()

optimizer_actor = my_optim.SharedAdam(global_actor.parameters(), lr=1le-5)
optimizer_critic = my_optim.SharedAdam(global_critic.parameters(), lr=1le-5)
processes = []

for agents in range(num_processes):

p = mp.Process(target=Agent_Runner,
args=(total_steps,global_actor,global_critic,dfrewards,agents_reward, lock,agents,
total episodes,optimizer actor,optimizer_critic))

p.start()

processes.append(p)

for p in processes:

p.Jjoin()

torch.save(global_actor.state_dict(), dir + "\
"actor_model.pt")

torch.save(global_critic.state_dict(), dir + '\ ' + str(total_episodes[@0])
+ ‘'critic_model.pt')

d = list(dfrewards)

d = pd.DataFrame(d, columns=['steps', 'episodes', 'rewards’,
'average_rewards'])

d.to_excel(dir+'\statistics_'+ str(total_episodes[0]) + '.x1lsx')

f = open(dir+'\steps.txt','w")

f.write(str(total_steps[0]))

f.close()

f = open(dir+'\Total_rewards.txt','w")

+ str(total_episodes[@]) +
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f.write(str(agents_reward[0]))
f.close()

f = open(dir+'\episodes.txt','w")
f.write(str(total_episodes[0]))
f.close()
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ABBREVIATIONS — ACRONYMS

A3C Asynchronous Advantage Actor-Critic
Al Artificial Intelligence

ANN Artificial Neural Network

CNN Convolutional Neural Network
CPU Central Processing Unit

DNN Deep Neural Network

DP Dynamic Programing

DON deep Q-network

FPS First Person Shooter

GPI General Policy Iteration

GPU Graphic Processing Unit

HP Hit Points

ID Identity

LSTM Long Short-Term Memory

MC Monte Carlo

MDP Markov Decision Process

ML Machine Learning

MP Mana Points

NN Neural Networks

POMDP Partially Observable Markov Decision Process
RelLU Rectifier Nonlinearity

RND Random Network Distillation
RNN Recurrent Neural Network

RPG Role Playing Games

SARSA Sate Action Reward State Action
SGD Stochastic Gradient Descent

TD Temporal Difference

XP Experience Points
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