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The goal of this project was to study the characteristics @rbequences of using
dynamic behavior in artificial intelligence (Al). The maimnpose was to create a
computer chess program with two different artificial inggthce engines and using
them as a tool for performing different experiments.

The project was carried out by developing a simple chessranogith two different
Al engines, one containing classical Al techniques withtbetuse of dynamism, and
another Al engine with adaptive behavior and dynamic evelodechniques.

The results showed a remarkable improvement on the adaptiemgine over the
classic Al engine. The results also demonstrated the cigdl®f implementing
proper adaptive behavior for the system. Neverthelessag proved that it was
feasible to program certain dynamism, as an extension toléissic Al engine, thus
enabling the intelligent agent to provide adaptive and m#ik@ behavior when
playing a game.

To summarize, the results proved the possibility to creasarglified model of a
computational intelligent system with certain basic dymabehavior capabilities.
Nonetheless, it is recommended to further develop the curmeplementation in
order to enable the intelligent agent to widen its dynamitavéor functionality and
to implement basic learning capabilities.
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1 Introduction

Artificial intelligence (Al) is, according to the Compact @xfl English Dictionary of
Current English, the capability of computer systems to perftasks which require the
involvement of human intelligence [1]. Furthermore, Conapional Intelligence (ClI)
is defined as the subset of artificial intelligence, whicherevthe studies of adaptive
mechanisms for providing intelligent behaviorism in dyn@aenvironments [2, 3-4].

The purpose of this project is to study the basic principésid computational intelligence,
experimenting with the concept of dynamic behavior in aitifiintelligence. In addition

to this, this projects aims at implementing such dynamisenmanner that the intelligent
agent would be capable of simulating basic human-like hehaas proposed by Alan
Turing in his Turing Test. According to the Turing Test, a imiae can be tested in order
to discover if it is able to imitate human intelligence, thlisguising among actual human
beings. [3, 77-79]

The goal of this project is to develop a chess engine, as aat@tignal intelligent system,
whose intelligence might follow an adaptive pattern, inmitg the human intelligence
when playing a chess match. Moreover, this chess enginddsimmlude both a classical
artificial intelligence engine and a renovated adaptiverenghus providing the necessary
tools for analyzing the improvements and benefits of usirggpade techniques.

The scope of this project is limited to a basic study and a Emmpplementation based on
computational intelligence, thus narrowing the range wdgto the properties of interest.
First, there is limited availability of proper equipmendi(testing purposes) and, second,
there is certain incapability of knowing if the Turing Tesbwd be passed or not by the
implementation of this project.



2 Literature Review

2.1 Approaches to Artificial Intelligence

The first problem that arises when discussing Atrtificial llrgence (Al) is how to define
intelligence. Most Al-related research processes relyestudy of the human intelligence,
at first, whereas, at the second stage, they aim at definingahmachine or computer
system could perform a given task demonstrating humarbikevior. [4, 3-6]

Currently, there is no unified paradigm that would establrehgath of research in the
field of Al. Instead, different approaches are being ingegéd in order to tackle the
problem of creating the most suitable representation modéhe human reality. Hence,
there is a constant debate between different research gradnere each group defends
its approach to be the correct one. The most important relsesiare based on Symbolic
Al, Computational Intelligence (including all Connectiomigparadigms), and Atrtificial
Life, among others. [3, 11-18]

Computational Intelligence (CI) requires that the inteliggystem develops itself and
learns from a dynamic environment [2, 3-4]. On the other h&yanbolic Al deals with
the abstract duality of symbol-association [3, 71-95]. rEf@e, and having in mind the
current trends in computing, Cl is one of the most researcppmbaches inside Al, and it
includes different branches such as artificial neural nekgjaevolutionary computation,
artificial immune systems and fuzzy systems [2, 3-13]

2.2 Computer Chess and Human Cognition

Computer chess is an example of an Al challenge which benefitsthe principles of CI.
The thinking style during a chess match requires a comps®eamount of computation,
thus becoming suitable for being implemented as a Cl systeonetfieless, there are
certain aspects, such as the representation of the boatt@pteces, that are considered
more a cognition problem than a computational problem. &foee, a computer chess
program involves a Cl system with both cognition and computatapabilities. [4,
20-24]

Accordingly, a computer chess program has to be capablgofsenting the reality (the
chess board and the pieces, in this case) taking two keyrfaciato account. First,
the internal representation must be as close to reality asilgle; otherwise the system



will not work. Second, the internal representation must$etimal as possible, hence
enabling the computational model to process a wider rang&aimation in a narrower
time frame. However, the second factor is purely conditisivece a chess program may
still represent the reality perfectly without any optintina. [5, 1-37]

As regards cognition, a computer chess program, accorairtet Turing Test, must

prove a certain level of understanding in the structure eflibard and how the pieces
are placed in order to produce a natural flow of the game [3.&}- In consequence, a
computer chess, and any computer system, that is tacklengjuhing Test must account
for a set of learning methods, both short-term and long-ténos leading to performance
improvements in the dynamism of its behavior [6, 1-3].

Besides the performance improvements, dynamic learniregtafthe overall behavior
of the system, resulting in a more flexible behavior. Foransg, hardwired behavior
denotes a fixed pattern of behavior through the life cycleheftask performed by the
system. However, dynamic behaviors are based on initiatjplies that are not completely
hardwired, but they are modified by a given set of functiond algorithms, during the

life cycle of the task. [6, 3-6]

The computer chess cognition principles and how learninthats are put into practice
condition how human beings perceive the intelligence of fygtem. Most computer
chess programs denote a common style of playing, applyiatg horce-like algorithms

in order to find the best move at any point in the match. Needds, humans do not
always play the best move, as they analyze the situation @mergte a response based on
other factors besides the actual chess board. Hence, a temghess program is most
likely to be detected as a mere machine, by experienced huhess players. [5, 62-87]

In conclusion, a computer chess program must, in order twtlepman-like behaviorism
and tackle the Turing Test problem, adapt itself througlhedthe moves in a game, thus
altering its learning principles along the different sttaas presented across different
games. As a result, the computer chess program may acq(tinetjme, a certain degree
of dynamism that could lead to highly flexible behaviors fdumhuman responses when
interacting with a complex environment. [7, 53-55]



3 Computer Chess Techniques

3.1 Board Representations

The first step towards reality cognition and recognitionamputer chess is the representation
of the board and the pieces. Admittedly, a piece of softwaustrbe told, in exact terms,
what a piece is, what a square is and what the board is. As thenttechnology sets the
requirements of how information is stored and processedigpresentation of the board
must be, generally speaking, a numerical approximatioesturrent technology is built

on the top of simple arithmetic calculations. [5, 1-2]

A simple representation of a chess board may be based on ditmemsional matrix of
eight rows and eight columns, where each entry into the radntains the representation

of one piece or an empty square. This is a straightforwardogah, from the human-cognition
point of view. However, there are alternative solutionghsas creating a unidimensional
array of 64 components. The differences between differeptesentations affect the
manner in which the information is internally processed liy $ystem. Therefore, the
main goal of studying different representations is to poada proper representation with
the maximum possible efficiency. [8]

Besides the classical way of representing a board in a vetyeces and squares or a
two-dimensional matrix, there is a relatively new techmeigehich is based on the use of
64-bit computer extensions to perform computations in tiremum possible amount of
processor instructions. This technique relays on the Beechitboards (or bitmaps). In
chess, there is the coincidence that there are exactly $4Andiich is the current computer
trend in processor designs. Therefore, it is possible tafcadwhole board of chess in
a single number of 64 bits. The gains are due to the fact thabnedocan be processed
in a single processor instruction with current computersergas the classical matrix
representation takes at least 64 processor instructidpe poocessed. [8]

Bitboards cannot represent every piece, but just containraad.aon a square. However,
current computer chess programs store different bitbo@.ds a bitboard for the white
bishops, another one for the black pawns) and then perfoeratipns by using simple
boolean algebra against different bitboards. Figure 1 destnates the usage of two
different bitboards which can be used together to perforrhes€ operation in a single
processor instruction. [8]



8/10/0|0/0|0|0|0]|O0 8|10(1|1/1|1/1,1|0
710/0|{0/0|0/0|0]|O0 711111111 |1
6/10/0|0/0|0/0|0]|0 611(1|1/1|1/1|1|1
5/0/0{0/0|0|0|0]|0 511(0(]01{1/1,0]|0
410/0|0/0|0/0|0]|0 410(0|1/1|1/1,1|0
3/0/0|{0/0|0|0|0]|O0 3/10(0|1/0|0/0|0]|1
2/10/0|0/0|0|0|0O]O0 2100|0100 |0]|0
110/0{0/0|1/0|0]|0 110(0({0/0|1/0|0]|0

ABCDEFGH ABCDEFOGH

@) white king position b) black pieces attack

Figure 1: Bitboard superposition technique

The bitboardain figure 1 shows the position of the white king, represented b, and all
the Os are the other 63 squares, where the white king is ndirrgs On the other hand,
the bitboardb in figure 1 depicts the set of squares to which black piecesarently
attacking. In order to see if the white king is in check or reotomputer chess program
using these bitboards may simply superpose them using &oateiltiplication (logic
operation AND). If the result of this operation is differghtin zero, then the white king
is in check (one or more black pieces are attacking the soulaeee the white king is),
otherwise the white king is not in check (AND operation résui zero because no black
attack superposes with the white king position).

Finally, comparing the classical matrix approach with tlesvrbitboard technique, the
matrix-based computer chess would have to check all theregjume by one, against
the square of the king, and create an accumulative parsaltregiving the answer after
at least 64 processed squares. Nevertheless, using hbithdae very same operation is
performed at once, being executed in one processor opefatics4-bit processors) or in
two (on 32-bit processors). [8]

3.2 Evaluation

One of the fundamental blocks for building a computer chesgnam is an evaluation
function, sometimes referred to as the heuristic functidhis function has the role of
generating an absolute estimate for a given position in ascheard (static evaluation),
as well as providing some orientating data for the Al progrmas guiding the search of
a move. [5, 7-8]



An artificial intelligence application must be guided in firecess of searching what to do
next. This is one of the basic principles around Al, sinceibeligent agent is supposed
to achieve an objective and to be guided through its lifeeyehtil it achieves its given
task or goal. This is the existence purpose of the Al agentoAtingly, a chess program
must be taught how to achieve the victory during the course game. Therefore, the
heuristic evaluation function determines how suitablegbgition in the board is towards
the goal achievement. In other words, the chess program evatiiate each position
during the game and understand what goad move and dad move. [5, 7-8]

There are different ways of evaluating a chess board. THaat@n function is a fine-tuned
mathematical expression that uses a weighted mean foragstgrihow proper the position

is. The heuristic function may vary from one chess prograemtather, and the formula

is typically designed by the author of the chess program/{5%4]

The classical approach for generating an evaluation fandtas always been to create a
weighted mean using separate values for the material onoduel fhow many pieces are
left and how valuable they are) and the position of the pi¢oes well situated they are on
the board). The material is the most valued factor, sincetanahloss immediately leads
to a position where it is most likely to be lost by the playerkiag material. Normally,
the ratio between the material evaluation and the positiemaluation is of the order
of 3000:1, meaning that the material evaluation is 3000 gimere important than the
positional evaluation. [5, 7-34]

The classical approach for evaluating a position is stateaning that the evaluator shall
not know about what has happened before that position not iwhtagoing to happen
after that position. Nevertheless, modern trends tend ¢orporate additions to the
evaluator, by which the heuristic function is informed abyrevious states of the board,
thus providing the chess program with a more dynamic overeiethe game. [9, 5-24]

3.3 Tree Traversing and Minimax

In most Al applications where there is a known set of possigsl (moves in the case of
chess), programmers tend to implement a function for géingravery possible combination
of choices and then traversing the tree in search for thegwssiible combination. The
word best refers to the most suitable move for the Al agent, in orderctueve its given
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task or goal in the minimum possible amount of time. This ge&ypically the victory,
when referring to a game. [10]

For instance, the Al engine of a tic-tac-toe game has to coenputotal of 362880

games. This number is relatively small, with respect to timeent computation trends
and capabilities. Therefore, a tic-tac-toe Al program mawneagate the whole tree of
possibilities, play each branch, and finally decide whatlktést move is at any time of
the game. In this case, there is no need for a heuristic di@uanction. This is due to

the fact that every possible game can be played, and hencedti@ne responds with a
100% accuracy. [11]

In chess, however, the number of possible combinationge(diit games) is assumed
to approach infinity. Therefore, in order to know which is thest move to perform
at a current position (meaning that best is towards the mjiodbd the moving player),
a computer chess program should play a vast number of pessiiches in order to
discover the winning move at any time. The current compaatiechnology is limited,
and hence applications in which such a vast number of cdiookis involved are not
capable of providing a perfect result. Instead, these egipiins use fuzzy techniques
which intend to discover which part of the analysis can badady thus reducing the
volume of the data to be processed dramatically. [5, 43-48]

An expensive part of a computer chess is the one in chargenefgiéng the moves. They
are generated in the form of a non-binary tree, where movasame player on the same
turn are the siblings of a branch in the tree. The tree hasapthdwhich is measured in
plies (half-moves). A computer chess program is not capable ofipdal 0°®° different
matches, but, instead, has to evaluate a board several rabeas of the current board
position. That is, the computer chess program generateg atra moderate depth and
modifies the current board applying all the moves on eachchrahen it evaluates that
situation. Finally, the value of each branch of the treeligaassible game) is backed up,
thus selecting the branch with a higher probability of sssc¢b, 7-43]

The method is typically achieved with a combination of a mire= (data structure)
and a minimax-like algorithm. The minimax method is a simpdeursive algorithm
to decide the best move using the philosophy that the maxiimemefit is the minimum
loss. Therefore, a minimax algorithm traverses the mowve amed finds the minimum
possible loss for the moving player, taking into account tha opponent will maximize
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its possibilities. The evaluation of each node is, in tusrf@rmed by a heuristic function.
[5, 38-43]

Figure 2 demonstrates the usage of the minimax algorithrat, @it depth 1, the computer
selects the maximum possible score. Then, at depth 2 (thait {gossible replies to the
moves at depth 1), the computer selects the minimum scaresder to minimize the
losses (since it is the opponent who is playing now). Aftedsaat depth 3, the computer
applies the same logic as in depth 1, thus recursively finttiagninimum loss out of all
the generated possible moves. [12]
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Figure 2: Move tree with branch scoring [12]

Eventually, the number of possibilities in a move tree magdoee large. Therefore,
the volume of data in the move tree must be substantiallycedlunence enabling the
computer system to process the information within a finiteoant of time. For this

purpose, there are two common methods: decreasing the defite tree (smaller in

height) or pruning non-interesting leaves (smaller in Wjd{12]

Reducing the depth of the tree is generally a non-effectivéhatk since the computer
chess program has less capability of seeing what will happémure game situations.
Nonetheless, it is possible to shrink the width of the trelictv consists of eliminating
those branches in which itis impossible to achieve a winrasglt. The heuristic function
plays a critical role here, since it is used by the tree-prgilgorithm to determine if the
branch is interesting or not, towards the target of the caerpmhess program. [12]

The pruning algorithm applies the heuristic function atrgwaepth in the tree. As soon
as an evaluation on any of the moves (at any depth) turns toolbgewthan a previously
evaluated move, the computer chess program may cut off thacb of the tree. This
assumption is based on the fact that the opponent is suppogeay the best possible
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reply at every moment. Figure 3 shows another example of a&rtree, which has now
been pruned using a heuristic pruning. Evidently, the va@lwhthe data to be analyzed
in the tree from figure 3 is reduced by applying the cut-ofht@que to the original move
tree. [11]

wu:uE:

DLW

MAX

Figure 3: Pruned move tree with branch scoring [12]

The idea of pruning is general, and its implementation maypdrormed in different
ways. Nevertheless, the main idea is to reduce the size adateto be processed by
shrinking the width of the data tree. Modern techniques dasimoply rely on a heuristic
function to perform the cut-off, but on several heuristiadtions and other situational
factors that may show evidence of a non-interesting bratiels, leading to a cut-off on
that part of the tree. [13, 7-18]

3.4 Learning Methods

Generally, computer chess is studied as a concrete apptiaait Artificial Intelligence.
Hence, there is no concrete technique for achieving legribun computer chess programs
utilize common learning methods described in Al and CI. A catepchess program may

be implemented using any general learning technique, ssiobw@ral networks, Bayesian
networks. [14, 1-15]

Despite the general learning methods researched alongsided Cl, there are certain
simple configurations that allow a computer chess progrdeatm. These configurations
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may introduce both short-term learning and long-term le@n Short-term learning
typically refers to volatile learning, where the machinarfes while it is functioning and
then it clears its memory up on termination. On the other hlmd)-term learning can be
thought as of permanent data storage, where the machimes le&ile functioning, but it

stores the learned data on static storage up on termin§sip80-61]

Short-term learning is a typical feature in current computeess applications. It is
usually referred to asansposition tables, since it is based on the idea that any board seen
during a game may be stored in the memory. Then, if the sanme laoses once again
further on in the same game, the machine will be able to rédatim its memory. The
only benefit of the transposition tables is merely the pentorce gain, since the machine
recalls an already-analyzed position, thus not having tdyae again this position, and
generating an immediate reply to that situation. Furtheenmthese transposition tables
may be permanently stored in a disk file, thus becoming lengriearning, eventually.

[5, 60-61]
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4 Implementation of Chess0

4.1 Application Design and Purpose

ChessO0is a computer chess program, which aims at providingpdeschess engine with a
fully understandable source code and offering the basls fooanalyzing the behavior of
different Al implementations. Chess0 is an example of sindpléor playing two-player
turn-based games, and it includes two different Al appreach the same application: a
classical Al engine and an adaptive Al engine.

The classical Al engine is composed of a heuristic evaladtimction, a minimax-like
algorithm and an alpha-beta pruning technique for speedntipe decision tree search
operations. In addition, the adaptive Al engine suppontsfeatures such as randomization,
dynamic heuristics and quiescence search, which drartigticgroves the behavior of
the application compared to the classical behavior.

Figure 4 depicts the general organization of the applicafidve user communicates either
with a command-line application manager or with a graphatass board. As it can
be understood from figure 4, the application manager fumdléxs on a game manager,
which, in turn, keeps track of the current game, using a bogpresentation.

Game Board
Ul Interface Interface
\
\
\
\
|
\

Game
Manager

Application
Manager

Xboard

Figure 4: ChessO0 architectural design

Moreover, Chess0 can be understood as implementing sewtealaces between the
application components. According to figure 4, the userfate is provided either by the
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command-line application manager or by the graphical iater Then, there is a game
interface between the game manager and the game moduld) agsares that several
games may be abstracted by the game manager and furthenteck$e the application
manager as a whole. Finally, the board interface is the bdresveen the game and the
board objects, in which the board represents the realitthisrconcrete application (such
as squares or pieces).

Figure 5, on the other hand, sketches the relation betweeditferent Al engines in
Chess0 and how they are managed by the application. The impdeving two Al
engines running at the same time allows the user to switchhefly, from one engine
to another. The ultimate goal of this feature is to provideeany tool for testing and
comparison purposes.

Game
L||| Inter|face
| |
| |
| |
| Application | Game

Manager | Manager
|
Y

Al | Al
| |
| Classic Adaptive |
| Al Al |
| |
| 4 A |

A

| |

Figure 5: ChessO multiple Al-engine interface

For instance, as it is demonstrated in figure 5, a user magsttjoe application manager
to switch from an Al engine to another. Therefore, the bedrant the chess engine may
be changed while running the application, thus allowinguker to test a move and its
behavior for a given situation using one type of Al and thera@ving to the other type of
Al and testing the same move.
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To summarize, the main feature of ChessO is that it providesdifferent Al engines,
while they as interchangeable on the fly (while running theliaption). Both engines
share some parts of the code, which are the common technigbereas the adaptive Al
engine includes new features that aim at improving the ¢hsghavior of the application.

4.2 Common Techniques
4.2.1 Negamax

Chess0 aims at implementing a simple chess engine with twoibwomputer chess

Al engines. One using the classical approach, that is a sirhpuristic function, a

minimax-like algorithm and alpha-beta pruning for the dean tree. The other Al engine,
named adaptive Al engine, implements a set of dynamic featbesides the classical
ones. However, they share the source code for the commonigeess.

First, the program studies each reply by analyzing the aettsee using a minimax-like
algorithm named\Negamax. Negamax is a simplification over the classical Minimax
algorithm where the two necessary functions (the one forimiaing and the one for
minimizing) are synthesized into one unique function whgchegated and inverted every
time it is called. Listing 1 unveils the generally acceptseyxo-code for the Minimax
algorithm. [16, 249-252]
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function minimize(treedepth):

if tree_depth is 0: return evaluation;

bestscore =—infinity;

for all valid moves as cursor do:
apply_move(cursor);
myscore = maximize(treadepth — 1);
undo.move (cursor);
if myscore is greater than besdcore:

bestscore = myscore;
return bestscore;

function maximize(treedepth):

if tree_depth is 0: return evaluation;

for all valid moves as cursor do:
apply_move(cursor);
myscore = minimize (treedepth — 1);
undo.move(cursor);
if myscore is greater than besdcore:

bestscore = myscore;
return bestscore;

function minimax(treedepth):

if tree_depth is 0: return evaluation;

for all valid moves as cursor do:
apply.move(cursor);
myscore = minimize(treedepth — 1);
undo.move (cursor);
if myscore is greater than besdcore:

bestscore = myscore;
return bestscore;

Listing 1: Pseudo-code for the Minimax algorithm found ieyious versions of Chess0

According to the information presented in the code listinth& Minimax algorithm uses
three functions that are practically similar. First, thizimax function is used as a root
function, for all the valid moves on the current board sitwat Then, the machine tries
to minimize the loss (thus maximizing the win) by calling thisnimize function. Further,
theminimize function calls themaximize function, and thus the program begins to search
recursively, as minimize and maximize call each other théallimit depth of the tree has
been reached (this is the base case for the recursive algantthis case). [13, 5-9]

The code presented in listing 1 denotes similarities adtoggions, which may be reduced
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into a more compact format. This is the purpose of the Negaahgorithm [13, 5-9].
The compact version of the Minimax may be achieved usingraégemilar algorithms.
However, Chess0O uses Negamax, which is a straightforwarnectied of the Minimax
code. Listing 2, provides the final version of the minimaelalgorithm in its compacted
form.

function negamax(treedepth):

if tree_depth is 0: return evaluation;

bestscore =—infinity;

for all valid moves as cursor do:
apply_move(cursor);
myscore =—negamax(treedepth — 1);
undo.move (cursor);
if myscore is greater than besdcore:

bestscore = myscore;
return bestscore;

Listing 2: Pseudo-code for the Negamax algorithm found ingS@e

As can be seen from listing 2, the Negamax algorithm is a siieglrewrite of the
Minimax algorithm, where all the functionality is compadt&to a single function. The
negamax function calls recursively itself, and it negates the netu value at each depth
in the tree. This means that, at depth- 1, the score is negated, as well as at depth 3,
etcetera. Hence, the score is negated as the depth chantges loythe decision move
tree. This negation explains the opposite nature of thetimmemaximize andminimize
in listing 1. In fact, these two functions are similar, excdmat they seek exactly the
opposite case: one looks for the best score for the movingepland the other one looks
for the best score for the opponent. [17]

4.2.2 Alpha-Beta Pruning

Despite the limited amount of search iterations found irMim@max/Negamax algorithm,
due to the limited depth of search (height of the decisioa)irhe number of evaluated
moves is large even in relatively small decision trees. Rstance, the complete list of
moves for a non-started game is of 20 possible moves for thtestde, which is the
starting and moving player at that situation. Then, in th&t finove for the black side,
there are 20 replies to each of the 20 possible moves of the witie. This means that,
already at the second ply (that is, the first move for the btagk), there are 400 possible
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moves. At the third ply there are over 1,000 possible passti@nd after the fourth ply
there are more than a million positions.

On an average, on a decision tree for a computer chess protrara areh? possible
positions, wheré represents the number of possible branches for a givenigrgsénd

d denotes the depth limit of the decision tree. This implieg for a chess position at
ply 4, the minimax-like algorithm must examine about ondioml positions in order to
produce a response. Furthermore, if a game is sufficientigrambd and there are many
possible branches, the number of nodes to examine may gaweatiically, thus slowing
the computational resources. [5, 43-48]

During the 1960s, people in the Al field discovered an alparitwhich was able to
cutoff non-interesting branches of the tree, reducing the amount of data to prooess i
a drastic way. This algorithm was namalgha-beta pruning, since it uses two variables
(alpha and beta) to control where the decision tree may heegrthence cutting off the
subsequent branches. By using this method, the number o§ni®deduced t@ = /b4,
which is a critical improvement over tté number of moves to be calculated with a plain
minimax-like algorithm. [5, 43-48]

In order to achieve the improvement, the alpha-beta prumiettpod maintains the variables
alpha and beta updated at all moments during the search.aAlas an initial value of
+ inf and beta has an initial value efinf. Alpha denotes thbest possible score that the
computer can achieve, whereas beta represents the scohesdves which prevent the
opponent from achieving more than the best score found o In other words, the
alpha-beta pruning method drives the minimax-like searcthe decision tree in a way
that the search must find only moves that increase beta (@ Inettve for the computer)
or reduce alpha (a worse move for the opponent). [5, 46]

When the program evaluates a move whose score is better thdresh move found so
far, it must save that move as the best move found so far andteplde value of beta.
Similarly, when the program evaluates a move whose scoitslite opponent, it reduces
the value of alpha. The final result is then generated afeewtiole search, and it must lie
between alpha and beta. As alpha and beta become closerpgram measures the final
result in a more accurate way. Furthermore, when alpha&sdssta, meaning that alpha
is less than or equal to beta, the algorithm stops the searthad branch, thus cutting
off the part of the tree under that node. This cut-off is th@riovement over the simple
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minimax-like algorithm, and it happens when a better movg n@t be found anymore
in a decision tree, thus avoiding unnecessary and expecsivelations. [5, 43-48]

Figure 6 exemplifies the use of alpha-beta pruning on a decisee. It is important to
note that a minimax-like algorithm must be applied to theislen tree, thus involving a
heuristic function in order to evaluate each node. Theskiatrans will provide the base
for the alpha-beta pruning method to decide which branchalIse trimmed off the tree
and which branches shall remainaid ones. [18, 10-13]

3
‘@ @ @
MAX MAX MAX — e
to be inspected

inspected so far
Figure 6: Example of decision tree pruning based on Minimelyes [18, 11-12]

Figure 6 demonstrates the alpha-beta workflow as the brarddr the nod® is trimmed,
since it cannot provide an improved result over the lastnaexb results. The evident
improvement is, therefore, the reduction of the data voltotee processed, thus speeding
up the search on the decision tree. [18, 1-13]

4.2.3 The Heuristic Function

ChessO0 has been designed using two different Al enginesger tw provide a proper tool
for comparing the achievements of introducing adaptivanapies to the Al behavior.
Nevertheless, Al engines designed for game playing mustigeraa heuristic function,
unless the game has a properly limited number of possiblét@tions. [5, 7-43]
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The heuristic function represents both the rules of the gratis being played and
the quality of how the game is being played, according to flkkergpurpose to the Al
program. In chess, the evaluation function is based on twalrfactors: material
and position. The material evaluation concerns the numbgiezes and their value,
whereas the positional evaluation refers to how propertyfieces are situated along
the board. Evidently, the heuristic evaluation radicalyaeges from one application to
another, while the common goal remains: to define whgba and what isbad, thus
providing a mechanism to the Al program to decide towardgot. [5, 7-43]

In chess, each piece has a value, according to its mobilith@board and its capabilities
of attacking the enemy. For instance, the queen is typicallgn the highest value, the
rook is given half of the queen’s value, the knights and lpshare less worthy than the
rook, and finally the pawns are the measurement unit, whictotés the lowest score
for them. However, this value assignment is a heuristic,tagice the exact values are
not absolute, and they are assigned differently dependmntp® player or even on the
situation on the board. [5, 7-43]

Concretely in chess, material is the most valuable aspediti®ttal evaluations are not
as valuable, hence resulting in a weighted mean between #terial and positional
evaluation, where the material is typically 1000 to 3000esnmore valuable than the
position. Equation (1) shows a probable example of a simpdeganeral heuristic evaluation
function: [5, 7-8]

(3000 * material) + position
score = 1)
3001

material = white_material — black_material (2)

To be more precise, the heuristic function returns an absofalue between- inf and
+inf, where a negative value meangy@od score for the black, and a positive value
means agood score for the white. By extension, a return valueOofepresents total
equity between the two players. Furthermore, the matevillation for one player, as
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it is presented in equation (2), is calculated by summingvitiees of each piece of that
color on the board. Hence, the player with more pieces on dlaedowill have a higher
probability of winning the game, according to the heuriftiiection. [5, 38-48]

Normally, the material is balanced during a game, meaniagrhb big differences exist
between the players’ material. Therefore, the accuracy e@dsuring heuristically is

stressed on the positional evaluation. This is usuallyesed by rating different squares
on the board with different values, thus biasing the computegram to place its pieces
on higher-rated squares rather than on lower-rated squsli@gover, there exist several
key points that must be taken into account when evaluatingséipn, and they are all

evaluated separately and added up together for generhgrighal positional evaluation.

[5, 7-48]

Some important positional aspects that are typically idetlin chess engines are the
center control (central squares are higher-rated tharedtmshe-border squares), piece
mobility (how many possible moves a piece can perform fromergposition), development
(according to the chess theory and the rules of strategydidginning of a chess game),
the pawn structure and the king safety (how easy it is to latia& opponent’s king and
how easy to defend one’s own king). Equation (3) depicts aamgte of positional
evaluation, taking these several factors into accounZ-{&53]

(5 % control) + (2 x mobil.) + devel. + (2 * pawns) + (3 * king)

13 ®3)

pos =

The weights presented in equation (3) may vary, since thesrmugh estimate that the
programmer must take into account when designing the chegsee Modifying the
weights in equation (3) would imply a change in the behavithe chess engine, producing
different results with different formulas. As a consequeran Al program may be biased
in its behavior by simply modifying the weights of its evaioas. Figure 7, demonstrates
an exemplar representation of square-rating. [5, 28-31]
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Figure 7: a) Central squares bias; b) Encouraged biasin@{391

In the boarda), the biasing is completely normal. The squares on the edgdeas
valuable, and the rating of any square increases as theesgpproaches the central four
squares. Similarly, a chess engine may be biased with a nmm@ueaging rating, for
instance by the increase of the difference in value betw@ensguare and another. In
figure 7, the board) shows how this is achieved, by increasing the square valaayat
step towards the center, resulting in a more encouragingtres the Al engine at the
time of the positional evaluation. [5, 18-19]

ChessO0 uses a set of formulas similar to the ones presentad ahapter. These formulas
are implemented in the classical Al engine, which uses a #x@duation, meaning that
the same set of formulas is applied to every board situatnoependently of which events
have occurred on the board or which events are likely to happthe future. That is, the

heuristic evaluation function in the classical Al engineCiness0 is completely static for
a given board situation.

Nevertheless, there are several problems that arise watlugke of a completely static
heuristic evaluation function. To begin with, the develgmnevaluation dramatically
varies from one phase of the game to another. The develomwvainttion should be taken
into account only at the beginning of a game. Furthermomekthg’s safety evaluation
must be more valuable as the game approaches its end, s;ngbjéttive of the game is
to capture the opponent’s king while preventing the oppofrem capturing one’s own
king. [5, 7-43]

For that purpose, many chess engines nowadays implemeighdélysihdaptive set of
formulas, which vary as the board situation is modified tigrothe game [19, 1-4].
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Chess0 implements this feature in the adaptive Al engineghwis a dynamic version
of the classic engine. The main difference is that the eualndunction in the adaptive
engine uses adaptiveness as its basis, in order to achigeeacmurate measurements and
improved results at any point of a chess game.

4.3 Improvements to the Dynamic Al Engine
4.3.1 Randomization

According to the description of the functionality in the nmvax-like algorithm, a computer
chess program will analyze a part of the decision tree an filgd the minimum possible

loss, considering that decision the best possible moves iftplementation will result

in a common behavior, where the machine always picks whdtess$ decision is. By

extension, this signifies a fixed behavior for similar sitors. [5, 38-43]

One of the main purposes in the Al field is to simulate and agpgrdwuman-like behavior.
Chess players are provided with feelings, as they are hurmahtheerefore they may
generate different responses to the same board, undeediffgpatial or temporal situations.
Additionally, a human presents a characteristic emphasisliscovering, where new
things are sometimes tried out, in search of new possédslitiThis behavior follows a
close-to-random regression. [20, 562-571]

A simple implementation of such behavior in Al applicatiamghe use of randomization.
Randomization enables the application to select a randgmomss from a set of possible
responses, instead of picking always the properest decisiowever, this randomization
method must be controlled until certain extent. The fact of maving a controlled

randomization process could cause the Al application tabeltompletely randomly
In most situations. [21, 16-24]

In ChessO0, the randomization process is implemented usimgcaled randomization

threshold. The randomization threshold is the regulatasgable, which does not allow
the randomization process to escape out of the controllmm®aries. In addition, this

implementation is possible due to the nature of the dedssisimce, in computer chess,
they are basically a move response and its absolute scaneofvass after applying that

move). The pseudo-code in listing 3 describes the impleatient of the randomization

method in ChessO0.
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find all possible moves
sort the moves from best to worst

while moves left do
margin = bestpossiblescore — RAND_.THRESHOLD
if (currenttmove_score < margin)
dismiss currentmove
else
selectablemoves += currentmove

done
selection = pick a random move from selectabheoves

return selection

Listing 3: Pseudo-code for the randomization process fo@hess0

According to the pseudo-code in listing 3, the chess engaabes normally as it would
do in a non-randomized minimax-like algorithm. Howevestead of just keeping the
best move (as was described in the negamax algorithm in catian with the alpha-beta
pruning method), the chess engine remembers all the eedluabt nodes, associating
them with their score. Afterwards, the engine discards tloees that are below the
minimum allowed score, that is the best possible score niimusandomization threshold,
thus performing a fully controlled randomized selectiortha move.

It is important to note, nonetheless, that the randominatweshold may not affect the
response in certain situations. One straightforward s@nan which randomization may
not apply is when all non-best scores are below the randdimizthreshold, thus leading
to the selection of the best move for that response. As atrektiie randomization, the
chess engine typically behaves more imprecisely. Thisigapivo important characteristics
that the chess engine acquires: [21, 16-24]

1. The machine behaves more close to human-like behaviertadthe imprecisions
in its decisions [21, 16-24].

2. The machine is capable of discovering new game lines thad @ot analyze further
if there was no randomization, since it would always seleetdame response for
the same given board situation [21, 16-24].
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Consequently, the implementation of the randomizationgss the adaptive Al engine
enables ChessO to play in a more human-like manner, as welyiag tout different
variants that might be interesting and were not considereelhwising a fixed-behavior
classic Al engine.

4.3.2 Dynamic Heuristics

The heuristic evaluation is not completely precise, sincg tiypically implemented as a
static evaluation function, meaning that the same heatisitiking is applied to any board
position at any point of the game. The static heuristic eabm function is normally
implemented in such a way that it is not concerned the preveiates of the board
nor possible future states. Therefore, the Al engine is apable of having a proper
understanding of the game flow. [22, 26-28]

In Chess0, in the classic Al engine, the heuristic evaludtioiction is straightforward.
It simply evaluates the amount of material and the curresttjpm, without taking into
account the changes on the board. On the other hand, thevedApengine utilizes a
reduced set of features that provides certain degree ofnaignato the decision-taking
process. Some of the dynamism aspects taken into accoum adaptive Al engine in
Chess0 are:

e game phase recognition: Chess0 applies different deciaking techniques, depending
on the game phase

e move ordering: Chess0 recognizes which moves are more iemgdtan others,
analyzing the first, thus imitating human-like behavior

e dynamic quanta: Chess0 understands the distribution ofi¢tcepon the board, not
only statically, but also according to the chain of movedqrened by the opponent
and its plan to secure its king

As an initial approach, the classic Al engine is acceptadé, provides a generic understanding
of a given position. However, as the static heuristic evadadunction does not understand
about the game flow, the Al engine would have to search usimge ldepth limits, in

order to discover an accurate response. This would requighrmomputation, since the
computation time increases exponentially as the decisemdepth increases. However,
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using dynamic adaptations to the heuristic function, the#dine may become aware of
the overall situation on the board, and in fact of the ovegathe flow, thus generating
more proper response in less time. [22, 26-28]

First, the adaptive Al engine implemented in Chess0 is awidifeeggame parts, meaning
that it may recognize when a game is in the opening, in the leigdme or in the end,

thus applying different heuristics. This is generally asled by counting the number of
pieces left on the board and their position with respect éar thriginal starting position.

Depending on the game phase, ChessO0 is capable of using mless @rocessing time,
due to the nature of the chess game.

For instance, in the opening, the chess theory states tlsamibst important to develop

the minor pieces (the pawns, knights and bishops, as welastiing), whereas in the
middle-game it is most important to control critical squatkat may lead to an attack
against the opponent’s king [5, 8-34]. The adaptive Al eaginChess0 uses less computation
in the opening and a positionally stronger heuristic fuctivhereas it uses more computation
in the middle-game and end-game, caring about the attadletofgponent’s king. This
phase recognition and variable-depth adjusting is exdieqblin the code in listing 4 (this

Is an original part of the source code extracted from Chess0).

void Adaptive :: configAutoDepth ()
{
/I set the depth to its base value, before modifying it
depth = odepth;
/1l in the opening, use less depth
if (board—getPhase () == PHASEYPE OPENING)
{
depth —= AlI_DEPTHDEVIATION;
}
/Il in the end, increase depth as pieces decrease
else if (board>getPhase () == PHASEYPEEND)
{
depth += (4 « AI_DEPTHDEVIATION) — board—getNPieces ();
}
}

Listing 4: Chess0 C++ code for adjusting a variable-depthckear
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As can be perceived from listing 4, Chess0 uses a constanedefgdl DEPTH_DEVIATION,
which is a natural number representing the variance thabeapplied to the search depth
limit. For instance, consider a search depth set to 4 and atepih deviation set to 2.
Then, in order to know the actual search depth for an end-geguation (4) demonstrates
that the search depth is then increased from its originakevaf 4 to an actual search depth
value dictated by equation (5).

depth = initial depth — ((4 x depth_deviation) — number_of pieces_ left)  (4)

depth = depth + (8 — number_of _pieces_left) (5)

According to listing 4, and as exemplified in equations (4) &), the adaptive Al engine
of ChessO is capable of self-regulating the amount of contipatadepending on its
necessities. This feature only allows ChessO0 to restrictdingutation resources, which
are, however, present in human-like thinking, since a humaynot process unnecessary
information depending on the phase of the game [23, 143-164]

A second feature present in ChessO or more concretely in dstiad Al engine, is the
capability of ordering moves and recognize their signifesgrdepending on the nature
of the move itself, and its score. The technique used in Chegs@medVost Valuable
Victim / Least Valuable Attacker (MVV/LVA), which is an algorithm for ordering the
moves taking into account the fact that less-valuable giattacking higher-value pieces
may return a higher score. For example, if in the list of mawese is such a move that
a pawn may capture a queen, then that move will be most likehgturn a high score,
since the pawn is the least valuable piece on the board, arguien is the most valuable
piece on the board. [24, 1-10]

The MVV/LVA method enables two important properties in a guier chess program.
First, it boosts the performance of the search, since plebalgher-score moves are
evaluated before probable lower-score moves, thus spgeginhe alpha-beta pruning,
as the non-interesting parts of the tree are cutoff earljhéndearch process. Second,
the computer chess program is biased to behave closer tautharhlike approach of
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thinking, since human players first analyze the moves thansaf higher importance.
[24, 1-10]

void Adaptive::initSearch ()
{
root.moves = board>getAllValidMoves(color);
/1 1) set the order for each move, before sorting them
for (unsigned int i = 0; i< root.moves.size (); i++)
{
// if a move is not a capture, set the lowest priority
if ('root_moves[i].isCapture())
root.moves[i].setOrder(9999);
else
{
int vo = 0; int vd = 0;
Piece xpo = board—>getPieceAt(rootmoves[i].getOrigin());
Piece xpd = board->getPieceAt(rootmoves[i].getDest());
vo = po—>getValue () x po—>getColor ();
/l now set the ordering number for future sorting
root.moves|[i].setOrder(1000- vd + vo);
}
}
/I 2) sort the moves using MW/LVA
sort(rootmoves.begin(), roatmoves.end(), moveompare);
/Il 3) sort moves according to their score in the previous <dar
for (unsigned int i = 0; i< bestmoves.size (); i++)
for (unsigned int j = 0; j< root.moves.size (); j++)
if (besttmoves[i].equals(rootmoves|[j]))
{
Move tmp = rootmoves]j];
root_moves.erase(roamoves.begin() + j);
root.moves.insert(rootmoves.begin(), tmp);
}
¥

Listing 5: Chess0 C++ code for sorting the moves using MVV/LVA

As can be seen from listing 5, the implementation of the M\WALordering is simple,
where the moves are first obtained, then rated accordingeto gbore and their nature,
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and finally sorted from the most interesting to the leastegeng. Finally, the alpha-beta
pruning benefits from this ordering by cutting off the demtsiree in less time. Astonishingly,
this method, although simple, is a precise approach to hidikathinking strategies, thus
providing the chess Al engine with a proper rational thigkitow. [24, 1-10]

Another feature present in the Al engine of ChessO0 is the dlityatf using dynamic
guanta for evaluating a board position. In principle, Chassgs, both in the classic Al
engine and in the adaptive Al engine, a score-based squstrébdiion on the board,
meaning that each square on the board has a value or saprantam). This quantum is

a number from- inf to + inf, which provides an estimate of how valuable that square is
for a player, where negative values are a positive resuthiblack player.

The classic Al engine in ChessO uses such a feature. Howéese fquanta are not
modified during the course of the game, and the values of thareq are the same
throughout the game, where the central squares are the mlostole ones, according
to the general rules of chess theory [5, 18-19]. On the otAedhthe adaptive Al engine
in Chess0 uses dynamic quanta, where the scores for eacle sqearpdated after each
move on the board, thus adapting and conditioning the resspgeneration to the current
situation. Figure 8 illustrates a comparison between tagcsguanta and the dynamic
guanta implementation in ChessO0.

g1 [ || a2 ]alala gl alafa]ala]a]-
7|-2|-2|-2|-2|-2]|-2]-2 71-2|2|2|2|-2|-2|2]|-2
6|[-3|-3|-3|-3a|-3|-3|-3]|-2 6|3|3[3|3|=_2|=2|=]|-3
5 5 -3
4 4 -3
3 3 -3
2 2 -3
1 1 -3
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Figure 8: Colored diagram of different quanta within a sanmaga Chess0

Both boards in figure 8 are representations of the quanta diogoto the attack against
the opponent’s king, where the player to use these quanteeiblack side, due to the
negative sign of the squares values. On the first board, therngmt's king is on the
squareel, since the maximum score is on that square. However, on tandeboard,
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the opponent’s king seems to be shifted onto squérerobably because there was a
long-castle before this situation.

It is important to note the tonality of the squares. The aalpscheme depicts how the
scoring is re-arranged around the opponent’s king, in tlse c&the attack quanta. This
method is implemented in the adaptive Al engine of ChessQyusuclidean distances.
That means that the highest score is always assigned to tlaeeseyhere the opponent’s
king size is residing, and afterwards, the surrounding igguare given a lower score
as they are placed farther from the highest-score squargeraral, implementing this
method requires from the application to recalculate thentpubor each player after each
move, according to the current board situation. This feaadds dynamism to the Al
engine, since it constantly verifies the current situatiod then modifies its decision
values.

4.3.3 Quiescence Search and the Horizon Effect

Finally, one of the most important features of the adaptiveergine in ChessO, is the
implementation of the quiescence search. The quiesceanehds a technique for obtaining
proper evaluations in decision tree searches, where threhls@anction is not accurate
enough. Furthermore, the quiescence search solves theBlepn of thehorizon effect,
which is one of the main goals of current Al researches frorareecal point of view. [25,
5-15]

The horizon effect is a limitation to any Al application, byhieh the application is
constrained in its perception of the reality, normally do@ tomputational conditioning.
This means that the Al application is not capable of repr@sgror understanding the
reality beyond its perception, and hence its response tertvieonment is limited as well,
according to the horizon effect. In computer chess it is @asynderstand the nature of
the horizon effect, as it is conditioned by the search dapth bn the decision tree. The
move tree is illustrated in figure 9. [25, 7-15]
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Figure 9: Demonstration of a typical non-quiescent pasitio

In figure 9, there are two possibilities for the black sidepwdimoving from that position.
First, the black side can capture the white’s queen, to wiietwhite player would reply
by capturing the pawn with its white bishop and the check rizatet avoidable after two
moves. On the other hand, the black side can prevent thikchate by not capturing the

white’s queen.

Accordingly, if a computer chess program is commanded téuata that position and

to decide for the black side, the response would completgphedd on the search depth
that is given to its algorithm. In the example presented inrgg9, a computer chess
program must search at a depth of 4 at least, in order to akeidhlieck mate situation,
which would result in the maximum lost. However, if the corteyichess is programmed
to search only until a depth of 3 plies or less, it will not diger the check mate, thus
believing that capturing the white’s queen will be the madtable move response. [25,
5-15]

Exemplified by figure 9, the horizon effect for a computer shpsogram is typically
created from the search depth limit, which disallows the Adiae to see further in a
game, when analyzing the decision tree up to some given digpith Anything that
happens outside of that scope will not be of importance toAthengine. Therefore, in
order to avoid unexpected results in the heuristic seareit@dramatic changes that are
not studied out of the scope, this horizon effect must bagtall. The most common
approach to avoid the horizon effect is to provide the Al ageith the capability of
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sensing when a situation is stable or not. This is due to ttitliat stable situations are
not likely to present dramatic changes in the near futureredss unstable situations will
most probably present a dramatic change in the environmeéheinear future. [26]

The minimax-like algorithm searches until a given depth, aviten it reaches the terminal
nodes of the decision tree, it ends up calling a quiescereetsalgorithm, which estimates

if the position is stable or not. If a position is stable (quoesition), it can be evaluated
with a simple heuristic function, since it will not presemathatic changes in the near
future. However, if a position is not stable (not quiet), #imple heuristic function
will not provide an accurate result. Hence the tree must &eetsed deeper, breaking
the search depth limit and crossing over the line drawn byhtreon effect. A simple
implementation of the quiescence search extension to thiemax-like algorithmis presented
in code listing 6. [25, 5-15]

function negamax(treedepth):

if tree_depth is 0: return quiescence ();

bestscore =—infinity;

for all valid moves as cursor do:
apply_move(cursor);
myscore =—negamax(treedepth — 1);
undo.move(cursor);
if myscore is greater than besdcore:

bestscore = myscore;
return bestscore;

function quiescence ():
bestscore = alpha;
for all valid moves as cursor do:
apply-move(cursor);
if cursor is (capture & check & promotion):
myscore =—quiescence ();
else
myscore = evaluation;
undo.move (cursor);
if myscore is greater than besdcore:
bestscore = myscore;

return bestscore;

Listing 6: Chess0 negamax pseudo-code, combined with aagries search
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As is presented in the pseudo-code in listing 6, the quiesceearch is a function similar
to the negamax function, however it has no depth search. lififie quiescence search
basically searches for a quiet node in the decision treenmgédhat the move under
analysis must not be a capture, a check nor a promotion. Ifbee is one of those
critical moves, then the quiescence will continue iteigtay calling itself. However, if
the quiescence search finds a node whose move is not one aittbal enoves, then it
will return the normal evaluation, without recursing oviself anymore. This behavior is
further exemplified in figure 10. [26]

Value

Brute Force
Full-width
Search
Layers

5-7 ply

Selective
Search
Layers

variable Quiescence
ply Search
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Figure 10: Quiescence search impact on the decision tregrsiag [25]

The example in figure 10 presents a decision tree in whichglrch depth limit has been
set to seven plies. Nevertheless, some of the terminal nodi® decision tree must
present critical moves, such as captures, checks or pron®tisince the decision tree
is expanded in one more ply at some of its terminal nodes. i$hise effect of calling
a quiescence search function inside the minimax-like @lgor The quiescence search
will definitely ensure that the heuristic evaluation takéscp only at stable nodes. [25,
5-15]
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Last, it is important to note that the quiescence must bee@fimthe Al agent, in order to
make it understand what a stable situation is and what aablessituation is. Once these
two concepts are defined to the Al agent, it will be providethwisimulation of sense, by
which it will decide whether to evaluate the current sitoator not, or rather go further
in its analysis. For computer chess, this definition is gilsgrthe type of move under
analysis. However, for any other application, the quieseesearch must be researched,
and adapted accordingly to the specific Al application. B271,-322]
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5 Results

5.1 Randomization Tests

The first experiment demonstrates the randomization meésmaused by the adaptive Al
engine. The classic Al engine is fixed in behavior, and thadways selects the move
with a higher score. Practically, the classic Al engine plidly the same game indefinitely
when playing against itself. On the other hand, the adagtivengine will introduce
random alterations, thus varying the path of the game. Ei@irshows the position from
which the classic and the adaptive engines are asked taderawiesponse.

Figure 11: Initial position: black to move against the mowet1

Parting from figure 11, there the black side has 20 differepties to the move. After
Chess0 performs a search on its decision tree, it selectsabe with higher score, when
using the classic Al engine. However, when using the adagtivengine, Chess0 may
pick other moves close to the higher-score move, but notssaciy the move with the
highest score in the search. These data is studied in tabiéhla sample of 100 different
games.

Table 1: Adaptive Al randomization for generating move mses
Classic Al Response Adaptive Al Response

1.. e520%
1.. e4100% 1.. e640%
1.. d540%
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The examples presented in table 1 are a result of asking batesOPAI engines for a
response to the same move. The classic Al engine providea/althe same response to
the same initial move, whereas the adaptive Al engine ptesbffierent move response
with a different ratio. These data were gathered using aoraiziation threshold af.50.
Admittedly, the wider the randomization threshold, thg&rnumber of different moves
would be provided by the adaptive Al engine.

The randomization threshold allows the chess engine to ypéayg a wider variety of
moves, thus being able to explore different branches inéleestbn tree. Figure 12 plots a
simple graph showing the relation between the randomizaticeshold and the wideness
of the variety in move responses.
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Figure 12: Change in the variety of moves respect to the rarmdion threshold

According to the data exposed in figure 12, the randomizahieshold plays an important
role in the decision taken by the chess engine. These datakamefrom a response given
by the adaptive Al engine in Chess0 when presented with aiceitaation in the board.
In that board situation, the black moves, having many péssitove responses, due to
the distribution of the pieces on the board.

Reflected in the graph in figure 12, the number of selectableemave the moves that
are considered close to good, when compared to the moveheithighest score possible.
This decision behavior is hence dictated by the randonazdtireshold. As the randomization
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threshold increases, the range of selectable moves widamslh thus providing a larger
number of choices to the chess engine.

Astonishingly, figure 12 depicts an horizontal asymptotiaid for the number of selectable
moves, whose scores lie60 from the best score. On one line, it is possible that the
amount of total valid moves has been reached already. Orilieelne, it is possible that
the chess engine needs a much higher randomization thdeshotder to allow worse
moves to be selectable as well.

From the experimental point of view, it is also important ttakyze the probability of
victory and defeat when applying a randomization thresholthe adaptive Al engine.
Figure 13 synthesizes a collection of data gathered fromingndozens of games using
different randomization threshold, where th@xis represents the value of the randomization
threshold applied on each game, anditkeis represents the percentage of victories after
playing a total of 10 games.
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Figure 13: Efficiency of the randomization threshold, imterof game wins

Interestingly, the data presented in figure 13 suggestshbathess0 adaptive Al engine
plays in a more efficient manner when the randomization kiuledies between.00 and
1.00, optimally0.50. According to the data in figure 13, frobn00 to 0.50, approximately,
the efficiency of the program increases. Nevertheless; @fi@, as the randomization
threshold increases, the efficiency of the program decsedsuis, the interesting part of
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the analysis is the range of values for the randomizatiaestiold lying betweef.00 and
1.00. Please notice the difference in scales between figuresd.2&rwhich is necessary
in the latter, in order to depict the overall behavior afresal games.

One explanation for the behavior depicted in figure 13 is thatheuristic evaluation of
ChessO0 is not perfect, due to its heuristic nature. Thergfehen the randomization
threshold is zero, meaning no tolerance at all, the prograay avoid analyzing any
branch that is not evaluated with the highest score. Nofetbethe program might avoid
analyzing branches that further lead to more efficient tesaince the evaluation has a
certain degree of inaccuracy. On the other hand, when thdoraization threshold is
close t00.50, the program will allow itself to analyze different branshéus being able
to discover more efficient decisions.

Finally, and as shown in figure 13, when the randomizatioesthold is too large, meaning
greater thart).50, the decisions taken by the program are of a low score, tfagirg to
non-efficient results. Furthermore, much randomizatiocreses the efficiency of the
program in a quasi-linear manner, according to the graplgurdi 13. Hence, it can be
concluded from this experiment that the randomizationsthoéd is somewhat dependent
on the heuristic function of the program, whérg0 is the approximate optimal value for
the concrete implementation in ChessO0.

5.2 Dynamic Heuristics Tests

The technique of using dynamic quanta when assigning aicextare to each square on
the board has an impact on the overall result of the chessiemgicisions. In Chess0,
the classic Al engine does not use dynamic quanta, and haecevaluation is fixed,
weighing the central squares more than the rest of the sgjuldmvever, the adaptive Al
engine modifies the quanta on the squares, depending onsh®pof the enemy’s king
and thus giving more preference to aggressive positionsrds attacking the opponent’s
king. Figure 14 provides an example of the position.
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Figure 14: Middle-game position, white moves

In the position given by figure 14, the white moves in the medafl the game. According
to the implementation of the classic Al engine, the machheukl evaluate the central
squares as the most valuable, whereas the adaptive Al esgmdd consider more
profitable the moves closer to the opponent’s king, due tdifferent quanta for different
Al engines. Table 2 shows a list of the move evaluations df bgtes of the engine.



Table 2: Different evaluations of moves for a given position

Move | Proximity | Classic Evaluation| Adaptive Evaluation
Rb1l 1 0.60 0.58
Rcl 1 0.62 0.56
Qbl 1 0.54 0.52
Qcl 1 0.58 0.54
Qel 1 0.63 0.60
Qe2 2 0.67 0.66
Rel 1 0.63 0.60
Khl 1 0.53 0.34

a3 2 0.50 0.36
a4 2 0.52 0.45
b3 3 0.51 0.38
b4 3 0.53 0.38
Bcl 1 0.48 0.56
Bel 1 0.49 0.58
Be3 3 0.61 0.66
Bf4 4 -2.52 -2.59
Bg5 5 0.58 0.75
Bh6 6 -2.26 -2.32
g3 3 0.51 0.63
g4 4 -0.73 -0.79
h3 3 0.50 0.61
h4 4 0.52 0.66
Nbl 1 0.42 0.48
Ne2 2 0.58 0.51
Na4 2 -2.88 -2.94
Nb5 3 -2.67 -2.91
Nd5 5 0.42 0.51
d4 4 0.41 0.49
Nel 1 0.46 0.47
Nd4 4 -3.13 -3.25
Nh4 4 0.31 0.62

Nxe5 5 -2.40 -2.58

Ng5 5 0.49 0.69

41
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The data in table 2 represents a sample of decisions fromlassic Al engine and the
adaptive Al engine when taking a decision given the samatsito. The moves with
higher proximity to the opponent’s king are marked in bolden@rally, the adaptive
Al engine evaluates moves with higher proximity as more able moves. However,
this fact does not necessarily happen at every moment. Btanoe, moves involving

captures or decisions with higher preference than justipasinay overcome the effect
of the dynamic quanta.

Another feature that Chess0O implements is MiéV/LVA move ordering technique. As

explained in chapter 4, this technique is an aid for sortirgrhoves between different

search levels in the decision tree. Moving the “most-likiglybe-best” moves to the

beginning of the tree, the alpha-beta algorithm improv@spieed, since it is most likely

that the cutoff will occur at the very beginning of the treéefefore, if such a cutoff takes

place early in the decision process, the volume of data torbeepsed will be reduced

dramatically. The position is illustrated in figure 15, wiipresents a classical chess
problem namedmothered mate. [24, 1-10]

Figure 15: Smothered mate, a classical simple chess prdB&m

In order to test the improvement of tMVV/LVA algorithm, Chess0 provides a command
named “solve”, which is given a certain position and the stexggine tries to find which
move will lead to the victory for the moving side in the minimwmumber of moves. In
the smothered mate, presented in figure 15, the black movest® the white, and the
check-mate comes after four moves, and it is unavoidabée tife black play®f2. This
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experiment was run using the classic Al engine, and thergubie adaptive Al engine.
Figures 16 and 17 depict the running speed of the algorithmpened to the search depth
used when solving the problem.
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Figure 16: Search time in seconds, classic pruning versus/MAA
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Figure 17: Search time in seconds, classic pruning versus/M¥A (zoomed)

In figures 16 and 17, the red line represents the classic Aherggarch process, using
standard alpha-beta pruning without any move orderingnigcie. On the other hand,
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the green line represents the alpha-beta pruning algowiked by theviVV/LVA move
ordering technique. In figure 16, it is noticeable that thercle in the classic Al engine
takes more than 55 minutes, whereas the search in the aglAptngine does not exceed
3 minutes. This is evidently a vast improvement.

In practice, the classic Al engine searches for a decisidh@tree using different depths.
However it looks for the same moves in the same order at anglseepth. On the
contrary, the adaptive Al engine analyzes every move atdgmnd then sorts the moves
by their probability of being the best move. On search deptitn@ adaptive Al engine
already performs a cut-off at the beginning of the tree, ttaaiicing dramatically the
amount of data to be processed. Further, this cut-off at €y s@ge continues at every
search depth, thus making the adaptive Al engine to analyirpiely the first branch of
every tree, and avoiding the rest of the calculations.

Figure 17 is a magnification of the results presented in figérelr he exponential growth
in computation resources is observed from search depth dreathe function starts to
increase the Y-values rapidly. The results in figure 16 anddhclude that thé1VV/LVA
move ordering algorithm is an actual improvement, makirg é¢hgine up to 30 times
faster, depending on the search depth at every decision.

5.3 Quiescence Search Tests

The quiescence search is one of the most interesting fsatm@emented in Chess0,
since it provides not only proper efficiency, but actual harike behavior. In order to test
the quiescence search capabilities of Chess0, there ardkperiments which tell the
functionality capabilities, the functionality impact ard overall behavior improvement
over the classic Al engine. The first experiment consistsugfrging both Al engines

(classic and adaptive) over a same position, using diftesearch depths, in order to
obtain an idea of their decision making process. Figure &8gnts an interesting position.
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Figure 18: Demonstration of a typical non-quiescent positi

In the position on figure 18, the black moves to capture théeighgueen or avoid check
mate. If black captures the queen of its opponent, the cheatle-is unavoidable in four
plies, giving the victory to the white. Therefore, a norntag¢ss engine without quiescence
search, should not be capable of discovering the check-ifnidite search depth is set to
less than four plies. The purpose of the quiescence seaiwhésable to search deeper in
the decision tree, if the situation is not stable, such astiean figure 18, where there are
several captures and checks to the black king. Table 3 iasladcollection of different
responses for both Al engines at different search depths.

Table 3: Check-mate trap response, classic Al versus aeafpliv

Depth | Classic Al Response Adaptive Al Response
1 1.. Bxdl 1.. Ke7
2 1.. Bxdl 1.. dxeb5
3 1.. Bxdl 1.. dxeb5
4 1.. Ke7 1.. dxe5
5 1.. dxe5 1.. dxeb5
6 1.. dxe5 1.. dxe5

According to the data presented in table 3, the adaptive ginenavoids the check-mate
already at search depth of one, by moving the king. Howewer,ctassic Al engine

needs a search depth of four plies, in order to discover teekemate and perform the
movement of the king that was detected by the adaptive Alrengliready at search depth
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1. By extension, the quiescence search discovers a better a@ady at ply 2, by taking
the piece ire5. This move is discovered by the classic Al engine at searpthde Hence,
this experiments demonstrates the efficiency of the qunesceearch, even when using
low search depth values.

As an extension to the normal search algorithm, the quiescemarch requires more
computation time, since it performs more calculations thplain minimax-like algorithm.
However, these calculations only take place when there ramatic moves, which are
those capable of altering the order of the position in a gienibd of time. Consequently,
when the number of dramatic moves is considerably largeguiescence search requires
much computation time. The graph in figure 19 representsdhgatation time required
by the quiescence search according to the number of dramaties in the decision tree.
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Figure 19: Search time per number of dramatic moves

It is noticeable from the data in figure 19 that the amount mktrequired to compute
a quiescence search is roughly proportional to the numbdrarhatic moves found in
the decision tree. There is, however, a slight inflectiompat six million moves, which

may be explained by the change in the depth search, thusludimg certain exponential
growth at that point. The growth ratio is approximately oDX@O0 moves per minute,
meaning that Chess0 utilizes one minute to search througQ0dramatic moves using
the current implementation of the quiescence search dhgori
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Finally, an important experiment is to confront the adag#l engine against the classic
Al engine, thus demonstrating the overall behavior efficyeover the classic techniques.
This experiment was run using different search depths ftin leogines. One part of
the experiment was run with a quiescence search time limd,the other one without
any time limit. This is due to the fact that ChessO implementisnaout feature in the
guiescence search, in order to stop the search at some pe@mt,when the depth limit
has not been reached. Figure 20 depicts three experimeméseihe time-constrained
guiescence search is in green and red (green for a 30-selawitdand 60-seconds limit)
and the unlimited quiescence search is in green.
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Figure 20: Number of victories (adaptive Al versus clasdic A

At first, it is noticeable that the time limit feature is an iegment for the perfection of
the quiescence search. According to figure 20, the adaptivengine, running with a
30-seconds time limit, starts winning with a ratio &f% against the classic engine at
search depth 1. However, as the search depth is increasedatisic engine will start to
take over the adaptive Al engine, since the classic Al endoes not have a time limit.
As expected, when the time limit is increased to 60 secohdsadlaptive engine starts to
play better. This is due to the fact that the quiescence Beatarns the best move found
so far when the time limit is exceeded, and not the absolitety move.
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Furthermore, figure 20 depicts the improvement in the behafithe adaptive Al engine
when it is not limited in time. The adaptive Al engine alwagsi®s more thaf0% of the
victories after a search depth of two plies. The quiesceearch with no time restriction
Is substantially slower than the one with a time limit, aslakped in figure 19, due to the
large number of dramatic moves along the decision tree.
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6 Discussion

6.1 Achievements

The results of the experiments present some interestingreegts for discussing the
comparison between the classic Al engine and the adaptivengine implemented in
Chess0. As a recall for the purpose of the project, the aim waseate an improved
version of a classic Al engine for a computer chess apptinatiThe purpose of the
experiments was to compare the differences, both in behaw performance, between
the classic implementation and the improved version.

The three main differences between the classic Al engindglemddaptive Al engine are
the randomization extension, the use of dynamic heuriatdsthe implementation of the
quiescence search. Each improvement aims at providingwignato the behavior found
in the classic Al implementation, thus turning it into a modehess engine, with proper
capabilities for simulating human-like behavior.

First, the randomization extension works, in principle,expected, according to the
results presented in chapter 5. The adaptive Al engine isisinyg this randomization,
capable of producing alternative branches and discoveemgpaths along a chess game.
Moreover, the randomization threshold, which is a settordihe-tuning the behavior of
the adaptive Al engine, proved to be a working tool, as ergldin figure 13.

Second, ChessO0 received an important improvement by usingnalg heuristics. The

most important components of such dynamism are the use afnaignquanta for the

heuristic evaluation (dynamic heuristics) and the teclaigf move ordering. As a result
of the dynamic heuristics, Chess0 is capable of using huikariHinking, as it becomes

aware of the position on the board and it reformats its deassbased on how the board
is evolving during a game. These capabilities are workirgperly, as reported in the
dynamic heuristics experiments. Nevertheless, in relatrdh what is depicted by the

experiments, dynamic quanta only adds a slight bias to tbiside algorithm.

In practice, the move ordering technique mainly provideggomance improvements,
speeding up the decision tree traversing. This is necessacg computation in the
quiescence search is highly expensive. However, the mapopa of the move ordering
technique was to provide human-like thinking to the cheggren which was achieved,
although not noticeable for the end-user.
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Last, the quiescence search implementation of Chess0 iberfeature that is working
properly. This is proved in the last set of experiments, eigfig in the first experiment,
where the adaptive Al engine is capable of discovering Wtestsituations already at
search depth 1 in the decision tree. In addition to this, thesgence search proved to
be a more efficient solution, compared to the classic Al iry@etation, since it achieves
more wins using the same search settings.

Generally, the adaptive Al engine implemented in Chess0 s¢envork efficiently, and

it is definitely an improvement over the classic Al engineisTib the conclusion of the
experiments, at a glance. Nonetheless, there are sevan#d gwat are arguable about the
implementation of the improvements in the adaptive Al eagin

1. The scope of this project was limited in time and, themfdhe improvements
over the classic Al engine leave room for further refinemsmth as improving the
accuracy of the heuristic evaluation.

2. The number of experiments does not suffice to fully deteenifi the adaptive Al
engine is a complete improved replacement for the classiengjine, although it
proves to behave more properly in most situations.

3. Due to the low performance of the application, the numib¢he experiment runs
has been kept low, typically to 10 runs per experiment. In, fdbe search depth
tested in the experiment does not exceed seven, which médermanclusive for all
cases, since most commercial Al engines use search deptpsofl5.

In addition to all the features included in the adaptive Agiee, machine learning is

an extension that could have been designed and implemente@hess0’s adaptive Al
engine. However, the time and resource constraints forpttugect set the development
pace at more concrete areas for dynamism, such as quiesaanch and dynamic heuristics.
As a matter of fact, the sole component for achieving basichin@ learning would have
required the amount of time equivalent to develop the whpjieation of ChessO as it is
currently implemented.
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6.2 Application Fields

Nowadays there are Al applications in any field, and not ju$Tirelated projects. More
concretely, computational Al and dynamic behavior are iregun, for example, general
simulation, medicine researches, biotechnology. Funtbeg, these technologies expand
more rapidly due to the improvements and discoveries in eaengcience, where parallel
computing allows Al systems to model human brains with lag@unts of computation
resources. [29, 2-86]

Chess0 includes several features in its adaptive Al engiaedbuld be used in other
fields. Chess0 is an example of adaptive Al demonstratinggheotidynamic heuristics
and quiescence search. However, these features are wigdkdgbp to other fields. Dynamic
heuristics is a vague emulation of the behavior occurringenral networks. Neural
networks have an initial configured behavior, and they myitiése behaviorism rules as
they face new situations. Similarly, the dynamic heursstaund in Chess0 adapts its way
of thinking (and generating a response) as the situatiosehoard change.

On the other hand, the quiescence search is a techniqueathabhbeen put into practice

in general Al fields, as it has been used in games and findingsdat a known set

of variants in applications containing decision trees [Z@chnology experts discuss the
possibility to integrate computational Al (with its inteit dynamic behaviorism capabilities)
for simulating real-life situations where a decision musttaken and there are several
risks to be evaluated. Computational intelligence may beyaf&ediscovering which
decisions lead to a higher margin of probability for a riskake place, thus optimizing
decision taking. [30, 357-373]
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7 Conclusions

The goal of this project was to develop a chess engine camgisf two different Al
components. First, a classic Al engine using basic teclesifor decision tree traversing,
and then an adaptive Al engine putting dynamic techniquesgractice, thus providing
the tools for comparing the improvements of the adaptiver@iee (with dynamic behavior)
over the classic Al engine (with static behavior).

The outcome of the project was the creation of an adaptivenglre with for Chess0.
The results proved that it is possible to create a simplifiedieh of a computational
intelligent system with some basic dynamic behavior cdpigisi. However, the results
also demonstrated the challenge of establishing a progtiad-behaviorism system,
which may vary its response functionality while interagtwith its environment. The
results proved that it is feasible to program a dynamism riodede the system, as an
extension to the classic Al engine, thus enabling the igtiit agent to provide human-like
behavior when playing a game.

This project was limited both in time and resources, thuseatrating on a simple study
about dynamic Al systems and their behavior, such as in ctatipnal intelligence. The
constraints ranged from equipment lack to the availabdlftgpplying real-life tests to the
application such as the Turing Test.

Finally, it is recommended to further develop the currenplementation, probably by
integrating parallelization support and a distributechdainagement system, hence enabling
the intelligent agent to widen its dynamic behavior funetéiity and implementing basic
learning capabilities. It would be a concrete point to beronpd towards the Turing Test
preparation and future computational extensions to theesys
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