Rochester Institute of Technology

RIT Digital Institutional Repository

Theses

1983

Computer game playing: the game of Twixt

James R. Huber

Follow this and additional works at: https://repository.rit.edu/theses

Recommended Citation
Huber, James R., "Computer game playing: the game of Twixt" (1983). Thesis. Rochester Institute of
Technology. Accessed from

This Thesis is brought to you for free and open access by the RIT Libraries. For more information, please contact
repository@rit.edu.


https://repository.rit.edu/
https://repository.rit.edu/theses
https://repository.rit.edu/theses?utm_source=repository.rit.edu%2Ftheses%2F115&utm_medium=PDF&utm_campaign=PDFCoverPages
https://repository.rit.edu/theses/115?utm_source=repository.rit.edu%2Ftheses%2F115&utm_medium=PDF&utm_campaign=PDFCoverPages
mailto:repository@rit.edu

Rochester Institute ¢f Teckrolegy

School cf Cemputer Science and Technoloey

Computer Game Playirg:

The Game of Twixt

A Thesls submitted in partial fulfillment cf a

Master c¢f Science in Computer Science Degree Progeram

By: James R. Euber

Arproved by:

John A, Files: Adviser

o —— S T ————— T ——— T — T — —————— T —— ———

Warren R. Carithers



Computer Game Playing:

The Game of Twixt

I, James R. Huber, hereby grant permission to the Wallace Memorial Library,
of R.L.T., to reproduce my thesis in whole or in part. Any reproduction will
not be for commercial use or profit.

Signature

L OeF A RCHE B3
Date




TABLY OF CONTENTS

Introduction seveenrevenvenennas et e e e s
O G
Artificial Intelligence Literature ...ssvevesaes
History of Corputer Game Flaying .ceccececiconsse
Similarities in Game FPlaying Preerams ...veeeees
The Game of Twixt ....... s B 8 Ueles 8 GRPeNE e TT T
Gutline ol Taper : seewsn s aeeei & vewies ey § daaes

BIS) e Program el s svesias ss S 6 AEEIE 8 PNeEE T B ke

OVEIVIBW &3 aaieiie o aonias s saea s 5 aanns & o ol 3 nans i

PRogram STIUCTUDE ivieiissnioiavnissosenssaine

User: Interfatce i ivanas s SN A F AR i RalieE & VEeEaR

Tata Structures .. ... Gt e et e saes st e teas
e L~ = 4
List of Meves e iinnans et e e e e .

Meve Bvaluatior ..cveesees

MmN N =

1I=\|F>1-P~Eﬂf\)r—'

1
.2

. .

ik  DVETVIEW < & s vermamen & & swteis 5 @ EEoansie § GoatEnenes S .
o2 Meve Tvaluation IUOBP1len e v eewmies ¢ seees @ e
«3 Game Strategles .covwewsavawseas SUEE § EE § S
BERPNINE s wvimmies & ehans § aaieias  sesiees v eveles « aeeies
CVELVIBEW & cacewie & wwrves 5 & B F AR ¥ BTN § ¥ Saeies

CoprTimg of MOVES sowwes dvasens vames e ieveed s dasios
TLearning Medes issas s deesni e smsioe s v ason s saiaes
o1 Abhsalute: MOAE casswian s daide § vamens @ veiies ¥ veises 2
.2 Relatbive MOAE ciceissocnaniaiaoos e iainsssns s
.3 Percentage Mode (i .iiiiiiii ittt nas
Reremrtering ... PRI S Fainie e k Bamies ¥ Eeikiee 8
RESHITS  ionimor meusmesis & o sasces & @esems @ o GOSwNe 9 Syewashs & seemEeE
OVBIVIBW & careran o eieresmmis o axeieae & 3 seesene & saimieis s & e s
First Bfforts v it iieiieineeeesoncoannnsnnssnsnss
Full prlewentation STH W W RS § EEREE S SeeeeE 8 b
Effectiveness of Strategles iiveeeecenarerinnnae .
CEeNCINSLODE s & vreemns & Felsesse & § S § ORI S
Future Enhancemenls e saiees s s siesion s sseiie s s 5o
.1 Overview ...c.ocioees ¢ BT W ¢ RN T eandiie g T nase
.2 FBetler SEralegies .ecversocencsennennnnsncsssnns
.3 Multirle Eveluetien Functions .... .
.4 Tefense vs. OFff NS e i e e vetesssnsssnnnannnnnns
.E LooK-8head .cieeeernecnnscsnnsanna
lppendix A ticiiiceciitittcest et sttt it icaatanns
ReferenceS cassansasssvaine § & SURTETEN § ST E ¥ PRSI § B

ﬁ‘-lnl (':-ltﬂ()l N =

LT =W Y I

'Pfhm(hmmmfﬂrﬁ[_ﬂwmf“lbl-h-lblhl-lhlhiblhf)lfﬂf)l(ﬂ’\J?\‘JF\JI\JF\)I\‘IF\)HHHMI—‘I-—"—"

YD T =T = =m0 (T T =] 0T s V) ") =

i e T S SO S N B S Y
)

(A A M N DN

B () 2 DD M N

CACA

A4
s

.

TS
(N

s
_q

1.9
-J

TS
1~

r

nenen
R TAY B



P —= Ml IR TR ] D)

MMM B W AWM MDD

rrogram Structure

Possitle Links

LIST OF FIGURES

LI B R I O T T T T R T TR T T T T O DI

L R T T I I I I O L I I T T B

Ared Covered By BARRIER wivw ¢ e o sunieniiais 6 somarases
Values of RARRIRR <
P-ARRIER Plo(‘ﬂirg Lirks ® ® B % ® 8 % 8 % B 8 R s e

Beam ..ieevanes
TIIW wws s semm s
Celph s s sween
Mesh ..., aihb
Ad justments t

L

SECES & v seins & warenes & & swiee i w .

® O 4 8 % 5o % s & 8 % g e omES s s

I I I T T I I I L T

T T I I A R I I I R R I A I I

LT T T I I Y L T R T T N I T T IR IR

Welghts secicvsnnisnsssnsinosnansnns
Absclute MCOF GrOUPS eeveescsessssssssscoscnssas
Weights After ROURA FOUT seevvcevscoseccssannnes
Weights After Rcord

CEVET it ieserarasensonsonnsse

S T S I I | Y-S R S R TR

LaS IEAY N A% BEAN B ah Bl e T

]

"

TS
RN

ii



CHAPTER 1

INTRODUCTION

1.1 OCVERVIEW

Artificial Intellipence is a field of study in which
researchers try tc preocgram computers to do certain things
which, if they were done by huran beings, would be said tec
exhitit intelligence; in other words, they try to make
machires act irtelligertly. There are generelly three
reasens to study machine irtelligence: to help us tetter
understand the processes of human intelligence, to be able
to rerlace humrans in meniel or monotcncus tasks which
nevertheless require some degree of irtelligence, and to
be abtle tc develop machine intelligerce tc suck ar extent
that it will te atle tc solve protlems which are currently

beyond the grasp c¢f humar irtelligence.

An impertant area of Artificial Intelligence is com-
puter game rlayirng. Fy programming computers tc play
pares, it is possible tc study decisicn meking (how the
corputer decides which move tc make) and learning (how the
computer can improve its play). Gare playing 1is espe-
cially useful %because 1t offers a ccntreclled envircnment
which is much simpler to deal with ther twe relative chaos

of the real werld. Yet a2t the seme tire, gemes have simi-
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larities tc real problems trat eventually shotvld enable
researchers to apply whet is learned thrcueh game playine
to many other areas. The purpose ¢f this thesis 1is to
investigate =several aspects of computer game playing ty

prcegramming a cocmputer tc play the geme cf Twirxt,
1.2 ARTIFICIAL INTELLIGENCE LITZRATURE

Gcod general intrcductions to Artificiazl Intellipence
can te found in wWinston [WINS 7?7] and Nilsson [NILS &¢].
These include discussions of many different ereas of
Artificial Intelligence, such as pattern recognition, gamre
playing, gereralized learrirg, etc. £flagle discusses thre
protlems of writing prcgrams in Artificiai Intelligence
[sLAG 7?1]. Fe includes several chapters describing pro-
grams for specific games and discusses the varicus probt-
leme trhat arise frem trying to rrogram different types cf
games. Samuel c¢ffers & histericel survey of early
attermpts at cormputer game playirg [SAVU €g]). Ke ccncen-
trates for the most part on the games of chess and check-

ers.

1.2 HBISTCRY CF COMPUTER GAME PLAYING

The earliest modern computer games date from the
19E¢s. The <classic game playing precgram was the checker
player developed by Samuel [SAMU €3]. His proerar played

checkers against bturan opronents and learned tc improve

MASTER"S THESIS JAMFS R. HUBER
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its play through practice. Samuel tested two different
learning algorithms, ore of which was very similar to the
alegorithm used in this thesis. Ultimately, Samuel’s pro-

gram was atle tc rlay a nearly expert game c¢f checkers.

Weizenbevm has written a gprogrem tc pley a eame
called five-in-a-row [WEIZ 62a]. His move evaluation
function (by which he chooses which move to make) is vir-
tually 1identical to the Twixt frnction descrited later in
this paper. The most important difference between my pro-
gram and the five-in-a-rcw program is that Weizenbaum’s

does not learn.

A more recent example cf machine 1intelligence 1is a
backgammon program called P¥G $.8, which was developed by
Berliner [EERL €¢bd]. B¥G C.€ achieved a measure c¢f fame
in July of 1572 by defeating the world backgammon chamrion
ard winning $%,2¢¢. This was the first time & computer
progrem had ever beaten the world champion et any tcard
game. Although tackgammon relies to a great extent on
luck, ¢this 1is Dby nc means an insigrificant achievement.
The BXKG 5.8 and Twixt move evaluaticn functions esre simi-
lar in treir basic elements, but Eerliner hes included
some significant modifications in his, which meke it much

more effective. These modifications will be discussed in

chapter six.

MASTER"S THESIS JAMEZS R. EUBER
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1.4 SIMILARITIES IN GAME PLAYING PROGRAMS

Most garme-pleyire rrcerems are mzde up of essentielly
similar components which are tailored tc tre specific
needs cf the gare. For example, many such prcgrams con-
tain move evaluation functions in the form of either
linear or nor-linear pelynocmials. These functicne show
the relative values c¢f different moves and enable the pro-
gram tc yerform the best move 1in any given turn. The
quality of the move evaluation fvnction 1is directly
related tc the quality c¢f the rrogram; the moves made ty a
program can only te as gocd as its move evaluation func-

tion.

Another commer feature in game-playing pregrams is a
lock-zhead algorithm. Using lock-ahead, the propgram does
not stop after evalvating the mcves 1t cen make. For
every pcssitle move by the program, it alsc evaluates each
possitle responding move by its crponent. Cepending on
the implerentation of the slgorithm, the pregram cen, fer
exarple, look shead three or four pairs of moves, cor

perhaps uatil it reaches a certair pre-determined position

in the game.

A 1oo0k-ahead algorithm corresponis to searching down
an N-ary game tree, where N is tke nvumrber cf possible
moves for each turn. Although lcok-ahead can be very use-

ful, for large velues of N it can also be very erpensive.

MASTER"S THESIS JAMES R. HUBER
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In the game of Twixt, there are well over 5@ possible
moves every turn, ZEecauvse cf the prohibitive costs of the
loock-ahead aleorithm, the Twixt program does not wuse it,
The possitility of using mcdified ard less expersive ver-

sions of lock-ahead will be discussed in a later chapter.

Many programs are atle to improve their pley by tak-
ing intc acccunt their past perfcrmance. Learning usually
takes rlace after each game is ccrpleted. For example, if
the prceram wins the pgame, it “remembers’ the strategies
it vsed sc that it can vse them to win agein. 1If the pro-
gram loses, it knows which strategies are probably dad and

it woculd later avoid using these if gpossitle.

The prograrm discussed in this thesis dces not 1learn
after each game, but rather after every move. While it is
learning, its oppcrent acts as its teacher. Rfter every
move the teeacher rates the move and the program adjusts
its move evaluation criteria accordingly. Potentially,
this shovld allecw the program to learn faster than pre-
grars which use the post-game learning algorithm, tut the

final results should be quite similar.
1.5 THE GAME OF TWIXT

Twixt was 1invented by Alexander Rardolph, a
Czeckcslovakian game eathusiast whe has several successful

gares on the U.S. market [GART 7¢]. It was merketed ard

MASTER’S THESIS JAMFS R. BUBER
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copyrighted in 19€2 by the Minnesota Mining and Menufac-

turing Company and is still widely available to the pub-

lic.

Twixt is a two-player confrontational game. It 1is
played on a square peg-bcard made up of 24 rows and 24
columns c¢f holes. The top and bettom rows on the ©board
serve as one player’s home rows; the right- and left-most
colurns are his opponent’s home rows. Playizg alter-
nately, each player ray place a single peg in any urocccu-
pied hole on the bcard, except in his cpponent’s home
rows, By placing gpegs a certain distance apart, he can
also place a 1ink to connect the twe pegs. -~ These 1links
can te placed only on jegs which are two rows and one
column apart or one rcw ard two ceclumns apart (a knight’s
move in chess). The object of the game is for 2 player to
build a continucus chain of linked pegs from one of his
home rews to the otrer. The chain that one player builds
betweer his home rows also acts @s a barrier to prevent
his opponent from completirg his chain, <o the gare
requires a good mixture of cffensive and defensive posi-

tioning.

The program described in this thesis acts as one of
the players; it plays against a human opponent. They com-
municate through a CRT; the human player enters his moves

via the keyboard and the program prints its moves on the

MASTER’S TBESIS JAMY¥S R. HUBER
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screen. Since the progrem does not display the current
state cf the game board, the human player must keep track
of the game on his owr board. After every mcve the pro-
gram updates its internal versicn of thke toard and checks
to see if either player has won. Wher ore player wins,

precessing terminates.
1.€ OUTLINE CF PAPER

The remainder cf this paper is organized as fcllows:
Chapter twc describes the tasic program. It descrites the
structure c¢f the prcgram, how the game toard is maintained
ané the beckground functions performed. (Ln example of a
background function i1s tke stering of a list of all the
plays made durine the game.) The third chepter descrites
the decision-making algorithm that the program uses teo
select tre test jpcssible meove. The next chapter deals
with the prograr’s learning algcrithm. It describes hew
the program alters its decision-making process ty taking
intoc account its past successes and failures, Chepter
five discusses the results of the pregrar’s learning and
sore of the conclvsions reacked. The last chapter 1lists
several {improvements which could be made in the program

and discusses some of their consequences.

MASTER’S THESIS JAMFS R. BUBER



CHAPTER 2

BASIC PRCGRAM

2.1 CVERVIEW

The prograr was written in the C programming language
[KERN 7€] and is rum on a PDP-11/7¢ computer. 1Its code is
stored in six source files, each of which acts @as & con-
ceptual wunit. The files were kept separate to facilitate
editing ard re-compiling during the detugging stages. The
proegram 1is made wupr of 52 separate functicns and, not
counting documentation, contains slightly more than 22€¢

lines of ccode.

The artual program is made up of three trarts. The
tasic program deals with maintaining the game-bcard, veri-
fying and executing moves entered bty the human rplayer,
testing to see if anyone has won ard cther such tookkeep-
ing functions. The second part includes the ccde which
generates the program’s mcves. Part tkree contains the
learning algorithm. This thesis 1is concerned with the
last two sections. The basic program serves only as a
necessary foundation for the move generation and 1learnirg

functions.
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2.2 PROGRAM STRUCTURE

The besic program was coded first; only after it was
comrletely tested were the other two rarts included. The
structure of the pregram, shown in Figvre 2.1, it very
sirple. Before each move, the program checks to see if
ansyore has won. If there is a winner, the program indi-
cates who the winner is and processing terminates. If the
game is not over, the program reads the next move from the
Player whese turn it is. A series of checks is perfcrmed
to verify that the move is valid. If the move is illegal,
the player must continue entering moves until he enters a
valid one. When tte precgram has determined that it has
received a legal move, the mcve is executed. This simply
irvolves wupdatineg the game board to reflect the new state
of the gare. This «cycle continuves until one of the

rlayers wins or concedes.

While game is not cver
Get next move
Check validity of move
If move is illegal
tren return to Get next move
Execute move
Erndwhile

PROGRAM STRUCTURE

Figure Z2.1.

MASTER”S THESIS JAMES R. HUBER
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2.3 USER INTERFACE

Before each game starts, thre pregram communicates
with the wuser through e series of questions. The user
can, if he wishes, review the rules for Twixt or the rules
for entering nrmoves. The wuser must alsc indicate which

color he wovld like to play and which of the three 1learn-

ing modes is to be used.

Curing the game the gprogram prints either “your
rove... and waits for the human player’s mcve, or my
move... fcllowed by its move. When it s the humen
player’s turn, ke must erter either a legal move or a com-
mand. A legal move has three parts. The secend twe parts
are optional, ©but if both are incluvded, they must te in
the preoper order. The first jart is the ©board 1locaticrn
where the —tplayer wants teo place his peg. This is indi-
cated by enterirg a lower-case letter froma to x for the
row and a number frcm 1 teo 24 for the column (e.g. m2).
This may be follcwed by the endpeints of any single 1ink
which 1s tc be remecved frem the board. These endpoints
must te within brackets (e.g. m€[c12d141). The third part
irdicates the endpoints in parertheses of any links which
are to be rlaced. Up to ten links can te placed in a sin-
gle move, each of which must be entered withir its own set
of parentheses. If the peg placed during the move is one

of the endpoints, it need nct te specified again in the

MASTER"S THESIS JAMFS R. HUBER
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parentheses. For example, m8(ni1g)(cc)(f5e7) means to
place a peg at location me, place two links going from mé€

to nl1¢ and oS and place a 1link from f& to p7.

Instead of a move, the player could enter one of
three commards in the form of a single upper-case letter.
A “C” is entered tc concede the pame. Enterine an ‘L°
will <cause a 1ist c¢f all the moves made sc far to be
printed cn the screen. Finelly, en ‘R’ can be entered tec
review the rules fcr entering moves. If one of the last
twe commands is entered, it 1is, of course, <till that

player”s turn, so he must then enter a regtlar move.
2.4 DATA STRUCTURES
2.4.1 CAME BOARD

The most imrportant data structure is the game-toeard.
Since the actual game-boerd forms & square matrix, the
obvious choice fcr a data structure was a two-dimensional
array. However, the preogrer is only concerned with board
locations that already contain jpegs. The game-tocard would
actuvally be a very sparse matrix that couvld be stored in
much less space using a linked list representation. After
comparing the relative benefits of a two-dimensional array
and a linked 1list structure, it was ultimately decided
that the simplicity of the two-dimensioral array more than

compensated for the extra space it used.

MASTER"S THESIS JAMES R. HURBER
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Each element of the game-toard array is a structure
made up of three elements: PEG, LINK, and BARRIER. These
elements reflect the presence or atsence of pegs and links
at each location or the board. They are all initialized
to zero, indicating that there have been no peegs cr 1links
placed yet. Luring the game, PEG has 2 value of 1 for
Every peg-hole with a red ree in it} for those heles con-
taining tlack pegs, PEC has a velue of -1. Player RED is
iritialized to be 1 and BLACK is initislized as -1.

The variatle LINK shows the directions of any 1links
placed on a jeg. If any location”s PEG has a value of

zero, then its IINK must alsoc equal zero since a 1link

A peg at lecation X can link to
the eight numbered locations.

POSSIBLE LINKS
Figure 2.2.

) Y —— g o — — ———— T S S . . G . i i e . T Y i s

MASTER’S THESIS JAMES R. HUBER
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cannot be rlaced unless 1its supporting peg 1is already
present. LINK is an 8-bit character veriable, with one
bit for each of the eight pcssitle directions any fpeg’s
links can point. The pessitle links are numbered from
zero to seven moving clockwise from the wugpper-right as
shown in Figure 2.2. If a gparticular 1link 1is present,
then the ©tit 1in the variable LINK rorresponding to that
lirk is turned on. The rightmest bit is 1bit zero. For
example, 1f the peg at 1location X in Figure 2,2 hclds
lirks extending to locations 1 ard 3, then LINK for 1loca-
tion X has a velue of 1¢, since bits 1 and 3 are on (i.e.

‘ggee1e1e’e = 1¢).

=
.

BARRIER at location 2,3 refers tc the
area bounded by holes A, B, T ard C.

ARFA COVEREL BY BARRIER

Figure 2.3.

MASTER’S THESIS JAMES R. BUBER
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LINK deals with the chain a player 1is ©building to
connect his hore rcws. BARRIER deals with the same chain
but views it as a barrier a player is building to ‘tlock
his opponent. Unlike PEG and LINK, BARRIER refers to an
aree rather than a peg-hole. 1The variable BARRIER, at any
particular peg-hole on the beard, refers tc the square
area to the lower-right ¢f that peg-hole. The sides of
this square extend only tc the next peg-holes tc the right
and below the original hecle. (See Fipgure 2.3.) The value
of BARRIER represents the links that are passing through
this area. Any link passing thrcugh e BARRIFR's earea 1is

thought of as covering one triangular half of the sguare.

2 o ABRRT . &

B« v s & B o e
‘eeel”’ ‘ee1e’

4 - - C I - - .

tn

Each side is represented by & number
that has cne of its four low-order tits on.

VALUES CF BARRIER’S SIDES

Figure z.4.

MASTER®S THESIS JAMES R. BUBFF
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There are four possible triangles covered (i.e. upper-
right, upper-left, 1lower-right and lower-left). ZEach of
the four sides of the square is identified ty a Ddinary
nurter which has one of its four low-crder bitc turned on.
(See Fipgure 2.4.) Fcr example, ‘up” (side A-B in TFigure
2.4) bhas a value of & (’12e¢°b) and “right’ (side B-D) has
a value of 2 (“¢218°t). To represent a barrier (link)
covering the wurprer-right triangle of the area, BARRIER
equels the bitwise OR of ‘up” and “‘right” - thet is,
12 ( "181E6"% ). Likewise, a 1link covering the lower-left
triangle ¢f the square wculd have a value equal to the
bitwise CR of “left” (°¢ee1°t) and “dewn” ('g1ee°t) -

lower-left has a value of 5 (“2121°1).

™
=
td

1.5
o

N\
DN
:E/‘n
'—/t—J
cy =

With 1link F-I in place,
link C-J is legal arnd
link C-T7 is illegal.
BARRIER BRLOCKING LINES

Figvre 2.5.

MASTER’S THESIS JAMES R. HUBER



BASIC PROGRAM 1€

In Figure 2.5, if a 1link is placed connecting hcles B
and I, then it covers the urper-right of square B-C-E-G
ard the lower-left of square C-I-I-H. In this case it
world still te ypossitle tc place a link from hole C to
hole J. Part of this new link would cross square C-I-I-H
fer which BARRIER already bhkas a value of 5 (’2121°b),
meaning a 1link is cressing it in the lower-left triangle.
The new 1ink (C to J) cresses the square in the upper-
right. 1Its velue is 1¢ (“1¢12°t). Since these tits 1in
BARRIER are still off, this shows that the new link is
legal. If this 1link is placed, its velue is ORed with the
current value of BARRIER resulting in a new value of 1%
(“1111°b). A1l the tits are now on, which sﬁous that the
entire square area is covered. It would be impossible to
place ancther 1link wkich rpassed anywhere through this

BARRIER s area.

With the link from B to I irn Figuvre 2.5 already 1in
place, assume that an attempt is made to place a 1lirk from
C to F. In this case BARRIER in area B-C-HE-G already has
a value of 12 ("121¢°t). The new link wouvld have a value
of ¢ (“1¢¢1°b) in area P-C-E-G. The high order Ddit in
BARRIER is elready on, which signifies that the upper por-
tion of the square is already covered. The new 1link is
alse trying to pass ‘through this pert of the square.
Since the vpper side is already covered or the “up” tit is

already on, the new lirk from C to F 1s clearly illegal

MASTER’S TEESIS JAMES R. HURER
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and this move would te rejected.

Curing each move, the program checks the values of
these variadbles on the board in order to verify the vali-
dity of the move., If any 1llegality 1is detected (e.g.
trying tc place a red link on a black peg) an appropriate
error message is printed and the player is asked to enter
a different move. After every move, these variatles are
updated at the appropriate 1locaticns of the ©board teo

reflect the new state of the toard.
2.4.2 LIST OF MOVES

The second important data structure stores the moves
made during the game. A long one-dimersionel character
array holds the concatenation of all the mcves. TFor exam-
ple, if a move is represented in seven characters, it will
£fi11 locations zero to six. The other player’s move might
£111 locations seven to twelve and then the first player’s
next mcve would start at location thirteen. A pointer
points intc this array to the next free space (i.e. where
the next meve will start). F¥ach player bas e&n array cf
pointers that indicate the first position in the long
array of every move that pleyer has made so far. These

arrays are used to store and subsequently print a list of

all the moves.
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MOVE EVALUATION

3.1 OVERVIEW

This charter deals with the methcds the precgram uses

to evaluate moves and tc decide which one to play.

When it is the program’s turn tc make a meve, control
passes to the function MAXEMCVE. The actions perfcrmed
depend on which of the fcllewing four ceses is found: (1)
it is the first move of the game; (Z2) it is the second
move of the game; (3) the array holding the concatenation
of all the rmoves or the array of pointers indicating the
computer’s moves is about to overflow; (4) nore of the
atove, In the first case, the proeram calls a function
which simply places a pez at 1location méE. This 1is ar
excellent place to start play, and fer the sake of simpli-
city the program always moves here when 1t rplays first.
The second case means that the proeram is pleyineg seconAd
and that its opronent has already moved. A function is
called which causes a peg tc te placed approximately two-
thirds of the distance from the oppcnent’s peg to the
opponent’s most distant home row. The program is pesi-
tioning itself to block its cpponent. 1In the trhird cese,

the program catches a run-time error before it happens; it

1€
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determines that an array is full and that if appropriate
action 1is mnot taken an attempt will te made tc index the
array beyond its upper limit. Therefore, the program ccn-
cedes the gare at this point, This shculd happen cnly if
the gare i extremely 1lorg. The fourtk case 1is, cf
course, the one that occurs most of the time, and the
program’s actions for this case are discussed in the rest

of this chagter.

Fer the fourth cese, MAXEMOVE <calls the functicen
FINIMCVE, wkich executes & search for the test move to
make. The function lccks at every possitle mcve on the
becard - 1in other wcrds, it looks at the consequences cof
rlacing a eg in any arnd every unoccuried hole, excegpt
those in its oppcnent’s here rows. It assigns a velue teo
eack ¢f these moves; the higher the value, the better the
meve, The coordinates cf the mecve with the highest velue
are retvrned to MAKEMOVE, where the ectual execution cof

the move tzkes place.
2,2 MCVE EVALUATION FUNCTION

The valte cf each move is calculated by means of a

linear polynomial which has tke followirg form:

value = z: tiwi.
i=1
Eack t; is a term which acts as a <simple, well-defined

game strategy. Fach termr 1is implemented as a function
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which returns a normalized value tetween zero and 25. The
value cf a term 1is gireperticrnsl to the quality of the
move, as perceived by that single strategy. TFor example,
assume a Strategy indicates that it is tetter toc place
pegs neer the center of the tcard. 7For central meves this
term will have a vealue close to 25; for mcves which are a
grezter distance from the certer, the term’s valtve will be

prcportionally less than 2%,

Each term or strategy has a correcponding weight
(w.), which indicetes the importaace «c¢f this stratepy
relative to all the others. The values of thece weights
are deterrined by tbhe learring algorithm and will te dis-
cussed in the next chapter. The value of eack terr (hew
much this move conferms to this strategy) is multiplied ty
its asscciated weight (how importent this strateey 1is in
playing the garel. The resvltirg ircducts are added

tcgether to irdicate the overell quality of the move.
3.3 GAME STRATEGIES

The fcllewing list descrites the seventeern individual
game stretegies used in the Twirt move evzluaticn pelyne-
mial:

1. RAND This term essigns & readcm value to e€each

move. It is used in the learning algorithr and will

te discussed in the next chaiter.

r
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2. RAND Thkis is identicel to the previous term.

2. CENTHORZ This strategy gives high values fer
mceves mnear the herizental center of the teard (frerm
each player’s perspective). Red <cceres high fer
moves along rows L and M; black scores Ligh for mcves
along colurns 12 and 17. As the moves ajpproach the
player’s home rows, the value cf this terrm dimin-

ishes.

4, CENTVERT GEish values are assipned for nwmoves
aleng the vertical center. Moves cleoser to the

opporert’s home rows receive lower values.

5. MAKEBRIDGE The value of this terrm increases witkh

the numter of bridges placed during this meve.

€. SPAN This term’s velue is equal to the numrter cf
rcws spanned by the chein teo which this move is con-
nected. If the move is & single iscleted ypeg (nct
linked to any chair), then this term’s valve is zero.
Tkis terr is the o¢nly cne that can have a norn-
normalized value. If the chain spans 23 rcws, it
reans that thiec move will result in @ win, since s
chain covering 22 rows must connect the twc heme
rews. If this is the case, the term receives a value
of 1e¢e¢¢, which is intended to outweigh the valves of

211 the cther terms to ensure that this (wizning)
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move will be mede.

7. COUNT Tke value of this terr 1is equsl to the
nurber of 1inks that are on the chain to whirk this

move is connected., It has a maximum value of 7°F.

8. ALVANCE This term calculates the numter c¢f rows
that the move increases the total span ¢f any chain
te which the mcve links. The term’s veluef is jrepor-

tional to this number of rows.

©. TEIFBLCCK Tris stretepsy looks at the cpponent’s
most important chain (as deterrined ty its size ani
whether the opponent added a 1ink te it in his previ-
ous move). It calculates the btest positicn to set up
a defensive block ir front cf this chair. The cleser
the move is to this blccking position, the higher its

value.

1¢. TOUCH The velue cof this term is higk when the
move is ~close to the oppcnent’s lest meve. The

farther away tre mcve is, the lower the term’s value.

11. DENY This term calculates how many 1links the
opponent could have placed before this move btut now
cannot place as a result of this move. Its velue 1is
equal to either three times tnis numter or 2%, which-

ever 1s 1less.
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12. PLCCK This strategy determines which areas cf
the ©btoard are alreedy %blocked by the cpponent and
are, therefore, not gcod arees inte which to mcve.
The closer the move 1is to one of these areas, the

lewer the valte of the ternm.

12, EDGEECRZ The velue of this term is high when
the move 1is near cne of the player”s home rows. As
the meve approcaches the center of the ‘tYoard, the
term’s value decresses. This term is the exact opjc-

site of the CFNTHCRZ term.

14. PEAM This term and the next three terms involve
strategies called set-ups. Turing a set-up, two pezs

are placed a certainr distance apert. This makes it

. - . 3 - 3 - - - . - 3 .- - - -
- - . - - . - . - 3 Y -
- - L] - 1 - - L] - . ] . . . - - -
REAM TILT
Fipgure 3.1 Fipure 2.2
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possible to place a third jeg in either of twe dif-
ferent holes 1in order to connert the first two pegs
with a doutle-link. If a set-up is made, these terms
have a value c¢f nireteen. If not, ttey hzve a velue
of nine. See Figure 3.1 fcr the position and crder
of placement cf peps for a bear set-up. The first
peg 1s placed at the 1location 1lateled 1 and the
cecord at 1locaticen 2, The third peg then car te
rlaced in either of the locaticns lateled 2, to make

it possible to 1lirk all three jpegs.

15, TILT This is another type of set-up. See Tig-
ure 3.2 for the pez placement. Tris term’s values
are also nineteen if the set-up is mede anéd nine 1if

it is not made.

A

- - . 1 . . [ . - - - 1 - - -
COIGN MESH
Figure 3.3 Figure 2.4
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16. COIGN The coign set-up is illustrated in Figure

2.3. It has the same values a2s BEAM enrd TILT.

17. MESE The mesh set-ur is also illustrated in
Figure 3.4. Its values are the same as the cther

set-ugs.
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LEARNING

4.1 OVERVIEW

This chapter describes the learning algorithm. It
discusses hcw the gproegram uses its past perfcrmance to
modify its move evaluvation jprocess descrited in the previ-

ous chaypter.

The move evaluation polyncmial is made ury of sever-
teen gpairs (tiwi)' The valve of each t; represents the
quality of that move according te that single strategy.
The w, values shcw the quality of thet strategy, relative
to the others, in playing the game. At the ‘teginnineg cof
the 1learning process all the weighte (w,) ir the pclync-
mial are set to 1¢¢. That they are all equal shows that
no strategy 1is ‘tetter or worse than any other strategy.
The learning algerithr determines which strategies are
good and which are bad axd then raises or lowers their

weights accordingly.
4,2 SCORING CF MOVES

While the program is learning, the human player acts
as 1its teacher. After each move made bty the prceram, the

teacher enters a score from ore to five (to 1indicate the
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range from very bad to very good moves). This score is
comrared to the term values that were used in the pclyno-
mial when the program evaluated this move and deterrired
that it was the best one. Scme of these terms gprotabtly
indicate (with higk values) that the move was good ard
some rrobably indicate (with low values) that the move was
bad. If the value of the term agrees with the teacher’s
sccre (e.g. if they both indicate that the move was gccd)
then the weight associated with that term is increesed.
If the terr value and the score disagree, the weight s
decreased. See TFigure 4.1. FYer eyamrple, assume the
teacher decides a move is very gced. (Ee gives it a scere

of five,) If term A pave that move a hrigh velue, it

TERM
good bad
|- =" | Tttt |
I | ]
good 5 ur E down i
| | |
TEACEER b 5 ________ j
1
| up
|
I
]

]
]
bad | down
i
]
| L,

This table shows the direction of the strategy’s

weight (increased or decreased) when tke value

of the term is compared to the teacher”s score.
ADJUSTMENTS TO WEIGHTS

Figure 4.1.
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correctly predicted the quality c¢f the move, so it should
be worth mere in relation tc tre cther terms. Its weipht
1s ad justed upward. If term F gave the mcve a low value,
it was 1ncorrect in itc evaluation. The rext time moves
are evaluated it shouvld rot carry as much weight. There-
fore, 1its weight 1is 1lowered. Threcugh this process the
good terms tecome mere impertant and the tad ones 1less
important; the rprogram learrns which strategies are becst

and therety improves its play.

To test the success of the learning algorithm, the
first two strategiec in the polynomizl (tcth RANDS - ran-
dom numbter generators) are tvsed as contrecl terms. The
ad justments tc their weights should te a good irdicaticr
of the prceram’s ability to learn. Surely, e&ssignine =&
randor numter to a move to indicate 1ts quality i< nct a
geod strategy for Twixt or ary other game. Since every
term’s weight starts et 1¢€, the program originally cen-
siders these strategles to te as valid or as useful as all
the others. By cbserving the weights of the ceontrol
terms, the teacher can see whether or how quickly the rro-
gram learns that they are bad strategies. In other words,
it is expected that the weights of these terms should
approact zeroj; the degree to which this occurs should be

proportional te the quality of the learning alecritkm.
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4.2 LEARNING MODES

There are three modes of learning: atsolute, relative
and percentage. The modes have different ways of irter-
preting the term values tc show the quality of the wmoves.
For example, assume a term evaluates to 21. Ir the abeo-
lute mode this would always te considered a very ~eo0o043
score. Using the relative mode, this value is considered
relative tc the values of the other strategies, so that if
most of the terms have velues atcve 21, this weculd te con-

sidered a tad score.
4,2.1 ABSOLUTFE MOTLE

The atsolute mode rlaces each strategy into one of
five grours, depending on the value cf the term. Tigure
4.2 shows the merping of term values to eroups. The group

nurbers indicate the quality of the move, from a range of

Term Grecur
Value Number
2-4 1
E-¢ 2
17-14 Z
15-19 4
22=-25% 5

ABSCLUTE MCILE GROUFPS

Figuvre 4.2,
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very tad (group 1) to very gcod (grouy 5). This interpre-
taticn 1is identical tc the one used for the score entered
by the teacher. As wes expleined earlier, if the eproup
nurter and the teacher”s score are toth five, for example,

the weight associated with this terr will rise.

The exact amount of the increase is deterrined ty the
following algorithm, Both the teacher’s score and the
term value are reduced by three. 1Instead cf Dbeing in =2
range of one to five, they now fell between -2 ard 2,
which tetter illustrates tre quality cof the move. Zerc is
neutral; rositive numters mean good mcves and negatives,
bad moves. For every term the adjusted <score is multi-
plied by the adjusted grour numbter and the product is
added to that term”s weight. Tor example, if DbYoth sides
show that the move was very gccd, their values will be
twos and the product will te fecur. The weight will
increase ty fcur. On the cother hand, if cne hes e value
of two (very good mcve) and the other has a value of nega-
tive two (very bad mcve), the product will bte negative
four. The associated weight is decreacsed ty four. Since
the term value did not agree with the teacher’s score, the

welght should go down. (See again Figure 4.1.)

To carry this furtrer, suvppose thet the ‘teacher’s
score is negative one and the term pgrour number is twec.

The product will be negative two and the weight will
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decrease by two. In this case, the weight goes down
because the twc evaluations disagreed, but it dcesn’t fall
as much as %efeore because the disagreement was not es
large as tefore. Notice that if the teacher’s adjusted
score 1is zero, nore cf the weights will change. This ic¢
as it should be; the teacker decides the mcve was nrneither
good mnor bad, sc none of the weights should be rewarded

nor penalized.
4,2.2 RELATIVE MQDE

Unlike the atsolute mode, the reletive learning mode
deals with each term value only as it relates to other
term values. This mcde takes all the terms and puts them
in order of ircreasing value. Nurber one has the lowest
value; the last number has the highest value. These
nurbers are analogous to the group numters of the absclute
mode. But here, there may te as many as sevenlteen grcugs,
if each term or strategy has a distinct value and ferrms
its own group. Agein, the numbers are lowered so that
they are equally distribvuted abcut zero. (E.g., if there
are seventeen distinct grouyps (eech containing cne term!
they will cover a range frem -€ to 8.) Just as in the
absolute mode, the numters are multiplied ty the teacher’s
adjusted score and the product 1is added to the term’s
weight. In this case, thovgh, the weight could dncrease

or decrease by as much as 1€ in & single rove (with a
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score of two and a relative group numter of eight).

Potentially, this means that the relative mede could
learn much faster than the absclute mode. The speed of
the learning is probatly not very impecrtant. The irpoer-
tance c¢f the relative mode is that it takes into account
the nction that stretegies ard their weights are <cignifi-
cant only 1in relation to other strategies and weights in
the pelynomial. Theoretically, 1in the atsolute mcde,
every strategy could be considered very gocd. The purpcse
of learning is not so muvch tc determine which are gcod,
but rather which are bdetter than the others. The relative
mode, then, shovld accomplish this by viewing each stra-

tegy relative tc the entire group.
4,2.3 PERCENTAGE MCDE

The percentage mode calculates the total sum cof the
values of all the terms in the polynomiel. Fer each term
it assigns a numter that represents what percentage this
term 4is of the sum of the term values. These jercentages
usually fall between zero and ten. As with the «cther
modes, the percentage values are distributed arouné zero.
These adjusted percentage velues are rultiplied by the

teacher’s adjusted score and the product 1is added to the

term’s weight.
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4.4 REMEMBERING

At the end of every game, the set of seventeen
welights almeost certeinly contains different values fron
those at the teginning. These new weights represent what
the program has learned during the game. Tependirg ugpcen
which learning rmode was vsed, this set of new weights 1is
written tc one of <trree external files. Tke nert time
this learning mcde plays a eame, 1t reads the weights frerm
this f£ile, In this way, each learning mode “remembters’

everything it has learred ir previcus games.
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RESULTS

5.1 OVERVIEW

This chapter deals with the results of the 1learnirg
algerithm. It examines the program’s ability tc leern, as
observed thrcugh a series of games. The chapter ends by
outlining the conclusions drewn from the learning cbserve-

tions.

It can be difficult to see how well the froeram is
learning tecause the results of the games are very depen-
dent vpon how well the program’s orronent plays. If the
program wins one game, its orronent might play more care-
fully the next time, When the program 1loses the next
game, 1t doesn’t mear that the program is pleying worse.
It might have actuvally improved its pleyinmg atility, tut
since 1its oppcenent is trying harder the final outccme

looks worse.
5.2 FIRST EFFORTS

The learning algorithm was first ircluded in the prec-
gram and tested when the mreve evaluation polyncmiel con-
tained only eight terms. In this early stege of teeching,

the program simply was supposed to learn to build & chain
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across the board in the most efficient way. The teacher-
orpenent placed his pegs along the sides of the bocard irn
crder to stay out of the program’s way. (In other werds,
without reacting at all to its opponent’s roves, and vusing
only its first eight strategies, the proeram was teurht
how to traverse the tcard.) This early learning will te
discussed first, since its recsults are easier to see ther

the results fror geames played at later times.

The program simply rlaced pegs and links on the Yoard
uatil 1its chair extended over the entire distence tetween
its home rows (i.e. until it produced a winning chain).
As always, after every mcve by the program, the teacher
gave it a score between one and five. In the first game
it played, it tock 6L mcves to build a winring chain.
(Remember that this was not really a efame, but rather just
an attempt tc traverse the bcard.) The resulting game
board is illustrated as Game Orne in Appendix A. The
opponent’s moves are not shown. Looking at the game
board, it“s obvious trat the program made many uanecessary
MOVES. Since the mest direct chain can win in only thir-

teen moves, the first attempt placed 7z unnecessary pegs.

In the second game it played, the program improved
dramatically. Here it needed only 23 moves tc cross the
board. (Appendix A - Game Two.' After learning for only

one game, the gprogram was able to censtruct a winring
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chain in one-third the numbter of moves it needed jrevi-
ously. The third game preoduced recsults similar to the
second. Then in the fovrth geme, the program crossed the
toard 1n thirteen moves, the smallest possitle nurmter.
This game is shown in Appendix A as Game Three. These
initial 1learning results were certainly very encouraging.
By playing only four games the prcgram hed learred tc pro-
duce optimurm results. Bvt notice thet while it played
four games, the program made more than one hundred meves.
Since the teacher was rating it after every move, the pro-
gram ad justed its strategies” weights over cre hundred
times. Obviously, as the results show, tris was plenty of

time to separate the good strategies from the tad ones.

This shoulé be compared tc the more vuvsual geme-
playirg method of learning only after ea~h game rather
tran after every mcve. Learnirg after every move 1is
almost certainly faster. It is unlikely thet the program
would have been able to produce optimum results after only
three games if it had been learning cr adjustirg its move
evaluation function only cnce every game. Changing the
evaluation function after every move also seems te allow
the adjustment to be more precise. A single situatiorn is
taken into account. After a ccmplete game, it wculd te
more difficult to determine wrich strategies rperfcrmed

well and which did not.
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It is interesting to note the weights of the random
numter generator strategies during this learning session.
As was already stated, all the weights start at 1€¢.
After the first game (i.e. 65 moves) the first randor
nurber eenerator’s weight had been reduced tec twoj tre
second ore’s weight was ten. Foth of thre weights ulti-
mately reached zero. This shkeowed that within only four
games the rprogram had determined that the random stra-

tegies were worthlecss.
5.3 FULL IMPLEVYENTATION

After the learnirg algorithm was tested wusing the
first eight strategies, more strategieé had to te
develored. In general, strategies were conceived by play-
ing games of Twixt and observing what types of moves were
needed at certain points durirg the game or, more imrper-
tantly, why rlayers made «certain mcves ir particular
situetions. Every strategy that was tkcught of was imple-
mented. As has already teen stated, there were ultimately

seventeen strategies.

After all the strategies were included 1in the gpro-
gram, the seventeen weights were reset to 1¢¢ and the main
learning process was started again. Several rounds of
games were fplayed; 1irn every round one game wasS pleyed
using each of the three 1learning modes. Each 1leerning

mcde adjusted and kept & recerd of its own welghts and
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used them in sutsequent games which it played. Looking at
the games themselves, it ic somewhat difficult to otserve
the proeram’s progress. It is werthwhile, though, to lock
at some of the games and ther tc otserve the differences

in the values of the weights among the three 1leernine

modes.

Round four (after each learning mcde had played three
games) was probably the west important one. The final
state of the game toard and the 1list of gplays for the
absolute mede’s fourth game are shown ir Appendix A - Garme
Fcur. The program is playing tlack. The teacher-oppcnent
started the game by placing his pegs near the center of
the board. The program countered, as it should have, by
building a chain in rows Q thrcugh T and columns 7 through
15. This is a2 very effective block against its cpponent’s
central MOVES. Realizing that he was Ddlocked, the
program’s opponent started a chain centered around p2¢.
This, of course, btlocked the program’s chain. At tnis
point the progrem skould have abandoned its chain, as 1its
opponent had, and started to tuild a new chain which would
block its opponent and also rerhars subsequently ccnnect
with any existing chaln segments to fcrm a winning ctain.
But to start a new chain, the progrem rust place e single,
isolated peg withcut a 1lirk. Since the program wes so
highly rewarded for placing links, once it started a chairn

it would not atandon it. In other werds, the program had
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to learn that it is not slways appropriate to connect new

Pegs to exlisting chains,

Up tc this point (rcund four) the program’s only
solution to a bdlocking situation was to try to gc arcung
the opponent’s chain. That’s exactly what it tried to dc
here. The program bduilt 1{its chain in the directicn cf
wlé, tut it was unatle tc get around the opposing chain
before the edge cf the Ytoard was reached. The program’s
next move was et r5 witk & lirk to s7. Clearly it didn”t
kncw what to do here. Its chain now extended in & single
path from r5 to v2¢. One end (the critical end) of 1its
chain was ‘tlocked. Not knowing any other way to get
around the block, it checse & move which extended the other
end of 1its <chain. Even thovgh it was ctvicus that the
block had to be circurverted, the best mcve which the rre-

gram could find was one that extended tre wrong end cf its

chain.

Its oppcnent placed a peeg at 112, se his cripgirnally
defensive tblocking chein ncw extended from 1183 to x2¢ ard
was dengerously offersive. The progrzm’s next move was
probtatly the most important single move in any game cf any
round of the learning process: It placed a peg (without a
1ink) at 1location f1E€. It had abandcned 1its semi-
worthless chain and had started to build & bleck ir f{front

of the orposing chein. It hed finelly learned thet there
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are times when all its previous work must be atardored;
sometimes rpeps must be placed, for defensive purpcses, in
what might seem like the middle of nowhere. Mcre impor-
tantly, it had 1learned that placing links just for the
sake of rlacing links is usuelly not a gocd strategy. 3
link must have a definite puryose or gocal, such as extené-
ing a chain at an ayrropriate time cr gecing around an
orporent’s chain. The prcgram ultirmately lost the gare;
but in its losing effort, it increased its ability tremen-
dously, simply by haviag learned to place the Yblocking peg
at fie.

Later in round four, the relative and percentage
modes played their games. Ecth of them fcund themselves
in the same situation of having their chains tlecked and,
rather surprisingly, both were atle tc chcose tc atardorn
their chains and place & btlocking peg in front of their
oppcnent’s chains. Otviously, all three modes were leern-

ing at about the same rate.

The game played ty the rercentage mode in round eight
is illustrated (game bcard and meves) in Arperndix A - Game
Five. Again the program is playlng black. Here the rpre-
gram has three separate chains. It has learrned well not
to put toc much emphasis cn placing 1inks, and it bhas clsc
done a fairly good Job of tlocking its cpponent. In rows

R through W on toth sides of the board it was able tec steyp
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red“s chair by “pushing” it intc the side. Ultimately red
was able to build a chain on rcws P and 0O which passed
through the gap tetween two of the program’s chains. By

extending this chain to row X, red wen the game.
5.4 EFFECTIVENESS OF STRATEGIES

If the strategies” weights from each learning mode
are comrpared after the learning modes have 2ll played the
sare number of games, the differences in their learning
patterns can ©be seen. Figure 5.1 shows all the weights
after each mode had played four games. Lookirg at the
first two terms (RANDs), it can be seen that the relative
mode has learned best that these strategies ére very bad.
The absolute mode has also decreased their weights, but
not as much. The percentage mode has actually increese?
the weight of one of the random strategies. It still
seems to consider that strategy to be fairly eccd. The
three modes are unanimous in their judgements of terms
eight (ALVANCE) and twelve (RLCCK). Trese twe strategies
increase the total distance spanned by the player’s chain
and try to avoid areas of the board which ere Dblocked cr

controlled by the opronent. They are toth good strategies

and eachk mode has given them very high weights.

Protatly the mecst interesting weipht is the zerc that
the tpercentage mode has assigned to term five (MAXE-

BRILGE). Stratepy five simply says that it’s ‘tetter tc
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STRATEGY LEARNING MODE

absclute relative percertage

1 &4 ¢ 1gv
2 44 18 42
3 S1 1ee 12¢
4 gs lec e7
5 47 ee ¢
€ g6 1e e
7 e8 4% 24
8 14° 273 25¢
9 127 157 217
1¢ 114 241 121
11 140 171 2p1
12 1ok 237 2EE
12 €4 23 g1
14 135 12€ 1€1
15 135 121 11
16 141 119 1£1
17 131 121 175

WEIGETS AFTER ROUNT FCUR
Figure £.1.
place a link then it is not to place one. The weight of
zerc signifies thet the jpercentage mode has deterrined
that placing a 1link is uvseless. It hes elready teen seen
that the prograr shouvld avoié putting toc much emgphasis cn
placing links, but it seems that the percentage mode has
gone to an extreme and is placing tcec 1ittle emphasis on
links. (Chains cannot te btuilt and games cannct Dbe won
unless 1links are placed on the board.) Actually, this is
not as bad as it seems. Several other terms (mcst notebly

term eipht) indirectly reward mcves whick include links.,
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The percentage mode simply shows that links which increase
the tctal spanm of the chain (term eight) are gcod, but

placing a link just for the sake of placing a link is rot

worthwhile.

Figure £.2 shows the weights after each mode has
played seven games. By this time both the atcsclute and

relative wmodes have 1lefarned very well that random stra-
tegies are bad. Percentege mode is meking pregress in the

right direction, but it stil11 kas a way tc go. All three

STRATEGY LEARNING MCLE

absclute relative rpercentage

1 2 g 2g
2 4 11 78
3 €2 21 122
4 £z e 12¢
5 2 € €
€ 48 ¢ 44
7 2 ¢ 4
g 1¢1 229 279
a 118 192 237

1¢ 11¢ 172 15¢

11 1€1 278 273

12 1€€ 2€1 323

13 €2 £2 €7

14 182 18¢ 210

15 178 121 21¢

1€ 166 17¢ 204

17 172 1e1 204

WEIGHTS AFTER ROUND SEVEN
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modes have continued tc increase the importance of terms
eight and twelve. Ey this time also, notire that all
three medes seer tc heve come to the cerclusior that lirks
for the sake of links are almost useless. Nore cf ther

assigns to term five a weight abeve six.

Before the 1learniug process began (when all the
welghts were set at 1¢€), the progrem was run to see hrow
many moves it took to build & chain across the teoard. As

in the initial testing of the 1learning algorithm,
described 2t the beginning cof this chapter, the program’s
opponent rlaced his pegs along the sides of the beard to
stay cut of the program’s peth. With all seventeen terms
in the polynomriel anéd without having learned anything yet,
the program built a winning <chein in 31 rmoves. After
round six the test was run again using tre polyncmiel”’s
new weights. Zach mede btuilt a chalim asress the btoard to
show how well it had learned. The absoclute mode needed 1€
mcves to complete the chain. That’s clese to optimum (13
moves) and & good improvement over the 31 moves needed
tefore learning began. The relative mode was even better;
it built a winning chain in 14 moves. Unforturately, the
percentege mode was not able to construct 2 complete chain
vntil it had made 45 moves. After it had teen tavght for

six games, it tock longer to crcss the board than it had

when it started.
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.2 CONCLUSIONS

The results of teaching the program show that the
relative learning mede leasrned tetter than the other two.
It can build a winnine crain in almost cptimum time 2an3
the welights it has assigned to its strategies have values
which seer tc reflect their actual impcrtance quite well.
The atsolute mode has also learned well. It arrears to te
followlng the relative mcde’s learning peth tut is nct
progressing quite as fast. The percentage rmcde has had
trovble learning certair trings. 1In gereral trhe percern-
tage mode 1lays a more interesting garme thar the cther
two. (It certainly makes & higher ©percentage of very
creative wmcves; unfortunately, many of them are alsc very

tad moves.)

It still doesn’t seem that the pregram is good encugh
to beat a huran opponent. Perhars it couvld ‘teat &
beginner, or maybe a very btad rlayer. This lack of atil-
ity is fer the mcst part due tc the quality cf the gene
strategies. Irplementing some of the suggesticns in the

next chapter would be a gocd way to improve the progrem’s
play.

The learning algorithm, especially the relative mede,
used the strategies it had at its disposal very well. Tke

main purpose of the algerithm was to learn which stre-

tegies were good and which were bad or, in other wecrds, tc
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learn the importance of each strategy relative to the oth-
€ETs. The results show that the program attained e very

acceptatle degree of surcess in its learning attemgts.
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CHAPTER 6

FUTURE ENHANCFMENTS

€.1 OVERVIEW

This final chapter discusses some improvements which

cculd te made in the groerar.
€.2 BRBETTER STRATEGIES

The mest basic and streight-fcrward irmprovement would
te <simply an extension of what already exists. Syecifi-
cally, more and better strategies covld te implemented.
Using the strategies which it has ncw, the prcgram ~an
learr the relative importance of each strategy ard adjust
its weight accordingly, tut uvultimately, the weights stz-
bilize and the rgtrcgram’s learning reaches a o©plateav.
There are some things the progrem will never learn tkrcugh
further teaching. For exarple, if the program is tuilding
a chain which 1is aprroaching a ‘tarrier set vp bty its
opponent, it is smart enough to try tc gc around the tar-
rier. But it has no way of anticipating & future darrier
that the cpponeat cculd easily construct, Consider the
set-ups descrited as strategies 14 to 17 and illustrated
in Figures 3.1 through 2.4 cf chapter three. If the gre-
gram sees the gap tetween the twe set-up regs, it will

build its chain in that direction and try tc pass thrcugh.

47
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But  on his next move, its orpenent can insert the third
peeg of the set-up to close the hole te effectively tlock
the rrogram®s ~hain. With 1its current strategies, the
program will never learn to avoiéd this tray. The jprotler

could ©be taken care of ty including an gprrorriate new

strategy.
€.2 MULTIPLE EVALUATION FUNCTIONS

Acother problem is thet at different times durirg tre
game cof Twixt, vastly differernt metheds of play shcuviéd te
used. Strategies which are valid and important near the
teginning of the game may te useless and even detrimentel
if used during the midcdle game. Fer example, at the
beginning of the game wide cren sparces shouvld te covered
as quickly as possitle. A strategy 1ike ADVANCE (term
eight), which increases the tetal span of a chair, should
have a high weight. Later in tre game, bhowever, large
chain segrments are wusually already constructed. The
important strategies would then invclve irtricate
maneuvering around obstecles and through tight spaces.
It’s often the case at this gfoint that <cheirs must te
built in the opposite direction cf their ultimete gcels sc
they can combine with cther chain segrents to find winning
paths across the board. If a strategy like ATVANCE has a
high weight, it could easily force the evaluaticn polync-

mial to choose a wmove that is not apprepriate fer this
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part of the game, Unfortunately, the program's move
evaluaticn polynomial is stetic. The sarme evaluaticn cri-
teria are used toth at the beginning of thke game e&nd in

the middle gare.

The soluticn tc this rrctlem cculd te to have more
than one move evaluation polycomial. At appropriate times
the prograr would switch polynomials. The difficulty witk
this solution is in deciding when a switch is approjriate.
The game actually goes through prkases c¢f playing ir open
and then enclcsed spaces. If two polynomials were used,
move evaluation would have to switch from one gpolynomial
to the other several times during the pame. Tc implement
this multirle polynemial method, a board evaluation furc-
tion would have tc te developed. This furction wculd
examine the game board and the players”’ relative positions
toc deterrine where the currert critical arees are loceted.
Using this infeormation, it would assign cne of the pclyne-

mials to be used to chocse the rext move.

The two polynomials used cculd be nade up cf the
exact same seventeen terms that the program’s single joly-
romial now has. In others wcrds, their strategies wculd
te identical. The differences in the two polyncmials
would be in the relative weights of these strategies. TFor
example, the term ADVANCFE referred to earlier wculd rreb-

ably have a very high weight in the teginnirg-gere Jelyuno-
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mial. The middle-game polyncmial would still include this
strategy, btut its weight would be very lew.

Berliner’s tackgammen preegram [TERL €¢b] eddresses
the iroblem of ©baving orly cne evaluation pclynomial tc
take care of many types of moves. Since TRerliner’s preo-
gram does not learn, the weights in his evaluation polyno-
mial are constant. 1In backgammen there are two very 4if-
ferent tyres of endgames. One, which is tasicz2lly defen-
sive, 1s called a blockading game; the other ore, which is
very offensive, is the runring game. Berliner originally
decided to make twe classes cf game <cituations. Fach
class would have its cwn evaluation function. By deter-
mining which type of sitvation the game was in, the
appropriate evaluation functicn would be chesean to select
a move. Some of the strategies might ©be in toth func-
tions, tut their ccrresponding weighte wotld te very dif-

ferent.

After further testing Ferliner necticed ar ancomaly.
When the game situation was near the berder of twe classes
(in other words, it wasn't clearly in one class or the
other) the two evaluation functiors shovld have prcduced
results that also were very close. But since the stra-
tegies” weights were so different, the results cf the
polynomials were very dissimiler. Perliner wanted the

class toundary to have a smooth transition, instead cf
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being such an atrupt and total crange from one class tc
the other. He ultimately censtructed one evaluation poly-
nomrial which had varizatle weighte, The weights were rmade
to change very slcwly as the game went fror one phase to
another. This eliminated the atrupt chrarges, tut still
made it possitle tc play equally well in different geme
sitvations. Berliner called the arprroach SNAC, feor
“srocthness, nonlinearity ard applicatior coefficierts.”
After SNAC was intrcduced, the pregram’s gplayineg ability
imgproved rather drameticelly. Acccrding te Berlirer, the
SNAC eprrcach is directly responsitle for defeating the

world tackgammon champion.
€.4 TEFENSE VS, CFFENSF

It also could te useful to take irtc accovnt the need
at different times for ar offensive versus a defencive
move. Yor each different move in the geme, the relative
importance of offense and defense can fluctuate quite a
bit. The strategies in the move evalvaticr polynemieal car
be divided into these twe categories end a bcard evalue-
tion functicn which examines the critical ereas could
again ©be use? to determine which type cf move shculd be
made. If the funrtion determines that a defensive move
should be made, then the weights for the defencive stira-
tegies would te increesed. certainly, it woulé mnct wusu-

ally te the case that a purely offensive or defensive meove
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is called for. The bcard evaluation fun-otion could return
a ratio cof the current relative importance cf the twe
types of meves. The weights in the move evaluation pcly-

norial covld then be adjusted either uvp or down jropor-

tional to this ratic.

6. LOOK-AHEAD

As 1t 1s set up row, the Twixt pregraem only evaluates
its next move. It could protedly greatly improve its move
selection if it were able to look ahead a few moves. As
was meanticned in chepter one, 3 look-aheed aleorithm is o
very common ccmponent of game-playing programs. L lock-
edheaed algcecrithm would be extremely uceful fdr a gare like
Twixt. Mary times a rmove which seems tc e very gocd can
lead directly tc unavoidatrle and disastrous resvlts., 1If
the prograr is able tc check the consequences cf 1its
actions by looking ahead a few meves, it should be atle to

improve its play consideratbtly.

A typical look-ahead algorithm 1is called mini-max
searching. Slagle [SLAG 71] gives a good discussion cf
the details of mini-max. This algorithm searches the game
tree and follows the branch that will offer the opponent
minimur opportunities while eiving maximur benefits teo the
player searching for a move. Searching for a goed meve is
often not enough. If the opponent cen respcad with &

better move, the ‘tbenefits c¢f the coriginal move will te
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lost. A look-ahead algerithrm must select a move which nct
only tenefits the current player, but one which also

leaves his orronent with a poor selection of moves.

There is one prodlem which arises when using a look-
ahead algerithm; the amount of tire needed to evaluate
moves would be extremely large. Now the progrer evalvates
moves for every uncccupied hele on the tcard. (There are
€72 hcles.) If the jirogram looked ahead orly tc its
opponent’s next mcve, it wouvld have tr evaluate every pns-
sitle move by its orponent for every gpossidtle mecve it
could make. In other werds, the rregram weculd have to
make a 1ittle less than £72 times 572 meve eveluetions
(emiting 1impossitle moves - 1in orponents” home rows cr
wvhere pegs have already been placed). Tc take the frllest
advantage of a look-chead elgorithm, it wculd prebebly be
reasonatle to expect tc have to lcok ahead three cr four
sets c¢f rachine ard cppenernt meves. It weculd pretatly bde
necessary to lcok ahezd at least this many mcves to effec-
tively show any significant consequences of the Frogram’s
moves. Locking ahead, for exzmple, three peirs c¢f moves
would result in apyreximately 572‘ move evaluaticns.
Since it can now take over thirty seconds per mcve while
making only 572 evaluations, trying to evaluate 5?2‘ rOVES

certainly would concsume too much time and space.
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Ferliner’s game [BERL E¢b) &sl<o dces nct uce a 1look-
2ahead alecrithr, For each meve in beckeamron there are
over 4¢¢ possitilities. This would result in searching e
tree which has a tranching factor of 4¢¢ on every level.
Weizentaur considers a lock-ahead functicn to te the sin-
gle greatest improvement he could make in ric five-ir-a-
rew proegrar [WEIZ €¢b). Five-in-a-row’s btranching facter
is only atout 3¢, which is a corsideratle improvement over
4¢¢ or 572, but Weizenbaum still is, snd <hkould be, con-

cerned with finding metheds to prune tke search tree,.

Cne method which cculd te adapted to Twixt would Dbe
tc select the several test moves on e€ach level of the
lcok-ahead tree, and then i1erform a search on these
branches only. This would certairly cut the time reeded
compaered tc the conveational 1lcok-akead alegcrithm, and
would gfrotatly ealso 1improve 1lay. Erwever, it wculd
almest certainly overlook many ecod meves. The looxk-ahead
strategy 1s tased on the premise that roves whirh seer
ordinary on the surface might 1lead tec wonderfvl and
unfcreseen developments. By eliminating these meves from
the search tree, the gfrogram may te overlccking some
excellent moves. Nonetheless, if the time nreeded fcr e
conventional look-ahead is prohititive, this abtbtreviated
versicn could prove useful. Fernstein uses a method simi-
lar to this in his chess playine program [BERN 58].  Be

searches through seven moves at each level.
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Another look-ahead modification, which works well
with the miri-mar searching mentiored above, is called
alpha-beta pruning. This 1s elso descrited 1Yty Slaele
[SLAG 71]. Alpha-teta prurirg aveids searchirg trrough
the entire game tree. Searchting stops aleng any perticu-
lar branck as soon as it is determined that, regardless of
what lies at & Aeeper level, the branch will nct produvce &

meve as gocd as one which has already been feund.
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Game 1
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Game 3

12 3 L 5 6 7 8 91011121314 1516 17 18 19 20 21 22 23 2L

MmO = O A 0 O
-
.
.
.
L ]
.

-
-
-
.
.
.
.
.
.
O m H o0 A 0

I i & o & & s o w e w w e w e ik
J s » % & w® & s § W ¥ @ o8 @ ¥ @
Ke o o o @ o o ¢ @ & @ @ w W @ ek
L e @ @ s e o e > m w wm e s e s m i
Me » s o & o s v @ % % & & @ & ‘e
Ne o« ¢ . & & & & e % o ws W o w A
0w o 3 & w o e ¢ & & @ ® & 8 % &0
Dw o = & & % 8 ¢ & & @w & s & s &P
Qe o o o o o o ¥ o @ e @ W e e wig
T o o o » o o @ ¢ & & 4 & & & @ &
S a & s & % w0 s i e & @ W 8 @ & s
L o o o o o e § @ % ¥ e @ w w w B
Ue « o s o o » e+ + s s s s e s« s1
Ye o s & & o P w0 s B 8 @ & 7
Wae o o s o o o é W ® & @ 0% @ % 8 W
X o o o o o o o c & o o & e @ = X

1 2 3 4L 5 6 7 8 910111213 1415 16 17 18 19 20 21 22 23 2L

MASTER'S THESIS JAMES R. HUBER



APPENDIX A

\n
0

Game |

12 3 L 5 6 7 8 9101112131415 16 17 18 19 20 21 22 23 24

a . . a
b . . b
C . @
d . el
e . . e
£ s . f
g - . g
h . . h
i i
J e - J
k . . k
1. . 1
m . . m
n . . N
0 . .« O
P . « P
q . + q
r. « T
S . « 5
t. . t
u . « u
V . « V
w o, « W
X . .« X

1 2 3 L 5 6 7 8 9101112131415 16 17 18 19 20 21 22 23 2L

MASTER'S THESIS JAMES R. HUBER



APPENDIX A 60

Game L
-RED- -BLACK-

119 t9

2 310(19) s11(t9)
3 h11(310) r13(s11)
L r21 q15(r13)
5 p20o(r21) s7(t9)

& n19(p20) s16(q15)
7 t20(r21) ul7(s16)
8 v19(t20) w1B(u17)
9 v21(t20) v20(w18)
10 X20(V2‘|) PS(S?)
11 118(n19) £16

12 f12(h11) e1l(£16)
13 j19(118) e18(f16)
1L e22 d20(e18)
15 c21(e22) b21(d20)
16  a22(c21) c13(ellk)
17 d11(£12) q3(r5)
18 b12(d11) 02(q3)
19 alk(b12) p13(q15)
20 121(319) £21(d20)
21 g23(e22) h22(f21)
22 i22(g23) 321(h22)
23 m11(19) 011(p13)
2L k16(118) k23(321)
25 11L4(k16) m12(o011)
26 31L(k16) k13(m12)
27 g13(h11) k11(m12)
28 h15(g13)(Jik)

WIN
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Game 5
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Game 5

-RED=-
ml12
k11(m12)
g7
011 (m12)
pP9(011)
q7(p9)

:
p5(a7)
dL

r5(q7)

t3(r2)

v2(t3)

n22

121(n22)

h21

d21

b20(d21)
£22(d21)(h21)
p21(n22)
j20(h21)(121)
r22(p21)
£23(r22)
q19(p21)

q15

s1l(q15)
ul3(s1k)
wi2(u13)
x10(w12)
a22(b20)
p17(q15)(q19)
WIN
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-BLACK~-
el?2
nil
012(nilk)
p10(012)
q8(p10)
r6(q8)
d10(el2)
c8(d10)
diL(e12)
sh(r6)
u3(shk)
w2(u3)
m16(nik)
e16(d1bk)
d18(e16)
c20(d18)
e21(c20)
ni8(m16)
m20(n18)
r20
s22(r20)
u23(s22)
s18(r20)
ul7(s18)
v15(ul7)
wi3(v15)
u21(s22)
v23(u21)
021(m20)
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