Playing with Al

The use of puzzles and games in Al research dates to its earliest days. In the early 1950s, By Haym Hirsh
Claude Shannon and Alan Turing wrote papers proposing the creation of computer programs  Rutgers University
that could successfully challenge humans in two-person games. By the late 1950s, complete Hirsh@cs.rutgers.edu

programs for a number of games had been developed, most prominently in chess (by Alex Bern-

stein at IBM and by Allen Newell, Cliff Shaw, and Herbert Simon at the Carnegie Institute of

Technology), and in checkers (by Arthur Samuel at IBM). Similarly, puzzles found their way W
into Al research only a short time later. The early 1960s saw the use by Newell, Shaw, and -

Simon of various puzzles in their development of GPS, and John McCarthy proposedithe ~ Cube in Al research

lated checkerboarguzzle as a difficult problem for automated proof methods. Thus by the Richard E. Korf, University of California,
mid1960s puzzles and games were viewed as valuable testbeds for Al research, both as distihats Angeles

ly human cognitive tasks that were hoped to be difficult yet sufficiently circumscribed to allow

significgnt research progress, and easy-to-understand testbeds for exploring and explaining The best-known sliding-tile puzzle is the
fonlJ:ndatuonaI £z (sl _ _ _ Fifteen Puzzle, shown in Figure 1a. Other

~ Formany years, yvork in puzzle solving and (espt_acnally) game-playing has been somewhat sizes include the 83 Eight Puzzle and the 5
isolated from work in other areas of Al. However, this has begun to change recently. Many ideas
that have been developed in other areas of Al are now finding important applications for those™ ° Twenty-Four Puzzlg. The standard 3x .
working on game-playing and puzzle-solving systems. Similarly, these problems, often unfairl)a Rubik's Cube (see Figure 1b) also comesii
labeled pejoratively as “toy domains,” have proven to be fertile terrain for research in Aland 2% 2% 2,4x4x4, and 5¢5x 5 versions.

have contributed ideas back into other areas of Al. Through the essays of five leaders in this Both these puzzles had similar histories, abou
field, this issue’s “Trends and Controversies” explores the ongoing work and lessons already 100 years apart. Finding optimal or shortest

learned by those applying Al to game-playing and puzzle-solving. Although each author’s solutions to these puzzles has spawned impor-

efforts concerns a very different task, the essays make it clear that there are common themes it results in space-efficient search algo-
underlie the various successes that they report. For example, probabilistic reasoning can be Ugfithhs and admissible heuristic functions.
to order or prune parts of a search space, as is done by Buro’s Logistello (for Othello) and

Littman’_s Proverb (for crossword puzzles). Inte_lligent ar_1d careful use of appr_oximation can a'@iding-tile puzzles

be very important—for example, Korf’s evaluation function for Rubik’s Cube is based on the . . .
search space for simplified versions of the problem, and Proverb approximates the cyclical con- Sam Loyd 'nve,nted the Flﬂgen PUZ_Z|e n
straints of a given crossword puzzle with a tree. Finally, even more basic is the unstated but € 1870S.When it appeared in the scien-
ubiquitous and intentional disregard for how humans perform the tasks in the design of their Alific literature in 187 the journal’s editor
counterparts—in no case do the programs go about their business in a way motivated by howadded the following comment:

humans attack these problems.

Most interesting to me, however, is the extent to which the new ideas represent advances and  The “15” puzzle for the last few weeks has
improvements to ideas already present in the early days of the field. This is especially true for ~ been prominently before the American public
Samuel's checkers player, which learned its evaluation function from sample games (against and may safely be said to have engaged the
human opponents, from book games, and from self-play). We similarly now see Logistello learn 2252;'2232? 'gne:;é;’;tne dnc‘:)enrcsii?irc])i Sfotfxt)rtlg
its evaluation functlon_from self-play, and its open’mg book both from self-play as well as from its community. But this would not have weighed
s_ubsgquent games with ot_hers. Much of Proverb’s knowledge gnd success comes from large with the editors to induce them to insert arti-
libraries of clues and solutions to past crossword puzzles. Particularly intriguing is that the speed  ¢les upon such a subject in thmerican
of modern computers has now allowed some data-genedatimy a game, making it possible to, Journal of Mathematicdut for the fact that
in effect, learn while playing. Sheppard’s Maven (for Scrabble) uses self-play in such a fashion to the principle of the game has its root in what
estimate the value of a bound during play. Finally, also present in Samuel’'s work, is the fact that in all mathematicians of the present day are
addition to fast computers and clever ideas, success usually requires clever implementations. aware constitutes the most subtle and charag
Samuel's program demonstrated this in multiple ways, such as by going so far as writing board ~ teristic conception of modern algebra, viz: the
positions to its drum memory to minimize the seek time on each subsequent drum read. Today we g";’hcg gmgtgm%gg’pgg?nbéleeig ;hyes tseerﬁzg?tlon
see smllar care_ful awareness (_)f'the power apd Ilmltatlor?s of current computer hargyvare. Korf:s permutations into two natural and indefeasi-
evaluation function for the Ruplk_s cube requires computing enormous tables that fitinto today's e groups,... Accordingly, the editors have
computer storage systems. Similarly, Schaeffer precomputes and stores all checkers endgames of thought that they would be doing no disser-
eight pieces or fewer so that once Chinook reaches such a point it plays the game without error.  vice to their science, but rather promoting its

The essays in this “Trends and Controversies” make it clear that success in games and puzzlesterest by exhibiting thia priori polar law
requires more than minimax or A* search and a fast computer, and that puzzles and games can under a concrete form, through the medium g
still play an important role in Al research. Personally, given how many of the ideas can be traced@ game which has taken so strong a hold upq
back to the earliest days of our field, | also hope they will remind us to occasionally return to the the thought of the country that it may almost
writings of the early masters—they still offer us insights into accomplishing our goals today. 2;?;'2:%23‘&2?” to the importance of a
Finally, the efforts described in these essays have the potential to help many of us reconnect ’
with the spirit of fun offered by puzzles and games that brought many of us to this discipline in  One reason for the worldwide Fifteen Puzt

the first place. zle craze was that Loyd offered a $1,000 cas
—Haym Hirsh prize to transform a particular initial state to a
particular goal state. William Johnson and
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William Story proved tha
it wasnt possilte, that the
entire stée space as di
vided into @en and od
pemutdions,and tha
thele is no vey to trans
form one into the otherb
legal moves.

Gy

()

pahs to the same st
depth-first seach gen
erates both pths and
then edundant} ex-
plores the sub&es
below tha stae as
well. Several tedh-
nigues emeyed for

Figure 1. Fifteen puzzle (a) and Rubik’s Cube (b).

Eight Puzzle Because

the stée spacedr the

Eight Puzzle contains onlL81,440 (9!/2)
staes,it can be ghaustvely erumeiated
Schofield pullished a tale listing the mim-
ber of stées @ eat distance fom a gven
goal stde.® The average length of a sheest
pah between tvo stdes is dout 22 mees,
and the maximam distance betaen ag
pair of stées is 31 mees.

The net impoitant adance elaed to
this poblem was the deelopment of thé&*
algorithm# A* intr oduced dneuiistic evalu-
ation functiontha estimaes the distance
between a pair of stas. for the sliding-tile
puzzlesa ndural heurstic function is the
Manhatan distancelt is computed ¥
counting the amber of gid units thaeah
tile is from its gpal position and summing
these wlues or all tiles.The Manh#an
distance is also awer bound on the opti
mal solution lengthA* is guaranteed to
retum an optimal pth to the gal,if the
heuistic function is noneerestimaing or
admissilte.

Fifteen Puzzle Unfortungely, A* cannot
compute optimal solutions to th&tEen
Puzzle because it stes in memoy every
stde it geneetes. Because thdffeen Puz
zle contains 16!/2 103 staes,the aail-
able computer memgris exhausted in
minutes.This pioblem motvated the
seach for more memoy-efficient algp-
rithms and gve rise to Iteetive-Degen
ing-A* (IDA¥).5Based on dath-first
seach, IDA* genegtes oughly the same
number of nodes a*, but its memoy
requirement is onf linear in the maximm
seach depth, eliminaing the space cen
straint entiely. IDA* was used toifid opti
mal solutions to 10Candomy geneeted
Fifteen Puzzle instancessing the Manha
tan-distance heistic. Some poblems @n
erated billions of nodesand the werage
optimal solution length isteout 53 mees.

Twenty-Four Puzzle While in piinciple
IDA* with Manhattan distance could sav

the 5x 5 Twenty-Four Puzzlewith 10?°
(25!/2) staes,the time equired is not cur
rently practical. A more accuate admissi
ble heuistic function is needed he frst
sud function vas thdinear-confict en
hancement to the Manttan distancé The
key idea is thaif two tiles ae in their cor
rect iow, but reversed eldtive to their gal
positionsthen & least one tile mst tem
porarily move out of theaw, to allov the
other to passnd then mee bak. These
two vetrtical moves do not ppear in the
Manhdtan distance of the oiles,but can
be adled to it without verestimading
actual distancel'he same idegoplies to
reversed tiles in their coect columns.

This idea can beamenlized The Man
hatan distance is the sum of the distance
ead individual tile has to mee, assuming
that thele ae no inteactions betwen the
tiles.Viewed in this vay, the net step is to
consider edt pair of tiles and compute
how far ead tile has to mee, including
ary interactions betwen the pairFor most
tile pairs, this pairwise distancequals the
sum of their Manh@an distances.d¥
some pa#, sud as those in a linear con
flict, for exkample their pairwise distance
exceeds the sum of their Martten dis
tancesand this lager value can see in an
admissilte heurstic. In adlition to linear
conflicts, two other situions gve rise to
larger pairwise distancesne irvolving
tiles near the corers and the other Violv-
ing tiles near therial blank position.
Using linear corlfcts and these atitional
pairwise enhancements withAD, we
found optimal solutions to 1@mdom
instances of th&wenty-Four Puzzle/
Some of these pblems gneeted tillions
of nodesand their g&erage solution length
is over 100 moes.

An adlitional idea used in thoseeli-
ments vas puning duplicée nodesepre-
senting the same $gaBecause a géh-first
seach, sud as |IDA*, doesnt stoe most of

the stées it genertes,given two different

dealing with this pob-

lem,including the use

of a finite-stde ma
chine to pune duplicée pdhs in gaphs
with cycles® Eac innovation increased the
size and compbdty of problems thacould
be sohed

Rubik’s Cube

Rubik’s Cube vas irvented in 1974 ¥
Hungary’s Emo Rubik,and like the Fteen
Puzzle 100 gass ealier, became a wrld-
wide senston in the edy 1980s. Moe
than 100 million Rubils Cubes hae been
sold A powerful problem-solving theoy,
embodied in the GerarPioblem Soher
program? is tha to sole a poblem with
multiple subgals,first find an odeling of
the subgals so thieonce a subggl is
solved, it doesnt have to be violéed to
solve the emaining subgals.Wha males
Rubik’s Cube so difcult tha this is impos
sible. For exkample once one plane is
solved it must be messed ug, least tem
porarily, to male further piogress.

Learning a strategy. The solutionas mit
lions of people disoered is to lean a set
of maco-opegtors,which ae sequences of
primitive opeators, or individual twists of
the cubeA useful macon-opestor leaves the
solved potion of the cube intactykthe end
of the maao goplication and maks futher
progress on the unsadd pat. A computer
program was witten to automtically lean

a set of maa-opestors suficient to sole
ary legally scamded 3x 3 x 3 cube!® The
average length of solutionsemeeted ty this
strategy was doout 86 mees.

Finding optimal solutions. The net chak
lenge was to ind optimal or shdest solu
tions to Rubiks CubeThis is easydr the
2 x 2% 2 cubgbecause its sta space con
tains ony 3,674,160 stas.The 3x 3 x 3
cube however, contains bout 4.325%
109 staes. (The slgan on the by, that
there ae“billions of combindions? is a
rather consideable undestaement.)This
is the mmber of stees eahable from ary
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The role of games in understanding
computational intelligence

Jonahan Sbaefer, University ofAlberta

TheAl reseath comnunity has made one of the mosbfound conti-
butions of the 20th centyito mankind$ knavledge. This reseath has led
to the ealizaion tha intelligence is not unigughuman. Using computer
it is possilte to atieve human-lile behaior in nonhumans. In otherards,
it is possilte to cede the illusion of human intell@nce in a computer

This idea has beenwilly illustrated thoughout the histgrof computer
games eseath. Unlike most of the el work in Al, game eseathels
were inteested in deeloping high-pedrmancereal-time solutions to
challengng problems.This led to an ends-justify-the-meatttade: the
result—a siwng dess pogram,for example—vas all thamattered not
the meansywhich it was abieved In contast,much of the mainstlam
Al work used simplid domainswhile estiewing real-time perdrmance
objectives.This reseath typically used human intellence as a modedll
one had to do as emulate the humanx&ample to akieve intelligent
behaior. The bdtle (and philosophical) linesete diawn.

The diference in philosophcan be eagilillustrated The human
brain and the computereadifferent mabines,ead with its avn sets of
strengths and @aknesses. Humansapod 4, for exkample leaming,
reasoning p anal@y, and imae piocessingComputes ae good d
numeic calculdions,repetitious comput#ons,and memakeing lalge
sets of d&a. These maltine achitectues ae lagely complementayr. the
humans piocessing sengths a& the computes’' weaknesses and the
computers stengths a& human waknesses. @n a poblem to be
solved and a spedd achitectue (human kain or silicon computery
good solution should ter to the sengths of the mdine being used
not the veaknesse®Vhen vieved in this lightjt is not suprising tha the
unhuman-lile gpproaces hae won out.

Building high-perbrmance @me-plging programs has been one of
Al's major tumphs.This is duein pat, to the success hieved in
games suc as bakgammon chessgcheders, Othello,and Scabble,
where computes ae playing as vell as or better than the best human
players. Havever, its success is also due to thammples it setsofr the
reseach comnunity. These intude takling challengng problems
(rather than tivial subsetsas is still often seen il reseach) and the
emphasis on theesults of the system withowdgard for the methods
used to alsieve thoseesults (the ends justify the means).

This esswillustrates a mmber of tebniques usedybgame-plging
programs to ahieve the illusion of human-lgintelligence

Brute-force search

Humans a poor seahers. They cannot seah quidly, and usuaif
not optimaly. In contast,computes ae \ery good d seaching. Consid
ering millions of possibilities per secoridoking for a solution in a ma&z
(or tree) of possibilities is easy to do in a computewvever, humans a
very good & discovering, generlizing, and using kneledge; computes
are pimitive in compason. Een after 50 gass of reseath, no one
undestands hw to represent and manipuknavledge efectively.
Hence mary computetbased solution®f games pograms tade of
knowledge for seaching. They use lage, deg seaches to compensgafor

inadequée knavledge (so-called hrte-force seath, sometimes used in a
derogatory contet). Seach itself is ¢ynamic knaeviedge.

This idea culminted in the Dep Blue victoy in an exhibition méach
with world chess bampion Gary Kaspaov in 1997. Dep Blue used a
32-piocessor IBM SP-2 computevith ead processor connected to 16
specialy designed leess bips! Eac chip was cpable of quikly
seaching lage dhess tees.The esult vas a bess malgine whose seah
consideed all possile moves aleast 12 pl (one py is one mee by one
side) into the futug, while selectiely extending the seah considesbly
deeer for intelesting moes.

Dee Blue seathed 200 million bess positionper second Kaspaov
consideed two. Given those ambes, to some obseers it was not a
sumprise thathe computer wn the méch. The eal suprise was haev long
humans hee been Ble to withstand the témological onslaughtThe net
geneetion of De@ Blue dess bips will be 10 timeséster than those
used in the Kaspav match. Improved computer témolagy improves the
perceived“intelligence”of compute-boundl applications.

Brute-force seath is nav an accpted tool in thél reseachers’ tool-
box, and has been used tchaave maiy notable successes (witregnes
and in other domains).

Large memory

Computer memaris ched. The pice per lyte of disk stogge is
plummeting This trend will contirue for the breseeble future.

Human memaes ae notorously fallible, have a fxed caacity, and
degenerte with time Stoing large amounts of da is impactical.
Humans compengafor this ty distilling lage amounts of kneledge into
a mangeeble number of tles (or hetistics) tha are efective & recon
structing the da. Computer memgron the other handan be made
infallible, expanded toif the needsand peseved forever. Hencea bute-
force pproadc to stoege can be usedave everything.

The Chinook beders piogram (8x 8 draughts) uses this idédhe
game thecetic result (win,loss,or draw) for all positions with eight or
fewer pieces on the bahwere computedroughly 444 billion positions
(4.44x 104). This knavledee lets the mgram plgy perfectly when it
reades a ceain position in the dabase (the mgram will always win a
won position and ner lose a dwvn position). It also signitantly affects
the seath, in tha it introduces pedct knavledge. It is not uncommon to
see a position with 20 pieces on the ddzeging seahed deply enough
to bad up a déebase sca@ to the oot of the seah. Typically, Chinook
can announce theal result of the gme (assuming théhe human oppo
nent does not maka mistak) within 15 mees of the star

The daabase vas compessed into sixigabytes br real-time decom
pressionWhile the edly versions of the mgram were 1/O boundcon
tinually accessing the tibase on disk to look up positioalues duing
a searh, the curent \ersion peloads the entrddabase intoandom-
access memyrThe esulting speed beritf only sewve to widen the ap
between Chinools cgabilities and vhat the best humans canhéeve.

Unexplainable knowledge

How does one acqurknaviedge for use in a gme-plging program?
The tiaditional @proad is to consult human domairpeits and &empt to
distill rules br stong plg from themThis is a dificult task,especialy

given stée. Like the Fiteen Puzzlethe
complete st space of Rubik’Cube con
sists of sparte components with nodel
moves connecting them—ima€t,12 su
componentsdr the standakcube

Optimal solutions to Rubik’Cube &
quired using IA* with a heuistic based on
pattem databases!*2Herbet Kociemba of
Gemary developed similar ideas ingen
dently. The standat Rubik’s Cube consists

of 27 subcubegr cubiesThe 20 moable
cubies intude eight cubies on the cube’
comels and 12 cubies on the edgConer
cubies stpon the caners; ed@ cubies sta
on the edgs.The total mmber of diferent
pemutaions and dentdions of the carer
cubies is oy 88,179,840Thus,with a
breadth-irst seath tha ignores the edg
cubieswe can compute thexact rumber of
moves equited to sole eab stde of the

comer cubies and stethese &ues in mem
ory. Because thisumber anges flom zro to
11 maoves,ead enty requites ony four bits,
for a total of 42 Migtes of staage. Because
ary solution nust sole both the carer and
edge cubiesthe umber of mees to sole
just the comer cubies is a@er bound on the
total rumber of mees equird to sole the
cube Thus,this value is an admisdi
heuistic.
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given the dificulty humans hee in expressing their subconscious decision-text, soundsand imaes),it is often dificult for a computer tadure it out.

making pocesses.d a computer solutiomne idealy wants to eliminge
the weak link—the humanxpett. The computer should béle to disceer
and efine all the kna/ledge it needswhile this gal remains eluske in
geneal, there have been some ndiie successes in thammes domain.

The Othello pogram Lagistello plays Othello better than all humahs.

The pogram ealuaes positions using 11 fiams tha, with reflections
and otaions,come to 46Assigning a sc@ to eah possile value br
ead patem results in oughly 1.2 million ezaluaion scoes thaneed to
be detemined Using self-pla (Logistello playing games gainst itself)
and linear egressionthe pogram can incementaly leam the \alue of
these paametes. With relively little effort (roughly a month of compu
tation), the pogram ahieves world-class dility. In efect,this is a bute-
force gproad to integrating knavledge. Piogram designex can intude
as nuch (or as little) knledge as thg like, and let the pametedeam-
ing process decide nat is used and veimportant it is.TheTD-Gam
mon ba&kgammon pogram pioneegd similar tebniques wnere self-pla
and tempaal difference leaming of a newal net esulted in plg tha is
compaagble to tha of the human wrld champion?

Ther is little in the vay of useful inbrmation tha humans canxract
from the lage rumber of seeminglrandom mimbes with which Logis-
tello evaludes positions.ukt as computer pgram designex have diffi-
culty undestanding human kndedge, so too do humans te difficulty
undestanding computéknowledge”

Simulations

The ealy reseath into games vas esticted to tvwo-player, perfect-
informaion gamesWith the detine of inteest in d©iess eseach in the
1990s efforts switched to other gmesjncluding those with maltiple
players and haing imperkct information. Impergct information pro-
vides an integsting dallenge. In these types ofagneshumans obsee
their opponens actions and makinferences as to the missinganfna
tion. Human intuition andeiience can be amazinghccuete. Com
putes have difficulty approximating expelience and intuitiorbut ale
cgpable of precise pobability calculdions.The computes solution is
simulation: instantide the missing irdrmation mary times,eat time
calculding the likely outcome In this way, a stdistical piofile can be
obtained thaindicaes the computes’best coige of action.

Bridge,® poker,® and Scabble’” programs—all @mes of impesct infor-
mation—use similar temniques to dtieve their successhey simulate
hundeeds or thousands of sceiosr For ekample the bidge piogram
GIB decides Wat cad to play by simulating the ply of the hand The
program intenally deals out cals tha are consistent with the hilihg to
the opponents. It then pisiout the hand to the end to sdeal cad play
leads to the besesult (most icks won). It repeds this pocessoughly
100 timesead time with diferent cads for the opponenAfter enough
simulations, it becomes lear which cad play, on average, leads to the
best esult.The pogram does not undstiand vell-known bridge concets
sud as inesse or squeezeverything is done using uniofmed seah.

Comprehension without understanding
Documents contain human-unstemdale informetion. Because this
information was designed to be easilndestood ly a human (sutas

This comnunicaions gap between man and mbme is an imposing obsta
cle to tednolagy. No one vants to e-express human kivdedge in com
puterundestandale tems unlessiasolutey necessar We need to mak
computes undestand document$he computer solution is toezte the
illusion of undestandingwithout actualy doing ary compehension.

The Poverb pogram soles cossord puzzles.Human cossvord
solvers use the semantics of tHees to deduce the amers neededdr
the puzzleThe dues ae intendeddr a human audience and lide a
combindion of factual inbrmation, common kna/ledge, missing vords,
and word plays.Writing a computer mgram to undestand the seman
tics is a ballengng problem. Poverb’s solution is to not undstand the
clues. It indudes a wariety of sol\ers (or agents) thaexamine the wrds
in the dues to identify lilely ansvers. For exkample Proverb uses a da
base of ies and angers from previous puzzles tarfid an anger to a
clue 34% of the timeSpecializd ayents can g out on the Interet and
query, for example dictionay, history, geography, and mwie daabases.
Ead agent etums a set of angers. Poverb combs ttough the plausie
answers, trying to fit them into the puzzlergl and sé&sfy all the cor
straints. Poverb scoes 95% lettex corect on theéNew York Timescross
word puzzleswithout undestanding the meaning of aof the dues.

Compehension without undstanding is a peerful tednique Simi-
lar ideas a& being aplied to,for example classifyingWeb pages. Gven
an arbitary Web paye, is it possilte to dassify its type (pesonal pae,
compaly, course and so 6rth)? Stéistical tedqiniques can do anfettive
job. For example counting the fequeng of words @peaimng on the pge
can be a pwerful indicaor of the type of the . No human wuld
ever eplicitly compute wrd frequencies to do this.

COMPUTER GAMEgeseath is a micocosm brAl reseach. By liber
ating the computer &m Hindly following the humanxample amazing
feas of intelligence ae possike with relaively little computer pogram:
ming efort. Our notion of intellignce will neer be the same
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Armand Pieditis first poposed using over atillion nodes,and the median opti | Puzzle in 1985p trillions for theTwenty-
the rumber of moes needed to sahthe mal solution length is 18 ves. Four Puzzle and Rubi&'Cube in 1996.
comer cubies as a hasitic for the whole Given this tend it is tempting to asdoe all
cube!3Additional patem daabasesbased | Conclusions and further work this piogress simp} to faster computet
on subsets of the edgubiescan also be I have chronided the major milestones in While Moore’s Lawv has plged an impor
built, with the fnal heuistic being the finding optimal solutions to sliding-tile puz tant ole, these esults vould not hae been
maximum of the indvidual heuistic val- zles and Rubils CubeThe rumbes of possitle withoutA*, linearspace alg-
ues. Initially, 10 mandomy geneeted initial | nodes gneeted in thesexpeiiments in rithms sub as IDA*, and moe accuate
staes were sohed optimaly using this creased fom 181,440dr the Eight Puzzle | admissilie heurstic functionssuc as p&
technique! One of these stes gnestes in 1967 through billions or the Fteen tem daabases. Esn todg’s computes
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couldnt find optimal solutions to theif~
teen Puzzle with just bte-force seah.
Similarly, finding optimal solutions to the
6 x 6 Thirty-Five Puzzle orthe 44 x 4
Rubik’s Cube will in all lilelihood equire
the deelopment of ne algorithmic
techniques.

Another poblem is inding the diameter
of these psblem-space @phs. In other
words,hov mary moves gat can tvo stdes
be via a shaest solution pida. This rumber
is 31 mwes br the Eight Puzzle and 80
moves br the Fiteen Puzzlé*but it's not
known for ary larger \ersions.The core-
sponding &lue br the 2x 2 x 2 Rubik’s
Cube is 11 mees,but is unknaevn for ary
larger cubesThe curent conjectus for the
diameter of the 8 3 x 3 Rubik's Cube is 20
moves.

While most eseatch on games and puz
zZles has sived to abieve expett human-
level perbrmancefinding optimal solutions
to sliding-tile puzzles or Rubi&’Cube isdr
beyond human gaebilities. Even expett
cubists thacan sole a cube in less than 30
seconds empjoover 50 mees,compaed
to an optimal solution of 20 or less.

References

1. S Loyd, Mathemdical Puzzles of Sam
Loyd: Selected and Edited/iMartin Gard-
ner, Dover, New York, 1959.

2. W.W. Johnson andlV.E. Stoey, “Notes on
the 15 Puzzlg Am. J Mathemadics, Vol. 2,
1879,pp. 397-404.

3. PD.A. Sthofield, “Complete Solution of the,
Eight Puzzl¢ Machine Intelligence 3
American Els®ier, New York, 1967,pp.
125-133.

4. PE. Hat, N.J. Nilsson,and B Rgphael A
Formal Basis 6r the Heuistic Detemina
tion of Minimum Cost Rths; IEEE Trans.
Systems Science and Cyietics Vol. SSC-
4,No. 2,July 1968,pp. 100-107.

5. R.E. Korf, “Depth-Frst Itertive-Degen
ing: An OptimalAdmisside Tree Seath,’
Artificial IntelligenceVol. 27,No. 1,1985,
pp. 97-109.

6. O.HanssonA. Mayer, and M.Yung, “Criti-
cizing Solutions to Relaed Models¥ields
Powerful Admisside Heuistics; Informa
tion Scienced/ol. 63,No. 3,1992,pp.
207-227.

7. R.E. Korf and L.A.Taylor, “Finding Optt
mal Solutions to th&wenty-Four Puzzl¢
Proc. 13th N&'| Conf. Al, AAAI Press,
Menlo Rark, Calif., 1996,pp. 1202-1207.

8. L. Taylor and R.E. Krf, “Pruning Duplicae

Nodes in Dpth-Frst Seath,” Proc. 10th
Nat'| Conf Al, AAAI PressMenlo Raik,

Calif., 1993 pp. 756-761.

9. A. Newell and H.A. SimoniGPS a Po-
gram tha Simulates HumarThought;
Computes andThought,E. Feigenbaum
and J Feldmaneds. McGraw-Hill, New
York, 1963,pp. 279-293.

R.E. Korf, “Macro-Opegtors: A Weak
Method br Leaning,” Artificial Intelli-
genceVol. 26,No. 1,1985,pp. 35-77.

R.E. Korf, “Finding Optimal Solutions to
Rubik’s Cube Using &tem Daabases,
Proc. 14th N&'| Conf Al, AAAI Press,
Menlo Rark, Calif., 1997,pp. 700-705.

J.C. Culbeson and JScaefer, “Pattem
Databases, Computdional Intelligence
Vol. 14,No. 4,1998,pp. 318-334.

A.E. Piieditis,“Machine Discwery of
Effectve Admissille Heuistics, Machine
Leaming, Vol. 12,1993,pp. 117-141.

A. Brungger et al.;'T he Rarallel Seach
Bend ZRAM and itsApplications; Annals
of Opeations Reseanh, Vol. 90,1999,pp.
45-63.

10.

11.

12.
13.

14.

play Othello

Michael Bup, NEC Reseah

Today’s top pograms br perkct-infor-
maion games use aaviety of tediniques to
increase the me quality subject to the
limited time aailable in tounaments.
These pograms

e adieve a high aw seach speed
means of assertdy routines or i using
velry fast paallel or special-pyose
hardware tha allows de@ game-tee
seaches and theby endles plgiing a
strong came een if only poor ealua
tion functions ae used;

e use smadrevalugion functions thaare
often automacally tuned,;

e perform selectie seaches to bllow
interesting \ariations moe de@ly or to
cut off probably irrelevant lines of plgt
eaty, without missing maydecisve
varations; and

« utilize lage opening books and pecdt
end@ame déabasesdr improving per
formance in the opening and emdge
phases.

The combingon of all these tdmiques is
ideal for top-level play.

Unfortunaely, there ae incompébilities
as vell as tade-ofs between these tée

niques. Br instanceaffordeble hadware
realizdions equire a simple strcture both
for the @aludion function and the selees
seach mehanismThese estictions might
cause a loer playing stiength thanxpected
compaed to thaof a workstaion implemen
tation of a smaer seath algorithm coupled
with a better ealugion function. On the
other hangdwealer hut faster galugion
functions allev deger seashes thamight
lead to a bettenerall perbrmance than the
use of smarbut slov functions in conjunc
tion with shallever seaches.

Despite these designgilems,game
designes can often impve &isting in+
plementéions ky working on eah of the
mentioned topics partely, aiming for the
right balanceThis is \ery important,be-
cause nglecting one issue carduce the
overall performance considebly.

In this essg, | descibe the coneistones
of Logistello, which dominaed the com
puter Othello scenedm 1993 until 1997.
In late 1997 jt retired from actve touna
ment ply after beéing the then human
world championTakeshi Muakami 6-0
(see kgures 2 and 3} Although Othello—
a popular dpanese bodrgame—seved as
a test domaindr reseach in evalugion
function constuction,selectve seath, and
opening book leaing, the nwel ideas |
will discuss ae game-ind@endent and
worth consideing in other @gmes and
domains.

Positional evaluation—GLEM

Many Al systems usevaluaion func
tions for guiding seath tasks. In the con
text of strategy gamesthey usually mep
game positions into theal rumbes for
estimding the winning bance 6r the
player to mae. Decades ofaseach have
shavn howv had a poblem-evalugion
function constuction is,even when bcus
ing on paticular games.

To simplify the constrction taskthe
notion of ealuaion fegures emeged This
notion assumes ththere &ist reasonble
approximations of the pedct e/aluaion
function in the érm of combin&ons of a
few distinct umeical propeties of the posi
tion—calledfeaures Given thisevalugion
functions can be constrted in tvo phases
by selecting égures and combining them.

Selecting éaures is one of the most
important and dificult subtasks in cen
structing a @me-plging program. It
requires both domain-spe@fknowvledge
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and pogramming skills because
of the well-known trade-of
between speed and kwiedge
in game-tee seath. A couple of
yeas @o, the authos of the best
game-plging programs still
picked not ory fedures lut also
their weights in the cose of a
tedious optimizton process.
This is somehat suiprising,
because in 1958 rthur Sanuel
had alead/ proposed ways for
automaically tuning weights?
While selectingéaures is difi-
cult for a mabine fitting even a
large rumber of veights gven a
set of taining positions is not.
Researh focused on the teer
topic ploducedlD-Gammona
world-class bakgammon po-
gram witten by Gery Tesauo.?
In the efort of improving Oth
ello’s evaluion function,l went
a st further tavard the ultimae
goal of autom#c evalugion-

improvement—the alpha-beta
algorithm—may only prune
badkwards because it ust
compute the coect minimax
value

The selectie-seath proce
dure PobCut pemits pruning
of subtees thaare unlikely
to afect the minimax &lue

i

function constuction. Based on a Figure 3. Othello board.

geneanlized linearevaludion
model—called GLEM—I hee

developed dicient piocedues br geneet-
ing training positionsexploring the éure
spaceand ftting feaure weights? Rather
than combining adiv feaures ty using
complicaed nonlinear function$ propose
to constuct evaludion functions ly lineaty
combining a lage rumber of éaures tha
are Boolean combirtens of domic rela
tions.This gproad lets us model nonlinea
effects diectly, without the detourwer
anabltic functions and opens upamtical
ways for genegting feaures automecally.
While refining the @aluaion model Logis-
tello’s evaluaion function undenent das
tic changes flom a dassic brm—feauring
only a handful of mamally weighted éa
tures—to its ihal version,which utilizes
approximately 100,000 binar fedures in
conjunction with @er 1.2 million automii-
cally tuned paaimetes. Obseving tha
shot Boolean combirt#ons of simple
binary feaures (sub as,‘is a white disc on
h8?") can pproximate impotant Othello
concegts combined with thtmechanical”
anaysis of millions of taining positions
has poduced anxpett program cgable of
beding ary human plger. Interestingy, the
game knavledge encodedypthe set of wer
a million confguration weights @es ar
beyond the mobility égures we intended

r needed to compete with the humaorid/

the system togproximate in the irst place
This result encolages the pplicaion of
GLEM to other @mes oreen to seath or
decision poblems in other domainét-
tractive candidtes ae dhess and Go becaus
both games az \ery popular and wll ana
lyzed And yet,for chesshardware roughly
equialent to 2,000 alinaly PCs is cuently

champion. Br Go,the st&us is @en worse
because lute-force seath is infeasitbe due
to the lage bianding factor Because aapd
evalugion function is not knen eitherama
teurs can still begthe best Go jpgrams
handily. In our opinionthe key to better
chess and Go pgrams lies in impoved
evaluaion functionsA stating point could
be the angsis of knaevn fegures with egard
to their goproximation by simple Boolean
functions as mposed  GLEM.

Selective search—Multi-ProbCut

Human plgers caniihd good maes with
out seathing the @me tee in its full width.
Using their &pelience they can pune
unpiomising \ariations in adance The
resulting @me tees ag narow and might be
rather deg. By contast,the oiginal mini
max algrithm seaches the ent& game tee
up to a cemin depth and gen its eficient

and uses the timegd to
anal/ze moe pobaly rele-
vant \ariations.This g-
proac caitalizes on thedct
that values etumed ly mini-
max seathes of diferent
depths ae highly correlated
provided tha a reasonhly
good ealuaion function
and—if necessg—a quies
cence seah is usedIn this
casewe would expect thaa
shallov seach resultv(s) is a
good pedictor br the dep
minimax \aluev(d). Based
on this estimton, we could
detemine whether the dge
minimax \alue lies outside
the curent alpha-beta win
dow with a pescibed likelihood If so,the
position need not be seaed moe degly
because the dpeseach result will unlikely
change the pot’'s minimax alue Other

e wise the dep seach is perbrmed yielding

the tue \alue Here, a shallev seach has
been ivestedbut reldive to the dee
seach the efort involved is ngligible, due
to the &ponential tee sies.

A natural way to express theelaionship
between seaih results of diferent deth is
a linear model of theofm v(d) =a*v(s) +b
+ ewheraandb are real constants areis
a nomally distibuted eror variable having
mean 0 andafianced? Once all model
pammetes ae estiméed by linear egres
sion gplied to a lage rumber of taining
pairs (v(d), v(s))(i), ProbCut can test the cut
conditionsv(d) < a andv(d) = B efficiently
duiing game-tee seath: after computing
the shallav seach resultv(s), the seasch
temminates in the cuent position ifali/(s) +
b, which is an unbiased estitea for v(d),
lies outside ofdq —t[o, B+ tCo]. Here, tis
an adjusthle confdence pameter thecan
be optimizd ky means of touraments.

In the frst PobCut implement#on used
in Logistello,s= 4 andd = 8 were chosen
andt = 1.5 was empiically found to be the
best cut theshold For this paameter con
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stellgion, the winning pecentaye of the
ProbCut-enhancedersion of Lagistello
playing against the hbute-force \ersion was
74% in a 70-gme tounament.

Although PobCut aleady maks a big—
and potentiajl game-indeendent—
improvement @er biute-force alpha-beta
seach, it can still be efined in seeral ways.
Multi-ProbCut (MPC)

 allows for pruning & different seagh
heights,

e uses @me-stge deoendent cut thash
olds,and

e conducts shalle chek seaches using
iterative de@ening®

The later impovement detectskeeme
positions nuch ealier. Incoporated in
Logistello,MPC feduringup to 6=5 ,d=
17) cuts and tav cut thesholds (@r the open
ing and midlle game) bet regular 6= 4,d
= 8) PobCut ly about 72%At equal seah
times,MPC looks ive to sgen plies futher
ahead in selected lines comgvith bote-
force alpha-beta sedrand ahieves a win
ning pecentae of dout 80%.

In summay, for Othello and thelosen
evaluaion function,MPC signifcantly out
performs PobCut as wll as bute-force
alpha-beta seeln. MPCs amazing peoi-
mance demongies thathe alpha-beta abg
rithm wastes most of its time/anayzing
irrelevant ariations. MPCpon the other
hand detects potential bad wes \ery eaty
and postpones their thier investicgtion. In
this way, it concentates on pobaly relevant
lines of pla without ozedooking ciucial
tactical \anations near theoot. It emains to
be shavn whether MPC can be successfull
applied to other gmes. Because it cdsts
with most of the alpha-beta enhancements
currently used in bess pograms,MPC
might impiove these mgrams,too.

Opening book learning

In spite of @aludion and seah im-
provementsprograms still shar weak
nesses in the opening phastemming
from a la& of strategic planning To miti-
gate this ppblem,game deelopes use
opening books thiatoe move sequences
or positions tgether with mees.Their
automaic geneetion was of little inteest
up to nav, because me sequences can b
taken from the litesture, suited to ones
own requirements (sutas the stving for
tactical complictions) and mamally

N

updaed if necessar Today, mary game-
playing programs ae dtached to serers,
playing against human plgers and other
programs 24 hows a dg. Thus,it has be
come necessgffor the ppgrams to upd
their opening books autorieally without
human intevention.

If a player wants to be successful notynl
in a single gme gainst an unknan oppe
nent lut in a sequence oageshe or she
might face simple it efective playing
strategies ty the opponent th@annot be met
by the well-knovn game-tee seath ted-
niques alonePerhgs the most ohous and
simple one is theoflowing: “If y ou have
won a @me try it the same ay next time”

A program with no leaming medanism and
no random componenbflows this stategy,
but is also a victim of ithecause it does not
deviate and thesfore can lose @mes twice in
the same way. To avoid this,the pogram
must fnd reasonble move altenatives. It
can do so pasaly, as the dllowing stiategy
shaws: “Copy the opponensg’ winning
moves ne&t time when colos ae reversed’
This elgant method lets the opponentwsho
you your ovn faults so pu can plg the
opponens winning mees nat time by
yourself. In this way, even an otherwise
stronger opponent can be conopnised
because—aughly speaking—eentually he
is playing against himselfThus,copying
moves maks it necessgto come up with
good mave altenaives actiely. To do soa
player must undestand his winningltances
after deiations from knavn lines.

These basicaguirments of a skilled
match stiategy lead diectly to an algrithm
for guiding opening book pfebased on
minimax seash.® The pocedue kuilds a
game tee flom played \ariations—stating
with the initial ame position—and kels
the leaes dpending on the ptcular game
outcomes. Magover, in ead intetior node
the algrithm evaludes the heustically
best mee not plged so &r and ads the
corresponding edgand node gether with
its evaludion to the tee Given sub a teeg
the pogram can easjlguide the opening
book plg by propagating leaf e/aludions
to the pot using the minimax atgithm.

Several of tody’s best Othello mgrams
have efectiely used arations of this open
ing-book algrithm: sumprises in tounament
games caused/tblindly following noneal-
uaed opening lines amo longr to be
feared mary programs plging on the Oth

ello sever (telnet:&temal.nj.neccom:

5000) ae impioving their books autoro
mousy, and etensie autom#c book
preparation by self-play is nav possilte tha
has evealed efutaions of mag common
opening lines usedythuman plgers.

Outlook

All of today’s top Othello pspgrams use
varations of the galudion, seach, and
opening-book algrithms I've discussed
Whether thg can successfuyllapply to
other @mes is cuently under ivestig-
tion. Anyway, after the gea success of
leaming ba&kgammon and Othello pf
grams,it now seems lear tha future
progress in moe comple problems (in
which brute-force seah is infeasitle)—
sud as Go—also geends on agances in
madine leaning.

Because gmes can see as‘most sim
ple but alread/ had” prototypes of eal-
world decision poblems,games eseach
is an impotant band of Al. Constuction
of problem-solving algrithms in compl&
domains gealy beneits from a pactical
framevork for automéc feaure constuc-
tion, training-set gneetion, weight
assignmentselectve seach, and post
mortem anasis.Although the vork on
Othello I've discussed has opened door
in these diections ther is nuch room for
improvement—vhich becomesgpasent
when piking the nat hader game on the
list.
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Mastering Serstpe

Brian Sh@pard, Hasbio

If I had to identify onedctor thaendled
recent adances in gmeAl, it would be tha
programmes hae a lage asenal of methods
to adat to their need#&\n example is in aler,
so I'll descibe Maven,my Scigbble Al.

The most impdant skill in Scabble is
the aility to find high-scoing plays. So
Maven indudes an xhaustve move genee-
tor, which produces edtlegal move, along
with a scoe and a list of the tile@maining
on the ak. Thus,Maven atieves this aiti-
cal skill using full-width seah.

A note dout word lists is in oder.
Nowadas, | can gt a computézed word
list from the N&onal Scebble Associdion
(NSA). But this is aecent adance The
development of Maen induded seeral
man-months of da enty. | will descibe
the pocesshecausewery gameAl project
involves similar dudge work.

| bought a cop of theOfficial Scrabble
Players Dictionary (OSPD) fom rry local
bookstoe and stded typing the wrds. |
couldnt bear to typeery single word, so |
invented dlittle language” of the orm “v
asserr-or -o1s;” which | postpocessed into
“ ASSERT ASSER'ED ASSERTING ASSER'S ASSERTOR
asserrors” This trick cut the typing in half

Then came aerification staye, where |
stdistically profiled the word list to deter
mine its eror rate. My initial data enty
omitted 2% of the wrds and misspelled
1%.There ensued a pofreading biore to
correct these eors. | then alidaed lkey
lists of words sut as the tw-letter words,
JQXZ words,and so 6rth, against pmted
lists from the NSAThis st@ ensued tha
ary remaining erors were unlikely to md-
ter, because thewould occur among @
frequeng words. Eight erors remained
(out of 95,000 wrds),which | found sg-
eral yeas later when | compagd ny list
against the list of another pgon who had
undetaken the same task.

Then | decided to atithe“long words”
to my list, because the OSPD grton
tains main entes up to eight lettarlong
This piocess imolved scanning\ebster’s
10th Collgiate Dictionary, proofreading
profiling, cross-hiedking, and so on. It as
a huge taskbut very typical of gameAl
development.

Evaluation functions
To evalude a position mpety you hae
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ca/~jonghan.

to model thedctos thd are impotant to the
domain. Maen’s development is integsting
because therasnt a well-developed posi
tional model of Sabble & the timeAt
leastthere was none thid could fnd. Of
course expelts used céain pecets in
choosing plas, but | didn't know ary expett
players,and | didnt have access to grof
their witings. | had to model the domain
“fr om first piinciples’ | might have been
lucky in this iegard, because almosvery
precept held ly expetts pior to the aglent of
Maven has been pven false Since model
ing is a messy task thaeaty every game
Al developer has to do sometimevill
walk you thiough the stas | followed

| reasoned tha move changes thee
things:the scoe, the tiles held p the
player, and the position. S gross tems,
| have the equigon Evaluaion = Scoe +
Rad + Position.This is a god starbe
cause i move geneetor alread/ computes
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him & the Dgt. of Computing Scienc&niv. of Alberta, Edmonton,
Alberta, Canadal 6G 2H1; jonghan@cs.ualbéa.ca; wwwes.ualbea.

the scoe and the tiles left on thadk (the
rac leave). | was conident tha | could
build an e/alugor for rad leaves,because |
had a tick up ny sleeve. But wha should |
do @out this annging Positionterm? Did |
have to deelop a compliceed (and slw)
patem-maching algrithm for evaluding
the nyriad possite changes in position tha
could occur as asult of a moe?

Upon eflection,| decided thathe Psi
tion tem was usual} very close to 0so |
could ignoe it (with one &ception). The
reason is thizthe boad is a esouce tha
affects both plgers, so aly openings ér
high scoes tend to cancel outhe oppe
nents adrantaye is tha he mwoes frst,so
a hot spot is mer likely to beneit him.
Maybe you should penaliz hot spotsypa
small amountbut maybe notYou hae to
consider thathe opponent is asaler
player than M&en,so hot spots dispr
portionaely beneft Maven.The ony
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exception is tha direct access toiple-
word squaes is adctor tha should be
evaluaed, because suca spot is high
scoling, easy to useand unlilely to be
left aound Pr the ne&t tum. Still, calcula
tion shaved tha direct access toiple-
word squae is ony worth a few points
(usually under thee).

As for Rak evaludion, | whipped out
my trick: | would use self-pkato geneete
games andf eed bak” the impact of hold
ing specifc tiles into the ealudion func
tion. This method wrked well in Scibble.
In fact,the evaluaion function impoved
from zro initial knovledge to bgond the
level of the humanttampions of the da
while using oy a single dg of training

Self-play combined with éedbak is a
fundamental method empled in most
competitive piograms. It vorks in other
nondeteministic gamesand in deteminis-
tic gamestoo, if combined with ticks tha
ensue eploration.

But self-play can ony take you so &r.
Self-play brings a pogram into geder
intemal consisteng but if a fundamental
computaional process is missingou
won't discover it thiough self-plg. Actual
compaison aainst humanxpetts is
required to dignose suc defciencies.

The most diect form of compaison is
competition. Competition meass skill
using the same standisrtha humans use
You can also pécipate in post-maiem
discussions tharovide guidance laout
whete to irvest adlitional efort.

Maven’s competitie games sheed tha
Maven was diampionship calibeThey
shaved tha | could stop wrrying ebout
things thal always beliezed were unimpor
tant,but expetts told me vere hug. For
example was it impotant tha Maven didnt
vary its play as a function of the see?Was
it important to consider the skill of the opp
nentANas it impotant toblock or openthe
boad?Well, maybe it was impotant,but it
was insignifcant compagd to Maren’s skill
in scoing points and &ing good tiles.

Other brms of compason ae indirect.

D

For example | compaed Maven’s moves
against mees made ypexpeits and gainst
annotaions witten by expetts. | pubished
annotaions“written” by Maven,to elicit
feedbak from expetts.All of these things
helped someha if only to provide reas
surance to the author

The endgame

| also leaned &out the impaiance of
the endgme which is the phase of the
game where thee ae no tiles in the g
and so the gme becomes detamistic.
Maven made s@&us endgme erors by
failing to Hock a good spot ér the oppe
nent or &iling to leae itself a vay to play
off all of its tiles.

Achieving good endgme plg required
that | scrap Maven's whole gproad, be-
cause it is impossib to huild a staic eval-
uaor tha evaluges an endgme position
using ony one py of lookaheadCleaty,
the seathing tetniques of pedct-infor-
maion games needed to bedught to bear
but the leading candidia (full-width alpha-
beta) had s@us shotcomings or this
applicaion.

For one thingalpha-betagquires almost
best-frst move odeling for good seath
efficiencgy, whereas ny move geneetor
produces mees in oder of ows of the
boad. The pospect of adeling moves
after generting them vas uné#ractive,
because therae an aerage of 200 mwes
at the starof an endgme and thee could
be mary, mary more if the side-to-mee
held two blanks.Also, move genegtion
was compaatively slowv (about 1 second on
the hadware of the dg), which limited us
to aout 120 nodes per sehr Olviously,
you cant seach a tee whose banding
factor is 200 &the oot if you have only
120 nodes to wrk with. As if that weren't
enoughthere ae vitally important
endgmes vhere the one side istuck with
the Q”and cannot plaout. In sub cases,
the best sategy may be to plg out“one
tile & a time” Suc end@mes can last 14
ply, with several hunded legal moves per
ply, and the highest-sdog moves ae
almost alvays bad!

What was needed as a seah alg-
rithm tha was naurally full-width, vari-
able-depth, and gpropriately selectve
(tha is, able to distibute 120 nodes of
seach so as toxplore a potentiail huge
space). Brtunaely, | have read nedy
every pgoer @out seath algorithms ever

written, so Betiner's B* algorithm was
familiar to me The tetinique of @plying
B* is very interesting and neel, but alas,
this is not theight forum for descibing
it, as it is highy domain-specit. To con
tinue our topicevery game pogrammer
needs to beaimiliar with the liteature,
because therae mary geneal-pumpose
methods wailable. The pogrammer nust
also accuately judge the pplicability of
ead method to his domainirrally, gen
eral methods usuaflrequire domain-
specifc adatation to read their full
potential.

Statistical lookahead

Finally, is developing one neel tedr-
nigue too nuch to ask of a gme pogram-
mer?Actually, most successfulagne po-
grammes hae contibuted a neel
method It seems thizone cannot conquer a
new game simpy by applying previously
known tedniques. So | tentively put for-
ward tha Maven was theifst to use the
technique of staistical lookaheaddr play-
ing games.

Stdistical lookahead is morecagynized
as a gnenl methogdhaving been pplied
(and indpendeny discovered) by
pionees in games suge as bakgammon,
bridge, and poler. The te@inique might be
new to reades, so | will take a moment to
descibe it.

The idea is tovaluae maoves ly “play-
ing them out’at high speedThe mae with
the highesteerage outcome is selected
During the pocessyou can @in speed
pruning maes thahave pioven to be iné-
rior. This tednique has mandomain-spe
cific details,suc as the question ofhich
altemaives ae considezd how the game is
played outhow to pune mees,how to
model opponent’ behaior, and so rth.
Virtually ary domain with andomness
(suc as bakgammon) or hiden inbrma
tion (bridge) or both (Sabble and pokr)
can benef from stdistical lookahead
think this tetinique will pooduce a easue-
trove of reseach results (and farctical
results) because of its guiability.

So,successful gmeAl results fom
combining mag geneal methods. Meen
would not be W& it is without full-width
seach, evaluaion functions self-play,
feedbak, competitionjndirect compar
isons knowledge engneeing, perfect-
information seach tecniquesand stéisti-
cal lookaheadPlus a lot of luk.
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Computors and fanguage games

Michael L. LittmanDuke University

It's amazing thawe can commnicae &
all. There ae millions of words and phases
tha can be utterd and undetood eat
with its owvn paticular shade of meaning
New words constanyl enter the lgicon,
and old vords contiially evolve in their
meaningsinaking the situ@gon gopear
downright grim. Even soJanguae use
rarely seems like had work to us. In &ct,to
mary peoplelanguae is one of the best
toys aound

Languaye games daw their dhallenge
and ecitement fom the ichness and
ambiguity of néural languge. Acrostics,
cryptograms,Jeopady, and &en liddles
and puns & all forms of languge games.
Games lile Scebble, word seach, or Bog-
gle, although verd-relaed, typically dont
involve tiue languge, because wrd mean
ings ae not impotant.And it's haing to
make judgmentsfaout word meanings tha
separates languge games fom their puely
logical countepatts.

In purely logical gamesthe les deiing
winning positions and &l moves ae quite
clear Not so or crossvord puzzlespne of
the most popular langga games and the
focus of this essaConsider the assvord
clue“The Hindenbrg, e.g” (5 lettes). Pob-
ably most of us wuld agree thasume is a
valid ansver androGerisn't. But,wha
aboutLARGE Or RiGID, Or evenmovie? While
accetable ansvers,they are far from ideal.

From anAl perspectve, lan-
guae games a an inteesting
challenge. The languge compe
nent maks them dfierent from
boad games and merdosely
relaed to @plicaions sub as
text summaization or madine
transldion. But,like logical
gamessuccess in solving ass
words is cisply deined:how
well does the system do ingar
ducing the ight ansver?

The crossword problem

A group of us aDuke Uni
versity became int@sted in
languaye cames and decided to
build a clossvord-puzzle-solv
ing program in the &ll of 1998.
We called theesulting system
Proverb for “probabilistic cru-
civerbalist”’because it uses

probability theoty to sole crossord
puzzlest

The lak of formal mules was the ery
first difficulty we had todce Michael
Garey and Daid Johnsonjn their book on
NP-completenesiprovide formal defni-
tions for hundeds of computéonal piob-
lems,including clossvord puzzles. In their
version of the anssvord problem,the puz
zler receves a gid and a dictionar of legal
words.A solution is an assignment of dic
tionaty words to eak slot in the puzzleso
that the acoss and don words ft together

While this deally cgptures some of wat
it means to solr a puzzlgit isn’t a useful
characteization of real cossvords. For one
thing, there is no dficial dictionay of legal
ansvers. For Poverb, we compiled a list of
2.1 million words and shamphrases fom a
combindion of online dictionaes,news
wire aticles,compendia ofdmous people’
namesand other sowes. Een sothis list
only covers apund 95% of angers on an
average puzzle For example the 16 Octe
ber 19991V Guidecrossvord contains 66
ansvers, three of vhich were not in Po-
verb's extended vord list: sHoormEe, BRIDE-
OFCHUCKY, andPRINCESSBRIDEA priori, it's
hard to ule outany letter sequence as a
possilbe crossvord ansver: xiNc has been
clued as’Ambassados title” (4 lettes).

But, there’s anothemore signifcant
reason thiawe need a dierent ormaliza
tion of crossvord puzzlesin the corect
solution,the ansgvers nust elae to the
clues.We can adpt the Gagy and dhnson

Move the white |
horsey to take the
“_ black pointy piece.

An early chess program.

problem staement to eflect this ly having
a s@arate dictionay for eat slot of the
puzzle This tales us a sfedoser to a pc
tical formalization, but it misses tw im-
portant acts:

e As in the Hindenbrg example some
anavers ae just better than otheiVe
ought to allev maiginal ansvers, but
there should be a pference br the
better anwers.

* Even if thee were a peréct way of
deciding wich ansvers ae oka and
which aen't, it is unlikely we could
write a ppogram tha could cature the
distinction peréctly. The best w could
expect a computer pgram to do veuld
be to assign canditmansvers conf-
dence scas so theaccetable ansvers
are generlly ranked dove unaccpt-
able ones.

This line of thinking inbrmed the érmak
ization we chose br Poverh The cossvord
puzzle poblem diides into tvo pieces:
candid&e genertion and gid filling. In
candid#e genestion, Proverb anajzes eah
clue and gnegtes a long list of canditia
ansvers. It then assigns dacandidée a
prior probability indicating how likely it is
that the candidg is an anger to the twe. If
RED, HUE, DYE, andran are all equaly good
ansvers for “Color,” (3 lettes), then eah
would be assigned aipr probability of
0.25. Havever, in actual cossvord puzzles,
RED iS about twice as common asyaof the
other angers to this tue, so it
ought to be assigned a higher
prior probability.

In grid filling, the pobability-
weighted candida lists and the
grid sewe for genegting a solu
tion to the puzzleBecause can
didae lists ae geneally long,
there can be miltiple solutions.
We defne the best solution to be
one thamaximizes the rpected
number of corectly ansvered
clues.To defne this brmally,
we assume thidhe pobability
of a gven solution is pypor
tional to the poduct of the por
probabilities of the anwers tha
malke up the solution.

Candidate generation
Perfect candidge geneetion
requires human-keel knovledge.
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Consider theloe“Deadly sin; (5 lettes).
Answering this equires bakground knavl-
edee to knav tha four of the seen deadt
sins hae five lettes: GREED, WRATH, SLOTH,
andrripe. It requires leical knovledge to
know tha ANGERiS an @propriate altenae
to wraTH. It requires syntactic kneledge to
realiz thd Lustsandsevenare elaed tems,
but ae not @propriate gven the varding of
the due.

Some twes equire an undestanding of
cause-and-ééct or @en phoneticelaion-
ships between words:“Result of bid
phayngitis,” (12 lettes): crowincrains. Still
othes only male sense ifgu ae familiar
with crossvord corventions or cuent
events:*Emulate Mia; (5 lettes): AboPT.

For these@asonshuman-leel profic-
ieng in candidée genegtion seems an elu
sive goal. In designing Rwerb, we tuned to
standad computer science aAd tech-
niques br help with candid& genestion.
Proverb uses a set of @dhasesead with
one or moe ways of tuning a due into a
quer. Of the may databases it dawvs upon,
the most impdant is thecluedh a collee
tion of dues and angers from previously
pulished cossvord puzzles. Dgending on
the dificulty of the puzzle being saiq,
from 30% to 60% of thdwes ae alead/
present in theloedb

Because of the wideavety of ways in
which dues can be wrded the duedb con
tributes in seeral different ways to candide
genedtion. The simplest and most acete
is exact méch; if the due being #adked
appeas in the tuedh the anwver or anwers
in the duedb ae retuned as a canditiawith
high piior probability. Proverb also quégs
the duedb using wrd-overdap measues as
pioneeed in the inbrmation-retieval com
munity: the moe words in common alge
has with one in thewedh the moe likely it
is to shae its anwer.

The duedb is also used as a soeiof
word-word associtions. In the Hindenlrg
example Proverb etumssLivp because
“Hindenkurg” appeas with“airship”in
one due, and“airship” appeas with
“blimp” in another twe. By huilding asse
ciation chains of this kindProverb can
genearlize a bit bgond the spedit set of
clues it has to wrk with. Of couse this
kind of free assoct#on leads to some ad
connectionsThe ang/er rRoceralso comes
badk becauséHindenhurg” appeas in a
clue with“Ebert” (Hindenhlurg succeeded
Friedrich Ebet as Reib president in

1925),which gpeas in a tue with
“Roger” (because of mae critic Roger
Ebet). (You can plg with a \ersion of the
candid&e genestion algorithm online &
WWW.0neacoss.com.)

Grid filling

In some vays, Proverb’s candidée gen
eration is amazingtor “Broadcast, (10
letters), it instantly retumspISTRIBUTE, PAS-
SAROUND, andpusLicizep. | doubt @en the
best human assvord sohers could do
this. Hovever, it also geneateSTELEVISION,
TECHNICIAN, andJOURNALIST, among other
10-letter vords.While thee is a &ear con
nection betwen these ards and thelae,
few people would consider them to bed
ansvers.

However, what Proverb ladks in ansver
precision, it makes up ér in the gid-filling
stege. Unlike humansProverb can siralte-
neousy entetain thousands upon theus
ands of boices br how to fill in the grid.
To geneegte a solution to the puzzlBrov-
erb frst computes the poster probability
for eat candidée. This is the pobability
that the candidi gpeas in a solution; i8
a combinéion of hov well the candidiee
ansvers the tue (its pior probability) and
how well it fits with other anwers in the
grid.

Computing the posters exactly is a
#P-complete mhblem; it's like counting the
number of anwers to a Boolean siafiabil-
ity problem—piobéably worse than NP-com
plete For Poverb we designed ade-based
approximation algorithm; we laer leaned
tha the samepproad is used in decoding
transmissions &m de@-space mbes.
Proverb then use&* search to find a solu
tion tha maximizs the sum of the positer
ors; this is the solution thanaximizs the
expected mmber of vords corect.

Proverb’s perbrmance oneal puzzles is
impressve. In about 15 mimites of vall-
clock time per puzzlgProverb geneetes
solutions thaaverage 95% vords corect
on a testset of 370 puzzlesrin The Nev
York Times USAToday, The LATimes TV
Guide and other sowes. Poverb was also
run on a set of sen puzzles used in the
1999American Cossvord PuzzleTouma:
ment and sced aound the midle of the
pad of the 250 human competisor

Future challenges
In spite of its stong perbrmance oneal
crossvords,Proverb is still a &r ciy from

black-belt level. Expet human solers can
finish a modeately challendng 15x 15
puzzle in bur or fve mirutes with no eors.
While increasing Roverb’s speed is not dif
ficult, brining its accuacy up to diampk
onship leels will require a bit moe work.

One vay for Pioverb to impove perbr-
mance would be to ead betwen the lines
more. For example encounteing the due
“Behold to Butus; (4 lettes) with ansver
ecceshould tell Poverb tha“ecce” means
“behold”in Latin. Armed with this infr-
mation, Proverb would be pepared to an
swer “Latin behold’ (4 lettes). Through a
more syntactic angkis of the tuedb and
other text souces,a stuctured knavliedge
base could be constited br use in solv
ing novel dues with high accagy. This
knowledge base wuld hare ndural gopli-
cdions bgond cossvord puzzles.

Proverb alead/ suppots a simplifed
form of this easoningln paticular, it looks
through the wedb br dues with the same
ansver and constrcts tansbrmation rules
for tuming one twe into anotheipreseving
meaning Using thisProverb inds some
simple gammartype les sub as:*X of
Egypt” is equvalent to*Egypt's X" for all
X. It also inds some @ssvord-specifc
transbrmation rules sub as:*Nice X” is
equialent toX in Frendh” for all X.

But, of couise our work on Poverb just
scratches the sudce of the saof tedr-
niques thacan help computertadkle lan
guage camesAnd, different tebiniques
will be most useful in dferent games.

Even sogxpett competence in grlan
guage game equites mastaracioss all
levels of linguistic knavledge, from pio-
nuncigion and spellingto syntaxmean
ing, and world knowledge. Thus,while a
grandmastertwess pogram can be a nar
rowly focused s&nt,a competition-tass
croswvord program would necessdy pos
sess a lmad set of skillsThis males the
program itself nuch more of a halleng to
build, but probably also a vole lot moe
interesting to ba with after a mech. 8
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