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Abstract

Although people rely heavily on visud cues
during problem solving, it is non-trivial to in-
tegrate them into machinelearning. This pgper
repots on three genga methods that
smoothly and naturally incorporate visud cues
into a hierarchical decison agornthm for
game playing: two tha interpret predrawn
straight lines on the boad, and a third tha
uses an assodative, hierarchical patern
database for patern recogntion. They have
been integrated into Hoyle, a game learning
program tha makes decisions with a hierarchy
of modules representing individud rationd
and heuristic agents.
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1. Introduction

Since the early work of Chase and Simon, re-
searche's have noted tha expert chess players
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retain thousandsof paterns(Holding, 1985)

There has been subdantial additiond work on
having a program learn specific paterns for
chess (Berliner, 1992; Campbdl, 1988; Flann,
1992; Levinon and Snyde, 1991) Thee is
conflicting evidence as to whether or not ex-
pert game players learn to play solely by as-
sodating appropriate moves with key paterns
detected on the boad, but it is bdieved tha
patern recognition is an imporntant pat of a
nunmber of different strategies exercised in ex-
pet play (Holding, 1985) In Al, visud cues
have previoudy demongdrated ther power as
explicit search control directives and as hand-
selected terms in an evaludion fundion
(Gelernter, 1963; Samud, 1963) Learned vi-
sud cues have also been deived from god
states with a predicate calculus representation
(Fawcett and Utgoff, 1991;Yee, et a., 1990)

This pgper integrates the pdtern recognition
and the explanatory heuristics tha experts use
into a program called Hoyle tha learnsto play
two-peason, pefect information, finite boad
games agang an externd expert. As in the



schematic of Figure 1, whenever it is Hoyle(3
turn to move, a hierarchy of resource-limited
procedures caled Advisors is provided with
the current game state, the legd moves, and
any useful knowedge (described bdow)
already acquired aboutthe game. There are 22
heuristic Advisors in two tiers. The first tier
sequentially attempts to compute a decision
based upon correct knowledge shdlow
search, and simple inference, such as
Victory® Gnake a move tha wins the contest
immediately.O If no single decision is forth-
coming, then the second tier collectively
makes many less reliable recommenddions
based uponnarrow viewpoints, like Material @
Qnaximize the number of your markers and
minimize the number of your opponet®.0
Based on the AdvisorsOresponses, a simple
arithmetic vote selects a move tha is for-
warded to the game-playing algorithm for ex-
ecution.
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Figure 1: How Hoyle makes decisions

The program learns from its experience to
make better decisons based on acquired
ussful knowedge Useful knowledge is ex-
pected to be relevant to future play and may

be correct in the full context of the game tree.
Examples of ussful knowledge indude rec-
ommended openings and states from which a
win is aways achievable. Each item of useful
knowledge is assodated with at least one
learning algorithm. The learning methods for
ussful knowledge vary, and indude explana
tion-based learning, indudion, and dedudion.
The learning agorithms are highly selective
about what they retain, may geneaize, and
may choo® to discard previoudy acquired
knowedge When individud Advisors apply
current useful knowledge to congruct thar
recommenddions they integrate these learn-
ing strategies. Full details on Hoyle are avail-
ablein (Epgein, 1992.

Visud cues are integrated into Hoyle@ deci-
sion-making process as new Advisors in the
second tier. These Advisors react to lines and
clugers of markers without reasoning. This is
prompted by our observationthat people guide
thar play with frequently-observed paterns of
pieces before they undestand ther signifi-
cance. The digtinction drawn here beween
thinking and seeing in game playing is an im-
portant one By QhinkingOwe mean the ma-
nipulation of symbolic daa, such as ften-
used opening gambit;Oby GeeingOwe mean
inference-free, explanation-free reaction to vi-
sud dimuli. The three Advisors described
here are directed toward the congrudion of a
system tha both uses and learns visua cues.
They provide powerful performance gansand
promise a naura integration with learning.
This paper indicates how Hoyle, aready a
multistrategy learning program, can integrate
knowledge about visud cues, and methodsto
learn them.

2.Using Predrawn Lines

Morris games have been played for centuries
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Figure 2: Some five men@ morris states with white to move (a) in theplacing or the diding
stage (b) and (c) in thediding stage

those in Figure 2. For clarity, we distinguish
carefully here between a gane (a board, mark-
ers, and a set of rules) and a contest (one
complete experience a a game, from an
initially empty boad to some state where the
rules terminae play). We refer to the
predrawn straight lines visible in Figure 2
smply as lines. The intersection of two or
more lines is a position. A postion without a
marker onit is said to be empty. Althoughthe
program draws pictures like those in Figure 2
for output the internd, computationd
representation of any game board is a linear
list of postion values (e.g., black or white or
blank) along with the identity of the move
and whether the contest is in the placing or
diding stage The program aso makes
obvious representationd trangdormations to
and from a two-dimendond array to
nomalize computationsfor symmetry, but the
array has no meaningful role in move se-
lection. The game ddinition indudes a list of
predrawn lines and the postionson them.

A morris game has two contestants, black and
white, each with an equd numbe of markers.
A morris contest has two stages. a placng
stage where initially the boad is empty, and
the contestants alternate placing one of thear

markers on any empty postion, and a diding
sage whee a turn consists of diding one3
marker along any line drawn on the game
boad to an immediately adjacent empty pos-
tion. A marker may not jump ove another
marker or be lifted from the boad during a
dide Three markers of the same color on im-
mediately adjacent postionson a line form a
mill. Each time a contestant condructs a mill,
she captures (removes) one of the other con-
testant@ markers that is notin a mill. Only if
the other contestant@® markers are al in mills,
does she capture one from a mill. (There are
local variationstha permit capture only dur-
ing the diding stage permit hoppng rather
than diding when a contestant is reduced to
three near a contest@ end, and so on.) Thefirst
contestant reduced to two markers, or unable
to move, loses.

2.1 The Coveragealgorithm

When a marker is placed on any position on a
ling it is said to affect al the positionson that
ling including its own. The coverage of a po-
gtion is the multiset of all distina postions
tha it affects. A marker postioned where two
lines meet, induces two copies of its postion.
Thusthe coverage of 3 in Figure 2(a) is {1, 2,



213, 10, 16}. A set of markers bdonging to a
single contestant P producaes a cover, a multi-
set denoted Cp = {c1!v1, CoIVo,E, cplvp} tha
lists the affected postions vy, vo,E, vp and
the nunmber of lines ¢; on which v; lies tha are
affected by oneof P@ markers. In Figure 2(a),
the white cover is Cy ={2!1, 2, 3, 24, 5, 2!6,
27, 218, 9, 11, 13, 14}. The cover difference
C~D for C={c1lvy, Colvo,E |, cplvp} and D=
{d1!wy, doWp,E |, dm!wm}, is defined to be
themultiset C~D = {x!y |y = vj for somei =
1,2E,nmxly" Cy! wjforanyj=1,2FE,
m}. In Figure 2(a), Cg~Cw = {10, 12, 15,
2116} and Cy~Cg = # . We take the standard
definitions from graph theory for adjacency,
pah, and pah length.

A marker offendvely offers the potential to
group othes aong lines it lies on
(juxtapostion) and to facilitate movement
there (mobility), while it defengvely obstructs
the oppostion® ability to do the same. The
Coveaage agorithm attempts to spread its
markers over as many lines as possible, pa-
ticularly lines aready covered by the other
contestant, and tries to do so on postionswith
maximal coverage Assume, without loss of
generdlity, tha it is white® turn to move In
the placing stage Coverage recommends a
move to every empty postion ¢jlvi" Cg~Cw
where ¢ >1. If there are no such postions it
recommends a move to every postion in
Cg~Cw with maximal coverage If there are
no such postions of either kind, it recom-
mends a move to every empty position with
maximal coverage In Figure 2(a) with White
to move in the placing stage, Cg~Cw = {10,
12, 15, 2116} so Coverage recommends a
moveto 16.

In the diding stage Coverage recommends
each legd movetha increases |vj|, the number
of the mover@ digtinct covered postions Let

(p,q) denote a diding move from postion p to
postion g. In Figure 2(b) the legd moves
(1,7), (96), (9,13, (103), (1016), (14,7)
change|vj| by -1, +2, 0, O, O, -1, respectively,
so Coverage recommends (9,6). In the diding
stage, however, one3 cover can also decrease.
Therefore, Coverage aso recommends each
legd dideto a postion ¢lv;" Cg where ¢j >1
but for which ¢ "1 in Cy. In Figure 2(c),
where Cg = {211, 212, 213, 214, 2!5, 6, 7, 8, 10,
311,312, 2113, 2114, 2!15, 2116}, Cyw = {21,
212, 213, 214, 25, 216, 217, 2!8, 219, 2!10, 11,
13, 2114, 15, 2116}, and the legd moves are
(2.3), (6,9), (84), (87), (103), (109), (147),
(14,15), those vertices are 11, 12, 13, 15, s0
Coverage can only recommend (14 ,15).
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Figure 3: A placing state in ninemen®
morris, white to move

2.2 The Shortcut algorithm

The Shortcut algarithm addresses longrange
ability to move, and does so without forward
search into the game graph. The algorithm for
Shortcut begins by calculating the nonzero
pah lengths beween pars of same-color
markers, induding tha from a marker to itself.
For example, in Figure 3 the shortest paths
between the white markerson 2 and 20 are [2,
5,6,14,21,20], [2, 3, 15, 14,21, 20], and [2,
5, 4,11, 19, 20]. Next, the algarithm selects
those pars for which the shortest nonzero



length pah beween them is a minimum. It
then retainsonly those shortest pathstha meet
the following criteriaz every empty postion
lies on some line without a marker of the op-
poste color, and at least one postion on the
pah lies at the intersection of two such lines.
All three paths identified for Figure 3 are re-
tained because of postions 5, 14, and 5, re-
spectively. Shortcut recommendsa placing or
diding move to the middlemos point(s) of
each such pah. In Figure 3, Shortcut therefore
recommendsmoves to the midpoints 6 and 14,
15and 14,and 4 and 11. Computation for this
algorithm, styled as spreading activation, is
very fast.

2.3 Resultswith Coverageand Shortcut

Prior to Coverage, Hoyle never played five
men@ morris very well. There are approxi-
mately 9 million possible boad positionsin
five men® morris, with an average branch
factor of about 6. After 500 learning contests
Hoyle was still logng roughly 85% of the
time. Once Coverage was added, however,
Hoyle® decisions improved markedly.
(Shortcut was not part of this experiment; daa
averages results across five runs) With Cov-
erage Hoyle played better faster; after 3275
contestsit had learned well enoughto draw 10
in arow. The contests averaged 33 moves, so
that the program was exposed during learning
to at mog 10705 different states, about.012%
of the search space. From that experience, the
program was judgeal to smulate expet play
while explicitly retaining data on only about
.006%0f the states in the game graph.

In pod-learning testing, Hoyle proved to be a
reliable, if impefect, expat at five men®
morris. When the program played 20 addi-
tiond contests agang the modd with learning
turned off, it log 2.25 of them. Thus Hoyle

after learning is 88.75% reliable at five men®
morris, still a strong peformance after such
limited experience and with such limited re-
tention in so large a search space. Additiond
testing displayed increasing prowess agang
decreasingly skilled oppostion, an argument
tha expertiseisindesd beng simulated.

With a search space about 16,000times larger
then tha of five men®, ninemen@morrisis a
more strenuoustest of Hoyle@ ability to learn
to play well. Because there is no definition of
expert outcome for this game, we chose sm-
ply to let the program play 50 contests againg
the modd. Without Coverage and Shortcut,
Hoyle log every contest. With them both,
however, there was a dramatic improvement.
Ingpection showed that the program played as
well as a human expert in the placing stage of
thelast 10 contests. During those 50 contests,
which averaged 60 moves each, it log 24
times, drew 17 times, and won nine times.
(Some minor correctionsto the modd are now
undeway.) Thefirst of thos winswas on the
27th contest, and four of them were in the last
Sx contests, suggesting tha Hoyle was
learning to play beter. With the addition of
less than 200 lines of game-indgrendent code
for thetwo new visudly-cued Advisors, Hoyle
was able to learn to outpeform expet system
code that was more than 11 times its length
and redtricted to a single game. The morris
family indudes versions for 6, 9, 11, and 12
men, with different predrawn lines. At this
writing, Hoyle is learning them all quickly.

It should be noted tha nether of these Advi-
sors applies ussful knowledge indead, they
direct thelearning program@ experience to the
pats of the game graph where the key infor-
mation lies, highly-selective knowledge tha
distinguishes an expet from a novice

(



Ericsson and Smith, 199]). If this knowedge
is condsely located, as it appears to bein the
morris games, and the learner can harness it,
as Hoyle@ learning algorithms do, the pro-
gram learns to play quickly and well. As de-
tailed here, this general improvement comes at
a mere fraction of the development time for a
traditiond game-specific expert system.

3. Learning Patterns

Hoyle is alimitedly rationd system tha ddib-
erately avoids exhaudive search and complete
storage of its expeience. Consistent with this
approach, thework described here retainsonly
a smal numbe of the pdterns encouniered
during play, ones with strong empirica evi-
dence of ther significance. The program uses
a heuristically-organized database to assodate
small geometrical arrangaments of markers on
the boad with winning and logng. The asso-
ciative, hierarchical patern database is a new
item of useful knowedge The first level of
the daabase contains states; the second level
containspaterns

The patern daabase is constructed by the
pattern classifier, an associated learning a-
gorithm, as follows. At the end of each
contest, every state tha occurred during the
contest is cached in a fixed-size hash table,
noting the sequence number of the mog recent
contest in which it appeared and whether
Hoyle won, log, or drew there. Each new state
in the pattern database is now matched agang
nine templates for a 3%$3 grid, adjuged for
symmetry and shown in Figure 4. A Qin a
template represents an X, an O, or an empty
space; HO is the don® care symbol. A
subpatern is an indantiation of a template,
eg., XB in the cornas of a diagond.
(Preliminary empirical tests showed this to be
thesmallest set of effective templates.)

The second level of the patern daabase con-
sists of those subpetterns which appear in at
least two states of the first level. Mog states
match several ways and therefore make multi-
ple contibutions to couning on the second
level. Each subpdtern also recordsthe number
of contests in which it participaed in awin, a
loss, and adraw. Thusa subpdtern is a gener-
alization over a class of states: tho that have
recently occurred with some frequency and
contain simple configurations of pieces. Each
subpadtern is categorized as winning, drawing
or losng based uponwhich kind of contest it
appered in mog frequently.

2H
#H#
#H#

THE
#H#
HH##

#2#
##
HH##

2H#?
HH#
#H#

QHE
#HH#
##?

##
##EH  HHEE KR HN#
#2H#  #HHEHE O HE? ##
Figure 4. The set of templates used by the
patern classifier.
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It is important to forge in the patern
database, primarily to discount novice-like
play during the early learning of a game.
There will be winning contests, and paterns
assodated with them, tha were due to the
learner@ early errors. We have therefore im-
plemented two ways to forge in the patern
database. First, when a hash table for eithe
states or paterns is full, and a new entry
should be made, the least recently used entry
is eliminated, based on its mog recent contest
number. Second, at the end of every contest,
the nunmber of times each state was encount
tered is multiplied by 0.9.

Patsy is an Advisor tha ranks legd next
moves based on thdr fit with the patern
daabase. Patsy looks at the set of possible



next states resulting from the current legd
moves. Each next state is compared with the
subpadtern level of the database. A matched
winning subpdtern awards the state a +2, a
matched drawing subpatern a +1, and a
matched losing subpatern a-2. A state® score
isthetotal of its subpattern values divided by
the number of subpdternsin the cache Patsy
recommends the move who® next state has
the highest such score. Ties are broken by
randomselection amongthe best moves.
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Figure 5. The peformance of Hoylite with
and without Patsy.

Patsy was tested within a severely pared-down
version of Hoyle, called Hoylite here. Hoylite
has only two of Hoyle® origind Advisors,
plus Patsy. The pattern classifier forms cate-
gories based on ob%erved game states and as-
sodates responses to the observed states by
learning during play. The hash table sizes
were limited to 50 game states and 30 subpd-
terns Three toumaments between Hoylite and
a pefect tic-tac-toe player were run to assess
the performance of Hoylite. The perfect player
was a look-up table of correct moves. Each
toumament was continued for 50 contests. The
average cumulative number of Hoylite® wins
and draws is plotted againg contest nunber in
Figure 5. The graph compares Hoylite® aver-

age performance agang the perfect contestant
with and without Patsy. Clearly Hoylite per-
forms consstently better with Patsy.

There are many games tha are played on a
3$3 grid. At this writing we are testing
whether the same patern templatesin Figure 4
apply to severa other games. We are aso
gradudly adding Hoyle@® Advisors to Hoylite,
to see what conflicts, if any, arise. Findly, we
are experimenting with more sophisticated
patern classifiers, ones tha modd the re-
spong of the human eye to arrangements such
as lines of pieces and lines of open spaces.

4. Discussion

Predrawn game boad lines are shown here to
be important, readily accessible regularities
tha support better playing decisions Histori-
ca daa on pdterns attractive to the human
eye are demondrably hdpful in distinguishing
good middlegame postions from mediocre
ones. The brevity of the coderequired to capi-
talize on these visud cues for a variety of
problems argues for the limitedly rationd per-
spective of the architecture. The improvement
the new Advisors have on play argues for the
significance of visud representations as an
integra pat of decison making. When
predrawn boad lines are taken as visud cues
for juxtapostion and mobility, Hoyle learnsto
play chdlenging games faster and better. Cov-
erage and Shortcut in no way diminish the
program@ ability to learn and play the broad
variety of games at which it had previoudy
excelled (Epgein, 1992.

Our preliminary examinaion of the impact of
a recognition-association competitive learning
patern classifier on several othe expet
know edgesources and learning methods via a
blackboad architecture is promising. The
game played was a smple ong and only two



of the 22 preexisting Advisors were induded.
A simple game was cho®n to facilitate de-
bugghng the patern classifier and measuring
paformance agang an absolute standard.
More than two Advisors would have obscured
the contributon of the patern-assodative
component. Hoylite® patern classifier is quite
simple and does not learn new templates; it
only learns which game states are important
for the given set of templates. It can be seen
from these preliminay results tha a patern
recognition component can be smoothly inte-
grated into a game playing system tha in-
volves reasoning and limited search.

Heuristic Advisors are needed most in the
middlegame, where the large nunmber of pos
sible moves precludes search. It has been our
experience with more complex games, where
onewould have many Advisors, tha openings
are typically memorized, and tha theendgane
can be well-played with Advisors tha reason
aboutknown losng and winning postions In-
spection reveals tha Shortcut and Coverage
contribute to decisons only in the mid-
dlegame, while Patsy works on the opening
and middlegame. In the full version of Hoyle,
other Advisors cover the opening, and an ex-
perience-driven patia retrograde andysis
learns enough ussful knowiedge to tune the
endgane. In Hoylite, the other two Advisors,
Victory and Panic, address the endgame,
leaving Patsy to congder paternsimportant at
the earlier stages. All three new Advisors
prove to filter the middlegame aternativesto a
few likely moves, ones that might then bendfit
from limited search.
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