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GAME PLAYING

An important part of Al research lies in efforts at under-
standing intelligent behavior as opposed to simulating it
for solving a specific problem in an applications domain.
For this former area of research games remain an excel-
lent metaphor.
A considerable body of knowledge exists in mathemat-

ics about the property of games; there has not been
enough interaction between this knowledge and Al re-
search. One reason is that it has been proven (Stockmeyer
and Chandra, 1979) for games like chess, checkers, and go
that no game-playing strategy can exist that remains effi-
cient over larger and larger boards. As a result, Al re-
search in games has been restricted to two extreme view-
points. On the one hand, efforts are made to incorporate
knowledge of specific games (eg, chess on a standard
board) into the program. At the other end of the spectrum,
one restricts one's attention to methods of search (qv) re-
duction.

There are classes of games, however, for which meth-
ods of efficient play can be developed and used. Such tech-
niques are often applicable over a wide class of seemingly
unrelated games. Study of such classes yields insight into
the notion of similarity and analogy, activities of recog-
nized value in automatic learning of problem-solving (qv)
and game-playing strategies. Such studies form an impor-
tant third approach to the study of games.

In what follows all of these aspects of AT research into
games are discussed. The second and third approaches are
discussed in some detail since a general body of knowledge
exists for these. For the first approach the reader is di-
rected to specialized treatises and papers (Frey, 1977;
13_ erliner, 1978; Eramer, 1983). In the next section some
r?rmal definitions are made to facilitate the later discus-
sion.

MATHEMATICAL FORMULATION

In the original, most general definition (von Neumann
and Morgenstern, 1944) a game is characterized by the set
of all sequence of Plays Possible, as made by N players,
and by the payoffs to the N players corresponding to each
Sequence. Each play reduces the set of sequences to the
,subset that has that play as the initial one. The moves
Illus characterize a partition on the set of sequences. How-
ever, since all the players do not necessarily know what
play was made (eg, in Kriegspiel or bridge), the players'
knowledge restricts the set to some superpartition of this
Partition.
„ Most of the work on games in the field of Al has been in
Luie case of two-person games with complete information
Lazi.d with alternating moves, although some work on
tur.idge and poker has been reported. As a result, one ()b-
aths a considerable simplification on the structure on the
Partitions over the set of all play sequences. A set of
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nested subpartitions results as the representation of the
plays, and one can analyze the games in terms of trees.
Figure 1 indicates the relationship between the game tree
and the partitions on the sequences represented by them.
It also shows the kind of complications introduced by in-
complete information that makes the game tree less use-
ful for general N-person games.

Most of the analyses of games in AT have been in terms
of game trees. In these trees each node represents a class
of possible continuations of the game. However, one could
also consider the node to represent the history of past
moves. From the latter point of view, each arc of the tree
represents a move by a player. The node also restricts how
the rest of the play is allowed to continue.

Of course, two distinct histories of moves do not always
restrict the possible continuations in distinct ways. For
instance, in chess, the sequence P-K4, Kt-KB3, Kt-KB3
leads to the same situation as Kt-KB3, Kt-KB3, P-K4.
Many authors have considered it meaningful to treat the
two resulting nodes in the tree as equivalent and repre-
sented by the board configuration produced by them. This
identifies two nodes of the tree as a single node, and as a
result, the structure becomes a graph rather than a tree
(see Fig. 2). The nodes of this graph may be considered to
be represented by the configuration of pieces on the board
together with a specification as to who is on move. The
latter specification may or may not be uniquely deter-
mined by the node of the graph. Such subtleties need not
interest us here. The interested reader will find these dis-
cussions in Banerji (1980). For our purposes we shall take
the formalization where each node can be considered from
the point of view of either player being on the move.

Conway (1976, 1977; Berlekamp, Conway, and Guy,
1982) abstracts the graph away by defining a game (a
game node in the above terminology) to be given by two
sets of games (ie, game nodes), to wit the ones that one
player could reach if he was on move and the ones that the
other player could reach if the other player was on move.
As Conway would put it, "A game is an ordered pair of two
sets of games."

The Conway approach has led to the development of a
new area of nonstandard number theory and unified some
known theories of impartial games with this extended
number theory. However, so far a clear way has not been
found to use their results to develop new winning strate-
gies of known interesting games. This theory shall there-
fore not be discussed any further. However, the interested
reader is urged strongly to look into the work of Conway
and his colleagues for some extremely exciting and amus-
ing, albeit occasionally strenuous reading.

STRATEGIES

For the rest of this overview the important problem of
concern is, given a node in a given game, how does the
player on move assure a win if possible? A number of
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(a)

MI
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M8 M9 Mb O M11 M12 M13 M14

(b)

Figure 1. Game with 16 possible plays. (a) Partition representation of von Neumann and Morgen-

stern (1944). The game being with complete information, two persons, and alternate moves, the

tree representation (b) is also possible. If the second player is not allowed to know the first player's

first move, after his move he would not know where the play is and would merely have the play

localized in either the set enclosed by the dotted line in (a) or its complement. If the player on move

is determined by rules other than alternation, more subsets would appear in (a) and the simplicity

of the tree representation would be lost.

considerations arise in determining how such an assur-

ance can be obtained. First, the only decision available to

the player is the choice of a move available at the node.

The opponent's move leads the game from the resulting
node to a node where the player has to make another
choice. This choice cannot be made beforehand: until the

opponent has played, the player does not know what the

resulting node will be. The player's decision cannot be

with respect to a single move or even a sequence of moves.
He or she has to decide, not on a move, but on a method by

Figure 2. (a) Two distinct move se-
quences can determine the same con-
straint on possible continuations and
are, in that sense, "equivalent." By iden-
tifying the equivalent nodes of the game
tree, one obtains the game graph (b). In
the case of most games these equivalent
nodes do indeed represent identical
"game board configurations" (c), giving
concrete meaning to the nodes of the
graph.

Kt-KB3

Kt-K03

P-K4

(a)

M15

which, given a node, a move can be chosen. In mathemati-

cal parlance, one needs a function mapping nodes. to

moves. Such a function is called a strategy. A winning

strategy is one whose repeated application, one at each

node where a choice is needed, leads to a win whenever a

win is possible.
This concept of strategy in games has a very close rela-

tionship with the same concept in game theory as 
studied

in economics (see MINIMAX PROCEDURE). Suffice it to say 
here

that in a two-person game with complete information and

Kt-KB3

P- K4

RKtBOKB R

PPPP PPP

Kt

P

Kt

PPPPPPPP

RKtBOKB R

(c)

(b)



alternating moves the calculation of strategy (albeit still
inefficient; see above) becomes much simpler than in the
general case. The general method applied to the case of
Figure 1 would lead to the calculation of a 32 x 1024
matrix. Only the simple special case is discussed here.

If one unfolds the game graph into a tree, one obtains a
method of calculating the winning strategy by a method
that, with some modifications (see below), has remained
the only error-proof method known. The method can best
be described in terms of a recursive definition:

If the node is a leaf (end of game), the game is already
won or lost, and its value is the value of the node. No
move needs to be made.

If the node is the player's move, find the value of each
node to which one can move. Make the move that
maximizes this value. The value of the node is this
maximum value.

If the node is the opponent's move, the value of the
node is the minimum value among the nodes that
can be reached by a move.

Figure 3 shows the value of a node. The optimum play-
er's move from a node and for all the nodes reached from it
by the optimal move of each player follow the leftmost
branch sequence.

This method of evaluation and strategy construction is
called the minimax method. The trouble with this method
of finding the strategy is the amount of calculation in-
volved. Early estimates about chess revealed that such a
calculation made from the starting position of chess would
involve the generation of about 732 nodes. The most opti-
/rustic guess about the speed of calculation and space used
bY memory still yields the fact that such a calculation
Would take millenia to calculate on an impossibly large
machine.
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Thus, playing chess "optimally" is not feasible using
such a naive search technique. People do play chess well;
nobody knows if anybody has ever played optimal chess.
See Frey (1977) and Berliner (1978) for a discussion of
how machines can be made to play acceptable chess and
how it compares with human play. Some of the principles
on which optimal and suboptimal game playing can be
based are described below.

SEARCH REDUCTION: KERNELS AND EVALUATIONS

Any method of game playing has to be based on some
principle that allows one to reduce the amount of search
involved in the calculation of strategy. Such methods have
been developed both in Al and in the mathematical theo-
ries of games. The latter are described first, since the
former are somewhat more difficult to justify in any pre-
cise manner.

The set of all nodes in the game graph whose minimax
value is 1 are called the winning nodes and the others the
losing nodes (for the time being, draws are not consid-
ered). The minimax principle can be stated in terms of
these sets of nodes: a node is winning if there is at least
one node connected to it that is a losing node; a node is
losing if all the nodes connected to it are winning nodes;
and terminal nodes are winning if their value is 1.

Consider the property of being winning. Of course,
every leaf node of the game tree (terminal node of the
game graph) has this property if its value is 1. Also, if a
node lacks this property, every node connected to it has
this property. Again, each node having this property is
connected to at least one node lacking this property.

It can be seen that if a property of nodes, which is easy
to calculate, is shared by all leaf nodes with value 1 and
has the above characteristics, the nodes having the prop-
erty are precisely the winning nodes. Having minimax

MIN

Figure 3. Minimax value of nodes in a
game tree. The leaves are evaluated by
some intermediate evaluation func-
tion. The leaves whose values are en-
closed in circles are the only ones that
need to be evaluated by an alpha-beta
algorithm.
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value 1 at a player's move is one such property. However,

to check this property, one has to search the whole game

tree. In many special games, however, these properties

can be calculated in terms of the board configuration in

the node itself or just of a few nearby nodes.

A standard example is the following simple take-away

game played in elementary school mathematics classes.

There is a pile of sticks on the table. Each player in his

turn removes at least one and no more than three sticks

from the pile. The first player who cannot move (ie, faces

an empty table) loses. It is clear that a player can win if he

is on move and there are three or less (ie, less than four)

sticks on the table. Such positions can be considered leaf

nodes with value 1. If there are four sticks on the table,

the player on move has to leave less than four and at least

one stick. Hence the node with four sticks is a losing node.

Induction readily shows that any node with a multiple of

four sticks is losing and the rest are winning.

There is thus no need to do a minimax calculation

when playing this game: if the player on the move does

not have a multiple of four sticks on the table, he or she

can reduce the number of sticks to a multiple of four, and

the opponent cannot but return him or her to a node

where the number of sticks is not a multiple of four.

Kernels

There are games where the winning nodes and winning

strategies can be identified without search. The class of

such games is not a trivial one: various rather complicated

(but efficient) techniques are known for calculation of the

values of nodes in such games. See Baneiji (1980) and

Berlekamp and co-workers, 1982 for many examples. In

what follows, the technical term kernel calculation means

the calculation of winning and losing nodes. (In precise

terms, the losing nodes are said to form the kernel of the

game graph.)
Such techniques, often called knowledge-based tech-

niques in Al, have also been developed (albeit with lesser

success and precision) for chess, yielding methods inde-

pendent of minimax. See Pitrat (1977) and Bratko (1984)

for examples.
The minimax technique "beats" this class of methods in

one way, of course. Minimax works for all games. These
game-specific methods work only when someone is clever
enough to describe the winning nodes. What one needs is
some method whereby the computer, given the description

of the game, can develop the description of the set of win-
ning nodes by itself. Samuel's checkers-playing program
(qv) (1959) succeeded in doing this to an extent, and other
programs have achieved similar successes (see below).

There are times when one can approximate the calcula-
tion of winning nodes. The method for one such calcula-
tion was developed by Koffman (1968) and by Citrenbaum
(1972) for another wide class of games which, for want of
any better name, is called positional. These include such

trivial games as tic-tac-toe and more difficult games like
Hex and Go-Moku. The game 4 x 4 x 4 tic-tac-toe ("Qu-
bic," as it is often called) is another nontrivial member of
this class.

The major strategy for this class of games is the forma-

tion of forks. Indeed, in some sense any winning node in

any game is a fork, but in the positional class of games the

fork has a clear visual significance that can be very effi-

ciently represented in a computer. The most elementary

fork, of course, is when one encounters a board position

like that in Figure 4. There are two lines of squares each

of which has two empty squares, one of which is common

to the two lines. In his turn, X can play at this common

intersection and produce two potentially winning lines,

and the opponent cannot block both.
The concept of a force can be pushed back much fur-

ther; 14 or 15 move deep forces of this nature can be recog-

nized on a go-moku board just by the configuration 
of

pieces alone (1967). Without going into the depths of the

discussion of the data representation needed to do this

(Baneiji, 1980), the reader is asked to convince himself

that the empty board in 3 x 3 x 3 tic-tac-toe is a forcing

configuration: the player on move can assure himself of 
a

win just by playing at the center.
The trouble with the Koffman—Citrenbaum technique

(1968, 1972) for recognizing forces was that some deep

forces could be upset if one of the defensive moves of the

opponent posed a direct threat to the attacking 
player..

The calculation of the winning nodes is thus only appr0X1-

mate in their method. A node recognized to be only 
three

moves away from a win may be further away or even not

be a winning move. Thus, the calculation has to be 
backed

up by some search (albeit not a minimax search) of 
the

game tree.

Evaluations

Many approximate measures of the "goodness" of a Posi-

tion (with "goodness" not necessarily defined in terms of

kernels as above) have been suggested for various games.

In most cases this has been done with the purpose of 
sim-

plifying the minimax search for games. The 
arguments

that have led to such efforts at simplification are as 
fol-

lows.
Consider the case where there is a method for finding

whether a node is winning just by looking at the 
board

configuration. In such a case, if a node is given the 
value

p
.1

if it is winning and 0 if it is losing, this "static" value 
viri

be the same as its minimax value. On the other han
d, tf

nothing is known as to whether a node is winning or 
los-

(a) (b)

Figure 4. (a) Simple fork in tic-tac-toe. The two lines sliew,°

dotted each have two empty cells, and they intersect in an emPLY

square where the forcing move is to be made. Graph (b) 
expresses

the same fact. The two circles stand for the two lines (the not'

bers indicating the number of empty cells). The empty inters
`a
,c;

tion is the solid node. Graph (b) describes not just the figure 

but many other strategically equivalent positions.



ing, a minimax search done to the end of the game also
leads to the determination as to whether a node is win-
ning. This seems to indicate that if one has a very good
evaluation for a node, very shallow minimax is needed to
determine whether a node is winning; conversely, if there
is a very bad evaluation available for a node (eg, no evalu-
ation at all), a very deep minimax is needed. One can
make a very unsophisticated interpolation from this that
seems to indicate that it is possible to get a good idea as to
whether a node is winning even if there is an imperfect
evaluation function but the minimax on it is deep enough.

This has led to some extensive experimentation with
game-playing programs along the following lines. Given a
game to play with a computer, the researcher uses his own
intuition and the literature on the specific game to decide
a method for attaching a value to the nodes in such a way
the most winning nodes have a higher value than most
losing nodes. One then chooses the "best" move at a node
as follows: one considers all the moves one can make and
then all the moves an opponent can make from each of the
resulting nodes. A part of the game tree is produced this
way by alternating these "expansions" of nodes to a cer-
tain depth. The leaves of the resulting tree are then evalu-
ated by calculating the static evaluation function. These
values are then propagated "up the tree" by minimax to
obtain the best move at the node.

Such evaluations have been found useful in construct-
ing game-playing programs in some cases, although thereis very little known as to why this is so (see below). How-
ever, the general experience has been that the techniqueis useful only when the depth of the tree is chosen care-
fullY. It may even be that certain parts of the search tree
Should be explored deeper than some other parts. For a
thorough discussion of the strengths and weaknesses of
such procedures, see Berliner (1978), Jackson (1974), and
Rion (1983). Only one such technique is given here.

This technique deals with the concept of "stability" of a
Position and is relevant to games like chess and checkers.
The basic idea is that one should not evaluate a board
Position in the middle of a major skirmish, where pieces
are being exchanged by a sequence of kills. In a part of the
game tree where this is happening, it is better to explorethe tree until the end of the skirmish, so the evaluation
fnnction does not oscillate violently. At the resulting posi-
tion, the evaluation can be expected to be stable.
, This technique is not foolproof since an apparently sta-
,131e position can be hiding a threat that can be pushed
back due to irrelevant but powerful moves demanding an-

So the threat (on the part of either player) can
remain invisible. For a discussion of this so-called horizon
effect, see Berliner (1978) (see also HORIZON EFFECT).
Many of the game-playing programs augment the

111.1111max evaluation with a static evaluation of moveswith respect to their relevance to a position. For instance,
°Ile may not want to consider moving a rook's pawn while

re is busily engaged building up one's forces at the center°I the board. Pruning away the branches of the game tree
ekes the tree grow at a smaller rate, so that greater

'depths can be explored.
„Three distinct heuristics (qv) are being suggested atis Point: one for choosing the intermediate evaluation,

GAME PLAYING 547

one for choosing the depth at which the evaluation is to be
made, and one for pruning the search. How the accuracies
of the three different heuristics co-operate to increase the
accuracy of the final evaluation, indeed what one means
by "accuracy" in the case of depth limitation, is not
known. All one knows is that if the pruning heuristic is
exact, it alone suffices to determine a winning strategy.

Meanwhile, there is always an effort to make the mini-
max search as deep as resources permit, the conventional
wisdom being the argument given a few paragraphs ear-
lier. We shall have occasion for discussing this conven-
tional wisdom again later. However, we should mention
another game-independent technique that allows one to
increase the depth of search by avoiding the evaluation of
every "leaf" at the end of the specified depth of search.
This method, known as the alpha-beta search in the liter-
ature (Rich, 1983; Knuth and Moore, 1975) was infor-
mally suggested by Simon, Newell, and Shaw (1958) and
placed 011 a formal basis by McCarthy (see ALPHA-BETA
PRUNING). In Figure 3 the circled leaves of the tree are the
only ones that would be evaluated by an alpha-beta proce-
dure. In recent years a number of improvements on the
alpha-beta pruning technique have been suggested
(Baudet, 1978; Stockman, 1979; Pearl, 1980).

The popular line of attack on games has been on im-
proving intermediate static evaluation of positions and
efforts made at deepening the minimax by the use of some
ad hoc pruning strategies and by some formal pruning
techniques like alpha-beta. It has not been terribly popu-
lar to ask questions like, "Why is it better to minimax on
static evaluations than to use the evaluation directly in
choosing a move?" or "How can one judge the effectiveness
of a static evaluation?" Nevertheless, efforts have been
made to face these questions.

A DISTURBING RESULT: THE IMPORTANCE OF
EVALUATION AND LEARNING

Results obtained by Nau (1983a) seem to confirm (as
hinted by all that has gone above) that success at game
playing is guaranteed only if one can find automatic meth-
ods for calculating kernels (ie, finding good static evalua-
tion). Efforts at finding more efficient methods of mini-
maxing may be the wrong approach to writing strong
game-playing programs.

Nau's result can be paraphrased by saying that if one
has an imperfect evaluation function, in a large class of
games the quality of the evaluation function deteriorates
rather than improves with minimaxing, and its use leads
to lower probability of winning than would have if the
evaluation function was used directly.

Since the result is counterintuitive and since many
game-playing programs (especially in the case of chess)
seem to yield greater strength the deeper the minimaxing
goes, there is need to understand what Nau's class of
games consist of and why chess does not seem to belong to
this class. A number of efforts (Nau, 1983b; Pearl, 1980)
have shed light on this question.

In those cases where Nau's results apply, however, it
seems futile to use approximate evaluation functions and
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deep search: the only hope seems to be in the use of exact

determination of the kernel. Unfortunately, no one knows

any general method to find them. The fact that intuitive

methods are inadequate is already obvious. The case

where mathematically solid methods have succeeded, on

the other hand, have not been very general or exciting.

Also, the realization has remained that these methods

were by themselves the product of hard and sustained

human analysis. The automation of such analysis, then,

becomes the real challenge. No easy shortcut around this

challenge is available, as any consideration of past history

would show.
Another difficult question that arises is one on the na-

ture of approximate strategies. After all, human game

playing has always been based on such approximations.

Nau's results seem to indicate that minimaxing does not

guarantee improved approximations. It is not known,

given an approximate (in some sense) evaluation, to what

extent games played on their basis approximate wins.

More precisely, if an evaluation function predicts winning

positions with 80% correctness, would a person using a

strategy based on it win 80% of the games or would he win

10% of the games?
Pearl (Nau, 1983b) has suggested that perhaps one can

skirt the question raised by Nau's results by bypassing

minimaxing as a method of move choice. Instead, he sug-

gests that one consider the evaluation as a measure of the

probability of a win. So if pi , p2, . . . are the probabilities

of win of the nodes reachable from a given node, the proba-

bility of win of the node itself, instead of being the maxi-

mum of pi , p2, . . . would be

1 — (1 — pi)(1 — p2), • • •

The consequence of this suggestion on the previous ques-

tions apparently has not been analyzed.

Meanwhile, in relation to the search for better evalua-

tion functions, there have been some successful experi-

mentations done with the automatic development of eval-

uation functions.

Learning

So far as present intuition goes, there are two possible

ways one can go about developing kernel descriptions or

evaluations on the basis of the description of a game. One

can use deduction. One can, if one knows that in go-moku

one can win by making five in a row, figure out that two

simultaneous four in a rows would be impossible to beat.

Such deductive techniques have not been tried in the field

so far. Alternatively, one could develop the description of

good strategies by making generalization from experi-

ence. A technique that was tried in the very early days of

AT was for the computer to "remember" the positions that

lead to a win for either player. In so far as such a large set

can be remembered, this is a perfectly reasonable way of

going about the business. Good performance can be ob-

tained if one can develop an encoding method that would

enable the storing of a large list of positions. The method

becomes inadequate against strong players, however,

even in such comparatively simple games like three-

dimensional tic-tac-toe.

What is needed here is not a method of encoding indi-

vidual nodes so that they can be listed and accessed easily,

but a method by which one can describe sets of nodes in

implicit form, that is, be developing descriptions for them

in some language. The importance of language to facili-

tate description has been discussed at some depth in pat-

tern recognition (qv) literature (occasionally under the

presently popular term "learning") (Banerji, 1980; Mitch-

ell, 1983). Learning (qv) techniques of various kinds are

also known. Two techniques by which strategies have

been learned on the basis of game experience are de-

scribed below.
It may be significant that in both these techniques the

basis for the learning has not been pure experience but a

reliance on the formal definition of a kernel. It will be

recalled that one of the important properties of a winning

position is that its minimax value and its static value are

the same. The basis of Samuel's checker-playing program

was a learning technique where the description was mo
di-

fied any time the minimax and the static value were 
not

close enough. The description language chosen was 
one

that gained great popularity at the time through the inde-

pendently described perceptron (qv) (Rosenblatt, 1959;

Minsky and Papert, 1969).
Given a node in checkers, certain measurements 

were

made on the board configuration to yield numerical 
values

for such concepts as mobility, center control, material 
bal-

ance, and so on. A linear combination of these 
numbers

was taken as the value of the node. The learning done by
Samuel's program consisted of modifying the 

coefficients

of this linear combination so that the static and minim'

values of nodes came to be close to one another. The evalu-

ation so obtained would satisfy one property of an evalua-

tion function leading to a kernel. The other property, that,

is, that the value should be high for winning positions 
and

low for losing positions, was not confirmed. Also, 
there

was no assurance that the technique used for modifying

the coefficients would lead to convergence; as a 
matter of

fact, there was a good bit of oscillation in the values found.

Also, it was not clear that the kernel would be a linearly

separable function of the measurements performed.

The fact remains, however, that the program plaYed

checkers very well after a period of learning. Efforts were

°I

later made (Samuel, 1985) to improve the learning 
Perfor-

mance by the use of a technique that had been used 
previ-_

ously in the field of pattern recognition under the 
name of

learning logical descriptions (Banerji, 1985). This 
tech-

nique has been discussed quite a bit in the 
literature in

recent times (Valiant, 1984). It seems that the 
expressi

rn 

ve

abil ity of the descriptions learned is somewhat easY

control: one can trade expressive power for efficiencY 
ta,

learning. However, if the basic measurements used in 
con:

structing descriptions is well suited, both efficiency and

expressive power can be obtained.
The effect of a good choice of language was denial'

strated very well in the late sixties in the work of Koffman

(1968), whose program learned approximations to the
 ker-e

nels of positional games in stages. Also, the nature 
of th.e

approximation was clearly understood: any winning had„

would satisfy the approximate description, but 
not

nodes satisfying the approximate description would 
be

winning node. However, the reason for this discrepaacY



was well understood so that once a node satisfied the ap-
proximate description, one could determine with a very
limited search of the game tree as to whether the node was
winning.
The nature of the descriptions has been indicated above

in connection with positional games. The basic measure-
ments of the language consisted of looking at the winning
Paths on the board (eg, row, columns, and diagonals at
every plane of Qubic) and noting which of these were un-
obstructed by the opponent and among these the number
of empty squares on each and which of the paths had
empty intersections. Figure 5 indicates a seven deep force
in the language and two of its interpretations on a plane of
the Qubic board. It will be noticed that the two positions
Cannot be obtained one from the other by any symmetry of
the board. The basic measurements have yielded a lan-
guage of considerable power.
The design of the language in the sixties could not be

automatic. The problem of learning, whether in games or
any other activity, lies with discovering the basic mea-
surements. Until very recently, no method was known for
the automatic discovery for such measurements. Some re-
cent work on problem solving (qv) (Ernst and Goldstein,
1982; Mitchell, 1983) has thrown some light on learning.
The following were developed in the study of problem-
solving: a class of nodes exists on problem graphs that has
a clear analogy with the winning nodes of game graphs.
Languages have been automatically developed for writing
easy descriptions for these nodes. A program developed by
Ernst and Goldstein (1982) has been effective also in dis-
covering the similarity between a given game and games
With known winning strategies. The interested reader is
referred to the literature on problem solving and learning
for details.

SUMMARY

In this article, a number of concepts that are of impor-
tance in research on game-playing programs have been

A#ef'f0 0 0 0 0 0
(a)

X

X

X

(b)

th'"re 5. (a) Description of a five deep force in positional games;
„-Te language is identical to the one used in Figure 4a. (b) Two
;alias on a qubic (three-dimensional tic-tac-toe) board which
„ueY the description. The reader is encouraged to work through
e force. Notice that the two positions are not symmetrical with

°Ile another.
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elucidated. Concepts of game graphs and game trees have
been introduced as well as the idea of evaluating a posi-
tion by complete search of game trees. Due to the prohibi-
tive amount of computation involved in such evaluation,
one is forced to introduce the idea of shallow search and
intermediate evaluations. Precise discussions have been
included to explain when such an evaluation can be con-
sidered useful. The difficulties in the way of improving a
bad evaluation have been indicated. Programs have been
described that in the past could develop such evaluations
from experience. These learning have been heavily depen-
dent on the quality of the language used in these evalua-
tions. Recent work on automatic modification of lan-
guages by definition have been mentioned.
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