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Abstract

This paper explores memory-based approaches to learn-
ing games. The learning element stores evaluated posi-
tions for future use. A deterministic game (checkers) and
a stochastic game (backgammon) are being used as test
cases for these approaches.

1 Introduction

Inspired by the success of TD-Gammon (Tesauro 1993),
we are trying to understand the range of learning ap-
proaches that will work on difficult planning problems
such as playing backgammon and checkers. One issue we
are focusing on is understanding the spectrum of global
and local representations. TD-Gammon uses a relatively
global representation. The most extreme form of global
representation would use a single model for all positions.
TD-Gammon uses a small number of models (represented
using neural networks) for different phases of the game, so
it is not quite on the edge of the global-local representa-
tion spectrum. By global we mean the following: a small
number of models are used, the neural networks (models)
each have a small number of adjustable parameters, each
piece of new information can affect all of the parameters
for the corresponding network or model, and each predic-
tion of the value of a position can depend on all of the
parameters for a particular network or model as well.

Endgame databases and transposition tables are at
the local end of the global-local representation spectrum.
Individual positions and their values are stored in a
database. The only generalization that is performed is
due to the expansion of the evaluation tree. Stored posi-
tions affect the value of positions being evaluated only if
those stored positions can be reached by a series of moves
from the positions being evaluated. Endgame databases
are currently often formed by exhaustively evaluating cer-
tain classes of positions, such as KPK in chess (Decker et
a11990) or six men left (checkers and/or kings) in checkers
(Schaeffer et al 1992). Transposition tables are currently
often used during the evaluation of a single position, and
after the evaluation of that position is terminated the
transposition table is typically discarded.

This paper explores local approaches to learning to play

games. One motivation for this research is the feeling that
global representations cannot represent the full detail of
the true value function for a complex game such as check-
ers, backgammon, or chess. Tesauro states "The only
thing which prevents TD-Gammon from genuinely equal-
ing world-class human play is that it still makes minor,
practically inconsequential technical errors in its endgame
play" (Tesauro 1993). Clearly, an endgame database
would eliminate this problem. Perhaps local representa-
tions could also improve TD-Gammon’s play throughout
the game.

2 Related Work

Previous attempts to utilize local learning date back
to Samuel’s rote learning method (Samuel 1959) 
which positions and the corresponding correct moves were
stored. De 3ong and Schultz (1988) provide a more recent
example of a local learning approach (applied to Othello).
Constructive solutions of games are usually based on a
complete exploration of the evaluation tree, resulting in
a database of positions and their corresponding values.
Tic-tac-toe, Connect 4, and double dummy bridge have
been solved in this way (Levy and Beal 1989).

Memory-based modeling has a long history. Ap-
proaches which represent previous experiences directly
and use a similar experience or similar experiences to
form a local model are often referred to as nearest neigh-
bor or k-nearest neighbor approaches. Local models
(often polynomials) have been used for many years 
smooth time series (Sheppard 1912, Sherriff 1920, Whit-
taker and Robinson 1924, Macauley 1931) and interpo-
late and extrapolate from limited data. Eubank (1988)
surveys the use of nearest neighbor estimators in non-
parametric regression. Lancaster and ~alkauskas (1986)
refer to nearest neighbor approaches as "moving least
squares" and survey their use in fitting surfaces to data.
Farmer and Sidorowich (1988a, 1988b) survey the use 
nearest neighbor and local model approaches in modeling
chaotic dynamic systems. Cleveland, Devlin and Grosse
(1988) analyze the statistical properties of local model ap-
proaches and Cleveland and Devlin (1988) show examples
of their use.

An early use of direct storage of experience was in pat-
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tern recognition (surveyed by Dasarathy (1991)). Fix 
Hodges (1951, 1952) suggested that a new pattern could
be classified by searching for similar patterns among a set
of stored patterns, and using the categories of the simi-
lar patterns to classify the new pattern. Steinbuch and
Taylor proposed a neural network implementation of the
direct storage of experience and nearest-neighbor search
process for pattern recognition (Steinbuch 1961, Taylor
1959), and pointed out that this approach could be used
for control (Steinbuch and Piske 1963). Stanfill and Waltz
(1986) coined the term memory-based and proposed using
directly stored experience to learn pronunciation, using
a Connection Machine and parallel search to find rele-
vant experience. They have also applied their approach
to medical diagnosis (Waltz 1987) and protein structure
prediction. Aha et al (1991) describe related approaches.

3 Issues In
Learning

Memory-Based

One way to envision the issues involved in a local learning
approach is to ask what would happen if a transposition
table was maintained as a permanent database? How
could one guarantee that the stored evaluations were al-
ways improved, if the evaluations were based on a lim-
ited depth search guided by changing heuristics and ap-
proximate evaluation functions? How can we decide what
to remember and what to forget, given limited memory
resources? How far should one extrapolate values from
stored positions to predict values for similar positions?
What distance metric should be used to compute similar-
ity? What are the interactions and tradeoffs between gen-
eralization based on similarity and generalization based
on the evaluation tree?

Given the range of design choices in designing a local
learning approach to games, we have decided to explore
the global-local spectrum starting at the far edge of the
local end. Values for specific positions are remembered,
only exact values are stored, and no generalization based
on similarity is used. More "globalness" will be incorpo-
rated as the local learning algorithms reach performance
limits or we run out of memory or computer time. Vari-
ous forms of similarity based generalization will then be
explored.

Another research approach we could have taken would
be to start with a successful global approach such as TD-
Gammon and add corrections to its representation of the
value function using additional local representations. One
could "correct" move choices or values of positions not ac-
curately generated by the global representation. We have
not pursued this route, although it is a very reasonable
approach to take. We also note that a large database of
evaluated positions is an excellent addition to the train-
ing set for a global learning approach, and can also be
used for discovering or selecting features to be used in
heuristic evaluation functions.

To dispell fears that a local approach is hopeless due

to the number of positions that need to be stored, let
us crudely calculate the number of stored evaluated po-
sitions needed to force a 1 ply evaluator to follow the
optimal game path. Let us initially assume we have a co-
operative opponent who always chooses an optimal move
and that for each set of possible moves there is a single
best move. In that case each player chooses between B
moves (B being the branching factor) at each point in 
deterministic game. If the game lasts for L moves, the
number of moves evaluated and positions looked up in
the database is BL. If there are W best moves with the
same value at each position then BLWL positions need
to be stored. A player can resolve the choice between its
best moves in a fixed way, but it is unlikely the opponent
will be that cooperative, so this estimate can be reduced
to BLWL/2. If there is a random element before each
move (such as R possible outcomes of a roll of the dice)
then an estimate of the number of positions that need to
be stored is BLRL.

All of these estimates assume the opponent is 1) un-
aware of the limited memory of the player, and 2) an
optimal player. Neither of these assumptions may be
true. However, for the opponent to change the path of
the game, the opponent must make a non-optimal move
(or a sequence of non-optimal moves). The amount that
these moves are non-optimal is controlled by the cover-
age of the database. A value threshold can be chosen to
determine which suboptimal game paths are also stored.
If we assume a fixed distribution of move values from any
position, the threshold will select T moves at each posi-
tion to be explored, leading to BLTL/2 positions looked
up in the database. If the opponent succeeds in moving
the game outside the expertise of the database, we ex-
pect a more global representation such as TD-Gammon
to be able to take advantage of the non-optimal opponent
moves.

Given the exponential dependence of some of these esti-
mates on the length of the game remaining, it may be the
case that local learning will be most useful in midgames
and endgames (local representations are already success-
ful in many endgnmes in checkers and chess). It is also im-
portant to keep in mind that a powerful search algorithm
similar to what is currently used in chess and checkers
will be used in combination with the position database.
(Current backgammon programs search 2 ply, our pro-
gram based on a local representation routinely searches
up to 8 ply in endgame positions). This may dramatically
reduce the number of positions that need to be stored for
expert play (Schaeffer et al 1992 hope to solve checkers by
combining an endgame database with powerful search).

Local learning approaches may still be hopeless, how-
ever, when one considers the amount of computation
needed to find and evaluate the positions along the opti-
mal game paths that will be stored in the final database.
Here, we make use of the same trick used in many global
learning programs. We only "train" on positions seen in
actual games and positions explored during the evalua-
tion of those game positions. This approach allows us to
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take advantage of expert play by human or computer, and
focus attention and memory resources on positions that
occur during expert play. We are no longer representing
optimal game paths, but only expert game paths.

We use additional tricks to limit the number of posi-
tions that are stored. If a function that bounds the value
of an unevaluated position is available, these bounds can
be used to eliminate this position from consideration in
the database building process. Any heuristic evaluator
can be used to guide game tree search to minimize the
number of positions stored in a
alpha-beta algorithm allows us
evaluation tree. So far, we have
sitions. In the future we plan to
resulting from best moves (the

similar way to how the
to ignore portions of a
stored all evaluated po-
store only the positions
best of all legal moves

from a given position). We hope to use the technology of
limited rationality (Russell and Wefald 1991, Banm and
Smith 1993) to help decide what is worth computing, and
what is worth remembering. Schaeffer et al (1992) point
out that it is sometimes cheaper to run length encode
a complete database for a class of positions rather than
to encode a limited number of positions from the same
class, even when the sparse database represents the er-
rors of a parametric evaluation function fit to the com-
plete database. We do not expect this to be generally
true, but we will use exhaustive databases for classes of
positions which can be compactly represented in this way.

4 A 4x4 checkers game

As a simple initial example we explored a 4x4 checkers
game, with each side having two pieces. Considering the
possibility that pieces can be promoted to kings, there are
10,836 possible positions. We fully evaluated the starting
position, using a minimax value propagation algorithm.
Simple pruning algorithms of the following form were used
to restrict the search. If a move to a winning position is
found, then the value of the initial position is a win, that
of the parent position is a loss, and no further evalua-
tion of that parent position or its descendents need be
done. The search was terminated when no new positions
were generated by any moves from any positions. 3133
positions were evaluated in the complete game tree, 1706
of these positions were unique, and the search reached a
depth of 36 ply.

We constructed an optimal player using a local repre-
sentation. The optimal player used a 1 ply evaluator, and
the storage control strategy was that the optimal player
used a fixed choice of moves so that only one of the best
moves had to be stored, while the opponent could choose
from any of its best moves, so that all the best opponent
moves had to be stored. In the case where the optimal
player moved first, the values of 111 positions had to be
stored in the local representation. This number would
have been reduced if the value of the game was a win or a
loss rather than a draw. In any event, for the opponent to
guide play out of the database of 111 positions, the oppo-

nent would have had to make a losing move. In this simple
example there is almost a square root reduction from the
size of an exhaustive database (10,836 positions) to the
size of the database needed for an optimal player (on the
order of 100 positions). It is an empirical question as to
whether this kind of reduction will hold for more complex
games.

5 An endgame database for
backgammon

We are in the process of generating an endgame database
for backgammon. We are currently focusing on positions
in which both players are bearing off (2,944,473,169 pos-
sible positions). Candidate positions to be included in
the database are generated by self play using a linear
heuristic evaluation function, Tesanro’s pubeval (Tesauro,
personal communication). These positions are evaluated
using a minimax search with a fixed number of evalua-
tions. Any position whose value is known exactly after
that search is stored. Approximate values for positions
are used to guide the search, and bounds on the values
of the positions are used to provide early cutoff. The
approximate and bounding values are propagated along
with the known values in the game tree. Approximate
values are derived by comparing the probability distri-
butions of two players trying to independently minimize
the expected number of rolls until their pieces are off the
board. This heuristic was taken from Berliner’s BKG pro-
gram. Bounds on the value of a particular position were
taken in the following way. A worst case for a player is if
that player follows a suboptimal strategy, while the oppo-
nent plays a superoptimal strategy, and an upper bound
on the value of a position is provided by calculating the
expected outcome of a superoptimal strategy against a
suboptimal strategy. The probability distributions of the
number of rolls until one player is off the board for each
of these strategies were compared to produce a bound on
the expected value of a position. The suboptimal strat-
egy used was to minimize the expected number of rolls
until all pieces are off the board, independent of the other
players actions. The superoptimal strategy used was to
maximize the probability of bearing all pieces off, know-
ing in advance the number of rolls left in the game. This
strategy is better than any optimal strategy, but it re-
quires knowledge that is not available during play. These
approximations and bounds can be applied to more gen-
eral race positions, but it is not yet clear how to bound
the value of contact positions.

The position database is still being built, and we will
provide a crude evaluation of its performance here. Cur-
rently the database consists of 28,835,746 evaluated posi-
tions. No attempt has been made to prune this database
of unnecessary positions. A test set (not used in the con-
struction of the database) of the first mutual bearoff po-
sitions encountered in games was generated. The test
set contained 327 positions. 127 of these positions could
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be evaluated exactly using the bounds or using 1 ply
search. Without using the database, and using search
trees built using 50,000 position expansions (move gener-
ation and evaluation) 14 of the remaining positions were
evaluated to an exact value. Successful searches went as
deep as 8 ply, and unsuccessful searches went as deep as
17 ply. This measures the usefulness of the approxima-
tions and bounds described previously independently of
the database. Using the database, and reducing the num-
ber of position expansions to 10,000 resulted in 81 posi-
tions being evaluated to an exact value, in addition to the
127 immediate evaluations. Successful searches went as
deep as 8 ply, and unsuccessful searches went as deep as
14 ply.

6 Conclusions

In some ways the extremely local representational ap-
proach we are taking is old, and in some ways it is quite
new. Samuel used stored positions in 1959, and endgame
databases and transposition tables have been around a
long time. On the other hand, our goal is to store evalu-
ated midgame positions on a massive scale. We are cur-
rently using 8 bytes to store a position and its value. Us-
ing this crude storage scheme 109 positions can be stored
on a $10,000 disk drive (or less). We intend to combine
this with a search engine that is capable of searching 1
million positions/second. This will require the develop-
ment of new search algorithms, as stored positions will
provide early cutoffs of portions of the search, and it may
be the case that directing the search towards areas of ex-
pertise (islands of knowledge) and away from positions
that are typically not in the database (seas of ignorance)
may be more useful than a completely forward driven
search. It is not clear how to optimally combine a heuris-
tic evaluation function with this search process, or how
to optimally generate or learn an evaluation function us-
ing the information in the database. A large number of
empirical questions lie ahead as to whether this approach
will prove to be useful.
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