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Abstract. This paper demonstrates the use of pattern-w eights in or-
der to develop a strategy for an automated player of a non-cooperative
version of the game of Diplomacy. Diplomacy is a multi-pla yer, zero-
sum and simultaneous move game with imperfect information. Pattern-
weights represent stored knowledge of various aspects of a game that are
learned through experience.An automated computer player is developed
without any initial strategy and is able to learn important strategic as-
pects of the gamethrough self-play by storing pattern-w eights and using
temporal di�erence learning.

1 In tro duction

Automated computer players have been designed for many games including
chess, backgammon, Go and card games such as bridge. For games such as
chessand backgammon, the best computer programscan play at the level of the
best humans. However, programs for gamessuch as Go can be beaten handily
by human players [1]. Typically, computer players can beat human players in
gameswhere the branching factor of the search spaceis small. The approaches
for creating computerized players vary and can be categorizedas follows: brute
force searching approaches, learning approaches,knowledgeapproaches.

The game of Diplomacy was chosen due to its unique combination of fea-
tures and di�cult y of computerized play. Diplomacy is a multi-pla yer, zero-sum
and simultaneous move gamewith imperfect information. Past attempts at de-
veloping an automated player have applied the searching approach and the ex-
pert knowledge approach in order to develop a game strategy. In this paper, a
strategy for game play is developed automatically through self-play of a non-
cooperative version of Diplomacy. A learning-basedapproach was taken rather
than a search-based approach becausethe tremendous search space makes a
purely search-basedapproach intractable. Rules of the gameand descriptions of
the state of the game were added as knowledgewithout assigningany value to



these features. The automated player then extracted the important features of
the gameand generateda strategy for playing. This strategy was then used to
generatestarting movesin a game,which werethen comparedto a human-expert
created opening book basedon tournament play.

Gameswere played utilizing a databaseof knowledgethat was consulted for
decision-makingon every turn. Partial state information wasstored in a structure
called a pattern-weight pair [2]. For each move, the automated player searched
the databasefor partial state information that best matched the current state,
then calculated the best move from that state. Oncea gamehad beencompleted,
temporal di�erence learning was applied to the pattern-weights and the process
was repeated.

We choseto implement a non-cooperative version of the gamewhere players
do not form allianceswith each other. Real gamesof Diplomacy typically involve
cooperative strategies and negotiation tactics between players. Our simpli�ed
version of the gamefocusseson the strategic aspects of position and movement.
Ultimately , a negotiating agent would need to be coupled with our automated
player in order for our automated player to compete in real tournament play.
However, a negotiating agent would utilize the information from this automated
player in order to determine the bene�ts of a proposedcooperative strategy.

1.1 Rules of Diplomacy

Diplomacy is a seven-player board game that is based on the struggle of the
major Europeanpowersduring World War I. The countries played are: England,
France, Germany, Russia, Italy , Austria-Hungary and Turkey [3].

Game Board. The board consistsof seventy-three adjacent provincesand each
player starts with pieces representing military units in their respective home
countries. Thirt y-�v e of the seventy provinces on the board are called supply
centers (seeAppendix A, Fig. 2). The object of the gameis to control eighteen
of the thirt y-�v e supply centers. A player will have as many pieceson the board
ashe owns supply centers. A supply center is acquiredby moving a piecefrom an
adjacent province to the supply center. The gameadvancesby years,starting in
1901.There are three di�eren t turns every year: spring, fall and winter. Supply
centers are owned if they are occupied after the fall turn. During the winter
turn, additional units are built in the players' home country and then the turns
advanceto the subsequent year. No movesare made during the winter turn.

Pieces. Piecesare represented asoneof two typesof military units: armiesand

eets. Fleets are allowed to move acrossbodies of water and coastal provinces,
while armiescan move onto any adjacent land province. Both typesof units have
equal strength in the game.

Actions and Orders. On each spring or fall turn, a piece can be ordered to
perform one of the following actions: move, hold or support . A move order will



transport a piece from one province to an adjacent province. A hold order will
keep the piece in its current location. A support order will assist another piece
that is moving from one province to a province adjacent to the pieceexecuting
the support order. This assistanceallows the moving piece to take control of a
province during con
ict situations as described below.

Fleets are also allowed to order a convoy action, which transports the army
pieceacrossthe body of water that is occupiedby the 
eet to any coastalprovince
adjacent to that body of water. This is the only exception to the rule that states
that piecesmay only move one province at a time.

Game Pla y. A face-to-facegame of Diplomacy involves a negotiation period
during each turn of approximately 30 minutes where players attempt to gain
the trust and cooperation of the other players. Players meet with each other
in private rooms to discusscollaborative strategy and to establish alliances.Al-
liancescan be made so as to coordinate the movesof each player's countries, as
well as to de�ne 'demilitarized zones' (DMZs) which are provinces deliberately
kept unoccupied by both players. Once the 30 minutes has expired, each player
secretly writes their actions on a piece of paper and the actions are resolved
simultaneously. The following is an example of a set of orders for the French
player for the initial turn:

Fleet in Brest to Mid-Atlantic Ocean
Army in Marseilles to Piedmont
Army in Paris to Burgundy

Sim ultaneous Mo ves and Stando�s. Sincethe movesare recordedin secret,
no player knows the movesof the other players until after they have committed
to their movesfor the turn. This di�ers from turn-based gameswherethe current
state of the game and subsequent state after applying the operators is known.
In addition, the simultaneous resolution of movescreatespotential con
icts, as
two piecesmay move into the sameprovince. In order to resolve con
icts, pieces
that move into the sameprovince createa stando�, whereboth piecesremain in
their original provinces and do not move. This, in turn, could create additional
stando�s, as piecesmoving into the provinces of the piecesthat were involved
in a stando� would also generatea stando�, thus a single stand-o� could create
a chain of multiple stando�s.

Supp orts and Co operation. A stando� may be overcomewith the aid of a
third piece that is not involved in the stando�. This piece issuesa support ac-
tion which e�ectiv ely aids the movement of one of the piecesinto the contested
province. This support action givesthe moving piecethe additional strength nec-
essaryto usurp an occupiedprovince, or to win a contest betweenanother piece
moving into the sameprovince. However, if each piece moving into a province
is subsequently supported by another piece, then another stando� is created.



Table 1. Averagenumber of moves

Type of Units Avg. No. of Avg. No. of Avg. No. of Avg. No. of
Moves Supports Holds Convoys

Arm y 3.22 1.11 1 .56
Fleet 4.15 1.58 1 .79

Whichever piece retains a greater amount of support will be allowed to move
into the province. This aspect leadsto cooperation amongplayers, sincethe ini-
tial positions of the players leave them very little room to move without coming
into con
ict with another player. Often, two playerswill cooperate by supporting
each other's piecesagainst a third player. In the examplebelow, the Russianand
Turkish playersarecoordinating their movesagainstan enemy piecein Budapest:

Russia : Army in Ukraine to Galicia
Turkey : Army in Rumania Support Army Ukraine to Galicia

The e�ect of supporting a piecewill benulli�ed if another piecemovesinto the
province occupiedby the piecegiving the support. In e�ect, the pieceperforming
the support must 'defend itself ' against its attacker and will be unable to aid
another piece.

Popularit y. Diplomacy is played by tens of thousands of peopleworldwide in
both face-to-face,aswell asemail and web-basedversions.Email and web-based
versionstypically take one weekbetweenturns.

2 Analysis of the Search Space

Search-basedapproaches to gameplaying utilize a search tree where each node
represents the state of the gameand each edgerepresents an operator available
from that node [1]. An evaluation function is applied to the leaves on the tree
to determine the value of choosing the operators. The state of the gamecan be
represented by the locations of each player's pieceson the board and the supply
centers controlled by each country .

The Diplomacy game board can be viewed as two undirected graphs, one
that indicates army adjacenciesand one that indicates 
eet adjacencies.The
averagedegreeof each node in the 
eet adjacencygraph is 4.15and for the army
adjacency3.22.

The board consistsof 73 provinces,soassumingan even distribution of pieces
on the board, each piece will have the following number of averagemoves per
turn:

Sincethe gameis a seven-player simultaneousmove game,an operator is the
combination of all moves by all players during a turn. On average,each piece



has approximately six moves each turn. During most of the game, all thirt y-
�v e supply centers are occupied and there are thirt y-�v e pieceson the board.
Sinceeach piececan have six di�eren t orders, there are approximately 635 move
combinations, which is approximately 291. In the beginning of the game, there
are fewer pieceson the board, sincemost countries start with three pieces(Russia
starts with four). It has beenshown that there are over four trillion initial move
combinations [4]. This huge search spacemakesa brute-force search impossible
without using heuristics. Clearly, this search spacemust be reducedin order to
perform a search in a reasonableamount of time.

Simultaneous move games,such as the Prisoner's Dilemma or Chicken can
be modeledwith a payo� matrix. Small matrices can be solved by �nding domi-
nant strategiesin order to generateNash Equilibra. However, a payo� matrix in
Diplomacy would be a seven-dimensionalmatrix with 635 entries, which would
require an extremely long time to search fully. In addition, the payo� matrix
would only represent the next move in the gameand not the entire game.

A simple way to reducethe search spaceis to only considerother piecesthat
could a�ect the results of an order. Sincepiecescan only move one province at
a time, each piece needsonly to evaluate the moves of the other pieceswithin
a distance of two. However, the nature of the heuristic evaluation function will
have a direct e�ect on the size of the search space.Heuristics that include all
pieceson the board will require a search of all combinations. Heuristic evaluation
functions that examine only one player's pieceswill require a smaller subset of
the board.

2.1 Use of Kno wledge in a Heuristic Evaluation

In order to determine a good heuristic evaluation function, knowledge of the
gameis needed[5]. A simpleevaluation function would beto generatethe number
of supply centers occupied by the player. Loeb [6] utilizes a heuristic evaluation
function basedon rating the provinces according to their 'height'. The 'height'
of a province is basedon a mountain metaphor where the peaksof the mountain
residein the player's homecountry and the mountain descendsinto the provinces
of the other players. The height of a province is reduced when other player's
piecesare adjacent to the province and increasedwhen the player's own pieces
are adjacent. The ordersare then madebasedon the provinceswith the greatest
height.

This heuristic clearly utilizes knowledgeabout the game.By rating the home
provinces higher than neighboring provinces, the heuristic values protection of
the homeland.Also, by reducing the value of the provincesdue to other player's
pieces, the heuristic encodes the probabilit y of successof a move due to the
presenceof other piecesthat could stop the move. However, the e�ectiv enessof
Loeb's heuristic is not clear.

Experts often spenda great dealof time working in conjunction with the soft-
ware designerin order to obtain the proper heuristic evaluation. A self-learning
approach removes the need for an expert in order to develop a game-playing
strategy.



Table 2. Features used

Feature Values
Province Occupation supply center, non-supply center
Supply Center Control you, enemy, no one
Piece Type army, 
e et
Order Type hold, move, support, convoy
Adjacent Province Occupation none, you, enemy

3 Pattern-W eights

Levinson describespatterns in [7] as representations of previous experiencedur-
ing game play. These patterns represent partial positions on the game board.
The pattern-weights were used for a chessprogram called Morph as a way to
remember gameexperiences.Instead of saving the entire chessboard, a reduced
board was saved to a database. This reduced board showed only the attack
patterns in chess,for example. In this representation, a white queenthat is ca-
pable of attacking a black knight is represented as a directed graph from a node
representing the white queen to a node representing the black knight. Thus,
this pattern can represent any number of game states that re
ect that attack
situation.

Each pattern is associated with a weight that is usedasa heuristic evaluation
of the actual state. The advantage of using pattern-weights is that through self-
play and learning mechanisms, the weights are tuned so as to develop a game
strategy without any initial value of the various board positions. The learning
mechanism will evaluate all the knowledge in the game and choose only the
most important ones.Similarly, strategic aspectsof the gamecan be individually
analyzedby examining the pattern-weight database.

Pattern-weights can only be orderedin a generalization-specialization hierar-
chy where the least speci�c patterns lead to more speci�c ones[8]. Thus general
patterns are applicable to many states but are lessaccurate than more speci�c
onesthat apply to fewer states. Pattern-weights that consist of n features will
be called n-pattern-weights.

The pattern-weights used in Levinson's chessprogram were of two types:
material patterns and attack patterns. Material patterns represented the relative
assessment of black and white piecesremaining in the game. Thus, "down one
bishop" received a pattern assessment. Attack patterns are the subsetsof the
gamegraph as described above.

Diplomacy utilizes a board that can be viewed asan undirected graph. Pieces
can only move onespaceat a time, sowhile a pattern-weight for chessrepresents
attack formations, the pattern-weight for Diplomacy usesthe adjacent nodesin
the graph and examinesboth the adjacent piecesand the aspectsof the provinces
themselves.



Fig. 1. Feature example

Distinct featuresof the state werechosenthat describe the state of the board
and the in
uences on the speci�c ordersgiven to each piece.Each of the features
that are represented in the pattern-weight databaseare shown in Table 2.

These features can be combined and are independent of each other. Thus,
by examining the pattern-weight databasewe can seethe relative valuesof each
of thesefeatures.For example, the Province Occupation, Order Type and Piece
Type pattern can be combined to determine the value placed on moving into
a supply center that is occupied by an enemy army. Additional features of the
gamecan be added.Each feature will producea pattern that will be stored as a
pattern-weight whosevalue can be learned.

For example,in Fig. 1, the Russianplayer in Silesia,represented by the white
tank, could move to Berlin, a German supply center. The order would be written
as follows:

Army in Silesia to Berlin

Sincethe German player (represented in black) is consideredto be an enemy by
the Russianplayer, the following featuresare utilized from the Russianpattern-
weight database: supply center, owned by an enemy, unoccupied, army, move,
adjacent to two enemies.

Similarly, the German player could move from Munich to Silesia, yielding
the following patterns from its pattern-weight database: not a supply center,
occupied by enemy, army, move, adjacent to no one.



3.1 Feature-based vs. Featureless Patterns

While a pattern is a proper subsetof a state, a feature canbeviewedasa directed
abstraction of the state. A state indicates a board position, a turn, ownership
of supply centers and so on, while the featureswerechosenas representations of
perceived usefulaspectsof the state. The inclusion of the featureslisted above to
de�ne a pattern-weight hasboth bene�ts and drawbacks. Featureswill help guide
the automated player make decisionsabout game play. No value was initially
attached to any feature, so it is up to the learning processto decidewhich ones
to utilize and which onesto avoid. We attempted to choosethe features of the
game neutrally, to avoid biasing the computer player towards preselectingone
feature over another.

The initial attempts to createpatterns utilized a featurelessapproach, where
the pattern-weights did not include any features,but rather storedspeci�c moves
for each piece.Since the moveswere stored, information about the state of the
gamewas included, such as the locations of the units on the board.

A computer player utilizing a feature-basedapproach learns a strategy more
quickly than one who usesa featurelessapproach. However, by restricting the
search domain to that of speci�ed features, we leave open the possibility that
the features chosendo not describe the semantics of the game with the proper
amount of detail. As a result, an automated player might miss someimportant
aspect of strategy. For example, by indicating the presenceof an enemy by a
single value, the computer player is unable to distinguish between enemiesof
two di�eren t countries. Another example is a province that is surrounded by
three enemies(as noted by a feature) but the actual positions of those enemies
are not known as it is not recordedin the pattern.

Given long enough game play, a featurelessapproach has the potential of
producing more surprising strategy, sincethe preconceived notions of its creator
do not con�ne it.

3.2 Temp oral Di�erence Learning

Temporal di�erence learning has been showed to be an e�ectiv e technique for
learning gameplay when feedback occurs only after an extendedperiod of time
[9]. All pattern-weights start with an initial weight of .5, indicating that the
pattern is neither good nor bad, and ranged from zero to one. The pattern-
weights also utilize an age �eld that indicates the frequency of occurrence of
that pattern. Since patterns can occur frequently in one game, the age of the
pattern for some patterns will be greater than the number of gamesplayed.
The age is not used during the learning process,but rather when evaluating a
pattern-weight during gameplay. Older pattern-weights are given slightly higher
consideration than newer patterns.

Temporal di�erence learning is applied using a method similar to Morph [7]
as follows:

W eightn :=
W eightn � 1 � (n � 1) + k � v

n + k � 1
(1)



W eight i is the weight after the i th update, v is �nal valueof the gameand k is
the learning rate. v is 1 when the winning conditions weremet, and 0 otherwise.
When k = 0, only past experiencesareconsidered.When k = 1, a newexperience
is averagedwith all previous ones.With a larger k, the systemvaluesthe latest
experiencemore than previous ones.An external counter varied k from 1 to 5,
thus simulated annealingwasutilized by keepinga global temperature that varied
the intensity of the learned experience.Levinson [7] showed that the e�ect of
simulated annealing on the development of pattern-weights was to hone in on
speci�c values.Without simulated annealing,the weights wereshown to 
uctuate
betweencertain ranges,while the e�ect in Morph with simulated annealing was
a smooth transition to the �nal value of a material pattern-weight.

Credit assignment within the same game was handled by assigning credit
equally among all patterns found by their frequency. The pattern-weights were
updated at the end of each game,which typically lasted 20 moves.The pattern-
weights that were updated corresponded to patterns that occurred in the game.

4 Tests

A separatepattern-weight databasewas generatedfor each player through self-
play. Since the game graph is asymmetric, a separatepattern-weight database
for each player was necessary. However, all the pattern-weight databasescould
be generatedsimultaneously.

The �rst test was done using featurelesspattern-weights, where moveswere
explicitly stored as1-pattern-weights and combinations of two moveswerestored
as 2-pattern-weights. The goal of the gamewas to possessthe greatest amount
of supply centers. The gameendedwhen oneof the players reached seven supply
centers.

The secondtest utilized feature-basedpattern-weights. No cooperation was
assumedin the game; each automated player was playing against all the other
automated players. The goal of the gamewas the sameas above.

The game was run utilizing the FreeDip software, a web-basedversion of
Diplomacy written in Java [10]. The software was modi�ed by adding the logic
for an automated player, pattern databasesand self-play.

4.1 Game Pla y

The following sequenceof actions was taken for each automated player of the
game.Each step is examined in more detail below:

1. Generateall individual piecelegal orders.
2. Generateall order combinations.
3. Match the movesagainst a pattern-weight database.
4. Weigh the movesaccording to the pattern-weights.
5. Chooseamong the top-rated moves.
6. Submit the movesand advancethe turn.



1. Generate all individual piece legal orders. All possiblemoves, holds,
supports and convoys were entered for each individual piece.At this stage, the
move combinations are not generated, but only the potential orders for each
piece. No cooperation was performed; so orders that involved other player's
pieceswerenot generated.For example,it is possibleto support another player's
piecemovement into an adjacent province, but this option was not considered.

2. Generate all move combinations. The cross product of all the orders
for all the pieceswas applied to generatea move set. Since each piece has ap-
proximately six orders per turn, a move set consistedof approximate 6N move
combinations whereN is the number of pieces.This number becomesvery large
as N increases.Once N reached six, the number of move combinations was ap-
proximately 50,000,which took approximately 5 minutes to analyzeper move. In
order to reduce this number and maximize the number of gamesplayed, fewer
orders for each piece were generated in (1) above, which yielded fewer move
combinations. Randomnesswas usedto decidewhich orders to generate.

3. Matc h the moves against a pattern-w eigh t database. Each move was
comparedagainst the pattern-weight databasein search of pattern-matches.Fea-
tures of the individual orders were independently compared to the 1-pattern-
weights. Next, pairs of features were combined together and compared to the
2-pattern-weights and so forth.

4. W eigh the moves according to the pattern-w eigh ts. Each pattern-
weight that matcheda move is associated with a value.The valueof each pattern-
weight found w1 was then comparedto current total value for that move w2 by
averaging them and weighing them by their size.Thus, a 1-pattern-weight con-
tributed half of its value asdid a 2-pattern-weight. This value wasthen averaged
with the weights of all the individual moves.The �nal value was between0 and
1. Any move that did not match a pattern in the pattern-weight databasewas
assignedthe value of .5.

The pattern-weights can be seenas advisors. Each advisor suggestsa result
for the pattern. The smaller pattern-weights, representing lessspeci�c informa-
tion, were valued less than the more speci�c patterns. Also, the averaging of
pattern-moves was done to avoid the dominance of any one order for a single
pieceto the pattern.

5. Cho ose among the top-rated moves. The weighted moves were sorted
by the highest value. The top �v e moves were selectedand one of them was
chosen randomly based on their weighted value. Thus, a move with twice as
much weight as another was chosentwice as often.



Table 3. 2-pattern-seight featureless test (1042 games)

Player Number of 1-Pattern-W eights Number of 2-Pattern-W eights
England 434 6,681
France 502 8,744
Germany 588 9,761
Italy 530 8,073
Austria-Hungary 580 6,898
Russia 589 12,397
Turkey 359 5,031

4.2 Self-Learning and Pattern-W eigh t Up dates

Temporal di�erence learning was applied to the pattern-weight databaseby ex-
amining the relative successof the sequenceof moves and then updating the
weights of all of those moves.Successwas determined by retaining all the home
supply centers and by capturing the greatest, secondgreatest or third greatest
number of supply centers.

If the player's move sequencewas considereda success,then the sequences
of moves were decomposed into 1-pattern-weights, 2-patterns-weights and n-
pattern-weights containing all the features of the game state. Pattern-weights
higher than 2-pattern-weights and lower than n-pattern-weights were not con-
sidered.The weights of all the pattern-weights that matched the move sequences
were reinforced according to temporal di�erence learning as indicated above.

4.3 Test 1 Results - Featureless Pattern-W eigh ts

Game strategieswere learned via self-play as follows:
Table 3 shows the number of 1- and 2-pattern-weights generated for each

country in the featurelesstest of 1042gamesof self-play. The featurelessplayers
werealsotested against random playersand beat them in nearly all of the games
tested.

The number of 1-pattern-weights di�ered between the countries due to the
asymmetry of the gameboard. Initially , Turkey has very few movesand is con-
�ned to a corner of the board, so it tended to produce fewer patterns than other
countries. Russia, on the other hand, starts with four piecesinstead of three,
thus generateda greater number of patterns. The size of the 1-pattern-weights
is expected to grow only as large as the number of possiblemovesfor the pieces
in the game.The sizeof the 2-pattern-weights are limited by the number of pairs
of individual moves.

Initially , moves were chosen at random, so support , hold and move orders
were frequently seen.As more gameswere played, fewer support moves were
chosen,perhaps due to the fact that successinvolved attaining supply centers
quickly. The playerslearnedto move asquickly aspossibleto the other provinces
in order to claim the supply centers.



Competition betweenthe automated featurelesspattern-weight player showed
that it learned basic strategies. Moves tended to alternate with hold orders to
prevent other units from entering key locations.

There were many shortcomings to this approach. Units tended to move in
line behind each other to the samelocations as their predecessors.This is logical
since their movements are stored and valued and units are indistinguishable
from each other. Also, the units had no spatial concept of the gameboard and
essentially played a blind gameagainst each other and ignored the positions of
other units. This would be easily �xed by storing larger than n = 2 n-patterns.

The games played with the pattern-weight databasesrevealed interesting
biasesin the game. Di�eren t countries tended to choosedi�eren t directions to
move and thus di�eren t players to move against. For example, Italy tended to
ignore its neighbor, Austria-Hungary, and tended to move its 
eets to Greece
and Turkey in order to capitalize on thoseopen supply centers. Similarly, France
tended to invadeGermany, while England found its bene�ts by invading France.
Russiaand Germany wereconstantly at battle with each other, particularly over
Silesia, which borders both German and Russian homes.The moves chosenby
the automated player seemedto reveal the relative bene�t of attacking another
country due to the asymmetry of the players and the board.

4.4 Test 2 Results - Feature-based Pattern-W eigh ts

Feature-basedpattern-weight tests developed a strategy much more quickly than
the featurelesstests. The strategy of moving quickly towards their opponents
and then retaining their positions wasadopted in the sameway, but in a shorter
amount of time. In addition, the feature-basedtest playersdid not tend to repeat
the sameactions, sincetheir knowledgewas basedon relative positioning of the
units on the board. Like the automated player in the �rst test, initial versions
of this player su�ered from a lack of a spatial concept of the gameboard. Since
only units in immediately surrounding provinces were analyzed, the automated
player wasat a particular disadvantage when another unit was two spacesaway,

In early tests of featurelesspattern-weights, the feature that indicated the
presenceof units in adjacent provinceswasleft out. As a result, somemoveswere
misguided.Sincethe pattern-weights represented only the locationsof pieces,not
the positions of the other pieces.In the absenceof this information, a piececould
not distinguish between a state where it was surrounded by enemy piecesand
one where it was far away from any enemies.Like the earlier featurelesstests,
supports wereusedonly rarely. Oncethe feature of adjacent units wasadded,the
automated playersbeganto implement morecomplicatedstrategies,asdescribed
below.

In general, the feature-basedpatterns were able to conceptually abstract
large states into relatively small data sets. This had a distinct advantage over
the featurelesspatterns that required a great amount of storagespace.



Table 4. Highest weighted 1-pattern-w eights

Num 1-Pattern-W eights Weight
1.1 Supporting a piece into a supply center owned by an enemy .9872
1.2 Supporting a piece into province that has no adjacent units .9377
1.3 Supporting a piece into province that is not a supply center .9028
1.4 Convoy from a supply center that is owned by an enemy .8807
1.5 Supporting a piece into a province that is only adjacent to

your own units
.8665

1.6 Supply center currently occupied is controlled by an enemy .8618
1.7 Province moving to is occupied by an enemy .8371
1.8 Province occupied is not adjacent to any units .8347
1.9 Province moving to is occupied by a another one of your

own pieces
.8264

1.10 Province moving to is unoccupied .8206

4.5 1-P attern-W eigh ts

Table4 showsthe highestvalued1-pattern-weights in the pattern-weight database
for the Turkish player after 252 games.

The highest valued movesare related to movesand supports. This is perhaps
becausesupported moveswill havea tendencyto displaceother units by breaking
stando�s. In fact, the highest rated move for four of the seven players was 1.1 -
Supporting a pieceinto a supply center owned by an enemy. It appearedas one
of the top ten pattern-weights for the other three players.

The 1-pattern-weight 1.2 in Table 4 can be seenas a wasted move. The
pieceperforming the support is helping its own piecemove into a province that
cannot possibly be occupied by an enemy on the next turn. Perhaps this is a
by-product of valuing all support moves very highly, and the player has not
experiencedenoughsituations to understand that this is unnecessary, since the
samemove without support is guaranteed to succeed.In fact, this is a classical
example of how features may produce a biased strategy. A featurelesspattern
would not 'over assume' the need for support. The philosophical goal of our
method is to emphasizeknowledgestoring asopposedto the power of search. Of
coursea real systemwould bene�t from doing both. However we want to seehow
far we can get without doing any search and relying solely on stored knowledge.
To this end, we avoid the explore all together and concentrate on the exploit.
So, like any young system,which hasnot yet had enoughexposureto experience
na•ive mistakes,our agent would not yet know many useful facts, although more
experiencewould eventually teach it.

The 1-pattern-weight 1.4 in Table4 is clearly wrong. This showsa willingness
to leave valuable spacesbefore taking control of them. Convoys are much rarer
in the game, since they require a 
eet in an ocean province and an army on a
coastal province.



Table 5. Highest weighted 2-pattern-w eights

Num 2-Pattern-W eights Weight
2.1 Piece has no neighbors AND

Piece it is supporting will move into province adjacent to an enemy
1.000

2.2 Piece has no neighbors AND
Piece it is supporting will move into province adjacent to no one

.9546

2.3 Piece has no neighbors AND
Piece it is supporting is a 
eet

.9500

2.4 Piece has no neighbors AND
Piece supported will move into a location occupied by your own piece

.9207

2.5 Piece has no neighbors AND
Piece supported will move into a location that is not a supply center

.9115

2.6 Piece supported will move into a supply center controlled by an enemy
AND
Piece supported is a 
eet

.9009

2.7 Piece has no neighbors AND
Piece it is supporting will move into supply center owned by an enemy

.8895

2.8 Piece has no neighbors AND
Piece it is supporting will move into supply center

.8864

2.9 Piece is a 
eet AND
Piece supported is adjacent to no one

.8551

2.10 Piece is an army AND
Piece it is supporting will move into a supply center owned by an enemy

.8478

4.6 2-P attern-W eigh ts

In the 2-pattern-weights of Table 5, there is a dominanceof Piece has no neigh-
bors in conjunction with a support move. This demonstrates the strategy of
using support move by pieceswhosesupport cannot be disabled by the enemy.
Sincethe supporting pieceshave no adjacent neighbors, their support cannot be
cut by another piece, thus potentially leading to a better successrate with the
supported move.

The top weighted n-pattern-weights represented the valuesof pattern-weights
that matched featuresof the entire order. Although the analysisof thesefeatures
would be complicated, the results of the opening moves can be generatedand
compared to an opening book of moves that has been generated by human
experts through tournament play [11].

4.7 n-P attern-W eigh ts

Since all moves have approximately equal weight, they will be chosenapproxi-
mately equally. Table 6 shows a comparisonof the top ten pattern-weight moves
to a human-developed opening book and to random play. The leftmost column
indicates the Turkish piecesin their original positions. The right columns show
the frequency of moving to a speci�c province or performing a di�eren t action,
such as a hold.



Table 6. Comparison of human expert opening book to pattern-w eight moves for
Turkey

Piece Human Expert
Opening Book

Pattern-W eight
Player

Random Player

Arm y Constantinople Bulgaria 98.1%
Holds 1.9%

Bulgaria 40%
Holds 10%
Supports 50%

Bulgaria 24.3%
Holds 25.6%
Supports 27.0%
Smyrna 13.7%
Ankara 9.6%

Fleet Ankara Constan 36.5%
Black Sea57.7%
Holds 5.8%

Constan 10%
Black Sea20%
Holds 20%
Supports 50%

Constan 9.6%
Black Sea25.6%
Holds 27.0%
Supports 17.6%
Armenia 20.2%

Arm y Smyrna Ankara 26.9%
Holds 9.6%
Armenia 32.7%
Constan 26.9%
Syria 1.9%
Supports 1.9%

Ankara 0%
Holds 20%
Armenia 20%
Constan 10%
Syria 10%
Supports 40%

Ankara 10.8%
Holds 21.6%
Armenia 16.2%
Constan 6.8%
Syria 21.6%
Supports 23.0%

The random player does not choose equally among the adjacent provinces
since the orders are selectedfrom all legal moves which include holds and sup-
ports.

The support strategy seemsto dominate the opening moves for the Turkish
player. However, if we ignore the supports, we can seethat the proportions of
moves do correspond reasonablywell with the opening book. For example, the
army in Constantinople movesto Bulgaria only 40% of the time if supports are
included, but 80% of the time if we ignore the support moves. In addition, al-
though the piecein Constantinople hasthree choicesof moves(Smyrna, Ankara,
Bulgaria) it never choosesto move deeper into its own province. Again, this is
an independently discovered strategy.

Clearly, the automated player has not yet learned that supporting a unit
when it cannot be attacked is useless.This simple description requires at least
a 3-patten-weight to be cognizant of the three elements: the self, a friendly
support and an enemy. For this reason,any 2-pattern-weight is unable to ever
learn that one need not defend against an absent attacker. This can be shown
by demonstrating four possiblescenariosafter a foreign supply center has been
conquered:

Case1- Enemy is present to dislodge us AND we have defenses.
Case2- Enemy is present to dislodge us AND we do not have defenses.
Case3- Enemy is not present to dislodge us AND we have defenses.
Case4- Enemy is not present do dislodge us AND we do not have defenses.
Case 1 would get a good positive score for the defenseof our new supply

center, while a bad scorewould be given to Case2 sincewe would be unable to



defendagainst the attack. Thus, we have the abilit y to learn the needfor defense
in the presenceof attack. However, the situation is di�eren t for learning whether
a defensewasnecessaryin the absenceof an attack. Sincean enemy is not present
in either Case 3 or Case 4 regardlessof our choice of defending the province
or not, we would obtain a good resulting score for either pattern. Thus either
action would be sanctioned as a good one. It would appear that our temporal
di�erencing approach to learning would only learn what is a punishment. In the
absenceof punishment, we would not learn what is not useful, merely what is
not harmful. However, this would lead us to a wrong conclusion, since the fact
that an action yields a good scorewhether it is chosenor not would mean that
this action is unnecessary. Furthermore, if a defending unit could be deployed
more e�ectiv ely elsewhere,then some other 3-pattern-weights (or even higher
order ones) would warrant that a defending piece could be used with a higher
a�nit y elsewhere.So in other words, the sum of all the patterns is greater the
individual values. Knowledge is not left alone in individual patterns (of course
kernelsof knowledgeare stored in individual patterns) but it is the global mutual
maximization of all patterns in concert that would yield the highest score.So,
with su�cien t experience,the total knowledgeof the databasewould causethe
right event to occur, even if any oneof the patterns alonemight the point in the
wrong direction.

5 Conclusions and Future Work

The discovery of strategic use of supports by the automated player seemsto
indicate the potential for using pattern-weights for the game of Diplomacy. In
addition, the strategy was re�ned upon inclusion of 2-pattern-weights, specif-
ically the use of supports only when the supporting piece is not accessibleto
enemy players. This seemsto indicate that more speci�c patterns lead to better
strategy. In addition, feature-basedpatterns seemedto acquire this higher level
strategy, whereasfeaturelesspatterns did not.

Comparisonsto a human-expert generatedopening book of movesshow that
the pattern-weights recognizecertain strategiesin openingmoves,such asmoving
to unoccupied supply centers. However, the strategy of using supports seemed
to dominate the opening moves,indicating the shallow understanding of the use
of support moves.

Sincethe inclusion of featuresadded to the discovery of strategic knowledge,
it would seemthat adding additional featureswould allow the systemto discover
even more complex strategies. One such experiment is to include recognition
of both allies in addition to enemies.Thus the automated player could react
di�eren tly , depending upon whether or not they are cooperating with another
country .

As previously mentioned, this method serves as a partial strategy since it
only models the non-cooperative aspects of the game.For this reason,it cannot
be accurately comparedwith other completesystemsor compete in tournament
play. Past attempts to create an automated computer player have separated



the task into two aspects: the negotiating agent and the strategy �nder. The
negotiating agent communicates with other players and developsalliances.The
negotiating agent determines the value of a cooperative strategy by consulting
the strategy �nder, which indicates the value of various movesin the game.Our
systemcan be coupledwith a negotiating agent, thus acting asa strategy �nder,
by adding an ally feature (in addition to the enemy feature) and then receiving
a list of enemiesand allies from the negotiating agent. These features in turn
would be added to the pattern-weight databaseand utilized in the sameway as
the other features.

One important consideration in these experiments was the choice to model
pattern-weights after the moves, rather than the state of the board. Levinson's
original work on Morph utilized the position of the chesspieceson the board
after choosingoneparticular move. This is more di�cult to implement in Diplo-
macy since the game is not turn-based, so the �nal positioning of the pieces
on the board is not known due to the uncertainty in predicting the oppos-
ing player's moves. Modeling the pattern-weights after moves instead of board
states also reducedthe sizeof the pattern-weight databasesigni�cantly . All the
pattern-weight databaseswere lessthan 100k in sizeand no pruning or removal
of pattern-weights was necessary.

Many temporal di�erence learning experiments with games, such as TD-
Gammon [9] have required a large number of games to be played before de-
veloping complex strategies. For example, Tesauroobserved that TD-Gammon
learnedbasicstrategiesearly on after only a few hundred gamesand complicated
strategiesover the courseof 300,000self-played games.Clearly, more gamesneed
to be played in order to evaluate the e�ectiv enessof pattern-weights and features
on gameplay.

5.1 Future Directions

The following list potential future directions that can be leveragesfrom the work
described in this paper:

Future 1. Provide a performance comparison of a random player against
another learning agent, an agent using Loeb's heuristic and a human player.

Future 2. Perform temporal di�erence learning of gamesplayed played by
humans and store that knowledge in a pattern-weight database.Compare the
pattern-weight databaselearned from human playersagainst the pattern-weight
databaseobtained from playing a random player.

Future 3. Analyze how two di�eren t 3-pattern-weights di�er greatly in weight,
even though the common 2-pattern-weights to both of them would not be able
to capture that nuance. Generate an English description of a pattern which
would explain why it is a good one or not a good one, basedon this n + 1 child
pattern-weight analysis.

Future 4. The current patterns do not take into account speci�c locations of
other pieces.Theseshould be incorporated as part of the pattern-weight (larger
patterns-weights would becaptured without sizelimit) and the resulting strategy
would be comparedto the results of this experiment.



6 Related Work

Kraus [4] createsan automated negotiating agent that collaborates with other
players, makes alliances, assessesthe values of the various alliances and deter-
mines which ones to keep and which ones to break. The computer is able to
negotiate with the other players though the use of a negotiation languagethat
contains semantics for starting an alliance, creating DMZs and proposing col-
laborative moves.Oncethe negotiations are �nished, the agent passesthis infor-
mation to the strategy �nder module that �nds the movesthat best satisfy the
various alliances made during the last negotiation period. The strategy �nder
was written by E. Ephrati and published in Hebrew.

Loeb [6] created a negotiating agent and a strategy �nder that searched for
the best moves for a country during a turn. The strategy �nder would execute
seven searches in parallel, one for each player. Each search processwould peri-
odically poll the other six search processesto determine the current best move
for the other players. All seven moves would then be combined and evaluated
using a heuristic evaluation.

Lorber [12] hascreateda negotiating agent that usesan opening book, expert
knowledgeand statistical analysis in order to determine the best move.

Microprose has developed a computerized version of Diplomacy. It utilizes
both a negotiating agent and an opening book. It widely regarded as a poor
strategist and easyto fool through negotiations.
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A App endix - Diplomacy Game Board

The following is the board and initial positions of the piecesof the standard
Diplomacy game.Lines delineate the provincesand the supply centers are indi-
cated by the presenceof a colored dot in the interior of the province.

Fig. 2. Diplomacy game board


