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Abstract feet information. It was invented by two mathe-
maticians, in 1942 by Piet Hein and independently 

Hex is a strategy board game for two players. The again in 1948 by John Nash. Hex first gained pop-
Machine Intelligence Hex (MIHex) project has three ularity through an article by M. Gardener [21). In 
major objectives: First, it is about designing and Hex each player hM Msigned two opposite edges of 
testing new artificial players for Hex. Second, it in- the rhombus-shaped Hex board which is displayed 
eludes a game server which facilitates and supports in Figure 1. Typical board sizes are between 7 x 7 
resrorch and educational projects that involve arti- and 20 X 20. There are only two types of pieces -
ficial Hex. Third, it provides a framework for devel- black pieces for the first player and white pieces for 
oping and evaluating machine learning methods for the second player. Pieces are put alternately in the 
artificial players. The present paper surveys the MI- board's hexagonally arranged holes. The whmer is 
Hex project. Basic techniques for Hex programming the first of the two players to be able to connect his 
are reviewed and new concepts for Hex board evalu- two edges of the board by a connected chain of his 
ation are introduced. This should be useful for any- pieces. There is no draw [20]. A detailed description 
one who wants to write an artificial Hex player to and history of the game can be found in the recent 
participate in a tournament. The Hex game server book of Browne [8). 
and different possibilities of tournament play are de-
scribed. It is demonstrated how machine learning al- North 
gorithms can be employed for training an artificial 
player of Hex. 

1 Introduction 

Machine intelligence for games has a long tradi-
tion. Computer programs that play strategy board 
games like chess belong to the first major achieve-
ments mentioned in the history of artificial intelli-
gence and computer science [42, 50, 36). Over the 
years artificial players for many non-trivial games 
have been developed and some of them became fa-
mous because the computer program finally was 
able to challenge and beat the best human play-
ers. Exciting are particularly those programs that 
employ learning algorithms and are able to develop 
new superior strategies of play that human players 
have not thought of. Currently the computers are 
leading in Checkers [38, 19], Chess [14), Backgam-
mon [47, 32) and Othello (12, 13) . However, not for 
all strategy board games computer programs could 
be developed yet that excell human performance. 
Exceptions are for example the famous Asian game 
of Go [9] and the game of Hex [8]. Both games have a 
similar character, that is, they are pattern oriented 
and if a game tree is employed it has an extremely 
high branching factor. In the present paper we will 
focus on the gam~ of Hex. 
Hex is a two-person zero-sum board game with per-

South 

Figure 1: A (n x n)-board can be represented by a 
(n x n)-matrix where each hole (i,j) hM six neigh-
bours. If we assume the origin (0, 0) is at the top 
left corner of the above (14 x 14)-board then the 
six neighbour coordinates of hole (i,j) are West= 
(i,j -1), East= (i,j + 1), South= (i+ 1, j), North 
= (i -1,j) , Southeast= (i+ l,j + 1) and Northwest 
=(i-l,j-1). 

Hex is an interesting task for research in machine 
intelligence for several reasons: 

• The rules of Hex are simple but a lot of expe-
rience and talent is required to become a good 
player. 

• Winning strategies for boards greater than 7 x 7 
are not known. 
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• In a typical Hex position on a (11 x 11)-board 
ahnost three times as many moves are possible 
than in chess. Therefore standard game tree 
search takes a long time and cannot search very 
deeply. 

• Standard board evaluation based on counting 
material, as used in chess, is not applicable in 
Hex. Therefore, a Hex specific evaluation func-
tion or other techniques are required. 

• Hex is a pattern oriented game, similar to the 
game of Go. Both games are hard for comput-
ers to play. Research on Hex can also be re-
garded as a step towards finding a good artifi-
cial player for the game of Go. 

The currently best playing artificial program is 
Hexy by V. Anshelevich. Hexy plays very well and 
is a lot of fun even for advanced players. Anshele-
vich's brilliant program is described in [1, 2, 3] and 
will be addressed in section 3.3.2 below. 
The purpose of the present paper is threefold. First, 
it surveys general and specific techniques that can 
be employed to design and implement artificial play-
ers for Hex. Some new concepts are introduced. 
The goal is to combine these techniques to design 
and implement the next generation of advanced Hex 
playing programs. Second, an overview of the MIHex 
project including the MIHex game server, the MIHex 
competition and its educational aspects is given. 
The MIHex project is an Australian research project 
with growing involvement of international partners. 
Third, it is demonstrated how the MIHex project 
can be used as a framework for research in machine 
learning, in particular evaluation of reinforcement 
learning methods. 
The remaining sections first describe machine learn-
ing and artificial intelligence techniques which are 
typical for strategy game programs in generaL Sec-
tion 2.5 is a review of other game projects which are 
relevant to MIHex. Topics specific to Hex are cov-
ered from section 3 on. Section 3.2 explains concepts 
which have been used or developed for the MIHex 
project. Section 5 is on implementation issues and 
contains an overview about the basic MIHex server 
architecture. Educational aspects of the project are 
included in section 6. 

2 General Machine Intelli-
gence Methods for Strategic 
Board Games 

In this section we review and propose several tech-
niques and algorithms which can be adopted to im-
plement an artificial player for Hex. We also discuss 
the issue of adaptive or learning players. This is of 

particular interest because it has been claimed [8] 
that methods such as temporal difference learn-
ing [44], which have been successful for several other 
games such as Backgammon [48] or Chess [4], can-
not successfully be employed for Hex. 

2.1 Board Evaluation 

One of the most challenging tasks in designing an 
artificial player for board games like Hex is to de-
velop a good evaluation function for a board po-
sition. An evaluation function is a mapping from 
the space S of board positions to the interval 
[-1, 1] of real numbers (alternatively any interval 
[-win, win] with a positive real number win). 

J: S-+ [-1, 1}, s ...... value of positions (2.1) 

The value of positions, J(s), is an estimate of the 
likelihood that s leads to a win. J(s) should be 
+1 ifs is a winning position or J(s) = -1 if s is 
a loosing position. The other values J(s) are all 
within the open interval (-1, 1) where higher values 
are assigned to better positions and lower values to 
weaker positions. J(s) = 0 for a draw which does 
not apply for Hex (see Section 3.1). 
A standard approach for designing an evaluation 
function is to define a number of board features 
and take their linear combination as the evaluation 
function. For example, an evaluation function for 
Chess typically is a linear combination that takes 
into account the amount of material which is left 
on the board [36]. There are many possible ways to 
define features. However, for each game (e.g., Chess, 
Othello [11], Go) these features can be very differ-
ent. It is one of the main tasks of an investigator to 
find good features and often an expert player can 
provide the best advice in this matter. 

2.2 Searching Game Trees 

Regarded as most important in artificial intelligence 
game programming, are methods which look ahead 
by testing as many sequences of moves as possi-
ble until they decide which is most likely the best 
move to take next. Several of these search algo-
rithms have been developed over the past years such 
as Minimax [42), (a-.8)-Pruning [26], NegaScout, 
MDT(f) [31] and others; see for example [31, 36] for 
an overview. It remains a topic of research to find 
new algorithms and to test which of them work best 
under what circumstances. The basic idea of the 
minimax algorithm will be described in section 2.2 
below. 
In games like Tic-Tac-The a game tree search can 
in reasonable time provide complete overview of 
all possible ways to play and, if possible, how to 
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win [36]. However, in Hex where the branching fac-
tor of the game tree is very high the game tree can-
not completely be expanded within an acceptable 
amount of time. 
In both cases the aim is to produce a number which 
is related to the likelihood of a win given the present 
board position. 
A board position s is terminal if it can be decided 
who has won. The minimax strategy determines the 
values of non-terminal board positions, that is it will 
even determine new terminal positions. The algo-
rithm assumes alternate optimum play of both sides 
and searches the branches of the tree to the terminal 
nodes, or in complex tasks only up to a given depth 
offor example n-moves (n-ply search) . In the latter 
case the values of the pseudo terminal positions are 
estimated via the evaluation function J. 

Figure 2 shows an example minimax game tree of 
degree 2 and depth 4: starting at the root node, 
two virtual players Max and Min move alternately 
so that a game tree of several possible options of 
play is generated. Values are assigned to the leaf 
nodes by a static evaluation function. These values 
are propagated back through the tree to determine 
which is the best move for Max at the root node. 
The purpose of eval is to produce a measure of the 
likelihood that Max can win the game when select-
ing a particular move. 
The main steps of the minimax algorithm are the 
following: 

1. If the current node is a leaf node then 
return its value obtained from the 
static evaluation function. 

2. At a Max node return the maximum 
value of all children and calculate the 
values of the children recursively. 

3. At a Min node return the minimum 
value of all children and calculate the 
values of the children recursively. 

4. At the root select the child which has 
the highest value. 

Therefore, given a list of possible moves the min-
imax algorithm tells Max at the same time which 
move is probably the best to make. There might 
be several best moves. The move generator could 
always use the first move of the set of best moves 
or employ a different strategy, for example random 
selection. 
There are several variations and improvements of 
the minimax algorithm. One of them is the alpha,. 
beta algorithm [26]. It can help to gain speed by 
pruning the game tree. Pseudocode for minimax 
with alpha...beta pnw.ing is given in Table 1. Fur-
ther improvements such as the MDT(f) algorithm 
can be found in [31]. 

BestScore alphabeta(node, a, (3) 

if(node==leafNode) 
return eval(node); 

else if(node==inaxNode){ 
score= -1.0; 
c = firstChild(node); 
while(c is not a leafNode and score< (3 ){ 

score= max(score, alphabeta(c)); 
a= min(a, score); 
c = nextSibling(c); 

} I I end while 
} I I end if 

else if(node==minNode){ 
score= +1.0; 
c = firstChild(node); 
whlle(c is not a leafNode and score> a){ 

score= min(score, alphabeta(c)); 
(3 = min((3, score); 
c = nextSibling(c); 

} I I end while 
} I I end if 

return score; 

Table 1: (a-.B)-function with recursive calls. 

2.3 Learning Artificial Players 

There are different ways to design a learning system 
for an artificial player. Already in 1959 Samuel [37) 
designed an artificial player for Checkers which was 
trained in self-play. It used the reward at the end of 
the game to improve its policy. In the present study 
we focus on a learning player whose policy can be 
represented by a parameter vector W = ( wi) and 
we employ reinforcement learning [45] and evolu-
tionary computation for training. W could for ex-
ample be the weight matrix of a neural network that 
serves as evaluation function. Training an artificial 
player means updating its policy periodically in a 
way that improves its play, that is, the player scores 
more wins than before in tournament play. Training 
can be viewed as an optimisation task with the aim 
to maximise the number of wins in future games. 
W can be updated 'on-line' after each time step or 
move during a game 

Wt+t = Wt+f:::..Wt, t = O, ... ,T-1 

or 'off-line' at the end of each game 
T-1 

W<-W+ Et::..Wt. 
t=O 

2.3.1 Temporal Difference Learning 

It is still topic of an ongoing discussion how suitable 
reinforcement leaning algorithms are for training ar-
tificial players for board games. There are projects 
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Figure 2: A minimax game tree of degree 2 and depth 4 with the root node at the top. Example values 
have been assigned to the leave nodes and have been propagated back from the leaves to the root following 
the minimax algorithm. The principal variation is the resulting best route of play and is emphasised by 
bold links in the above figure. 

Initial conditions: Start game from position so = empty board 
with player Hori defined by parameter matrix W 
and >.,"YE [0, 1) and a E [0,1). 

While(Game is not over){ 

Generate a game tree with root position St using 
a move generator, static evaluator and minimax search 

Determine and evaluate the leaf s~ of a principal variation 
-+ J(lpv(st), W) 

Make 'best' move Bt -> Bt+l 

if(game is over){ 
reward= 1 for win or -1 for loss 
dt =reward- J(lpv(st), W) 
break I I Update the weights and reset the player 

} I I end if 

Calculate and store the temporal difference of 
the evaluation of the principal variation: 
dt = "'' J(lpv(st+l), W)- J(lpv(st), W) 

} I I end while 

J(sr, W) =reward 
I I Weight update according to the TO(>.) formula: 

W +- W + aL:;;'~11 VJ(lpv(st), W)[L:;J~/('Y>.);-td;]. 

return W. 

Table 2: Training a Hex agent using off-line TDLeaf(>.) (cf. [5]). 

where they seemed to work successfully, see for ex-
ample Tesauro's work on backgammon (46, 47, 48] 
or Baxter's work on chess (4, 5]. However, there are 
also examples and which support concerns (e.g., 
[40]). One of our study's aims is to contribute to 
that discussion by testing how well temporal dif-
ference learning (TD-learning [44]) performs when 
training an artificial player for Hex. 

LetS be the set of all possible board positions and 
let (st) be the sequence of states St E S, t = 1, ... , oo, 
that correspond to the sequence of successive board 
positions. Let us denote the evaluation function by 
J. It depends on W and we can define a sequence of 
temporal differences of approximate value functions 
for TD-learning by 

dt := 1· J(st+t. W)- J(st, W) 
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fort= 1, ... , T-2 and for the final time step dT-1 :== 
reward-J(sT-1> W). The standard off-line TD(.X) 
rule for updating the weight vector W at the end of 
each game is then 

T-l T-l 
W ~ W +a 2: 'ilwJ(st, W) Lb.X)i-tdj, 

t=l j=t 

where a,/,). E [0, 1] are 'stepsize', 'discount fac-
tor' and 'trace decay parameter', that is, the usual 
parameters of TD( >.) (cf. (45]) . 
The TDLeaf(>.) algorithm (4) combines TD(>.) with 
minimax type game tree search. Let us assume the 
depth of the game tree is fixed (fixed horizon) which 
we will not explicitly express in our notation. Then 
we can define a mapping lpv from the set of possible 
board positions S into itself which maps each posi-
tions to the leaf position of the principal variation 
of the game tree: 

lpv: s ....... s 
s H lpv(s) =leaf of principal variation of s 

Using this mapping the temporal differences for 
each time step, t = 1, ... , T - 1, can be taken be-
tween the leaf values instead of the root values: 

dt :== 'Y · J(lpv(st+l), W)- J(lpv(st), W) 

for t = 1, .. . , T - 2 and for the final time step 
dT-1 := reward - J(lpv(sT-1), W). With these 
two definitions the TDLea.f(>.) rule for updating the 
weight vector W at the end of each game is then as 
follows (cf., [4, 5]): 

T-l T-l 
W ~ W +a 2: 'ilwJ(lpv(st), W) Lb>.)i-td1. 

t=l i=t 

The resulting off-line TDLeaf(.X)-algorithm is listed 
in Table 2 and Table 3 provides an overview about 
typical parameter settings used in previous studies 
by other researchers. 

2.3.2 Evolutionary Hill Climbing 

The basic version of evolutionary hill climbing, 
which is equivalent to the (1+1)-ES algorithm 
[33, 41, 7], uses only one parent and one offspring. 
Following the terminology of Pollack [32] we call 
the current parameter vector W champion the cham-
pion. The initial parameters for the first champion 
were all generated from a N(O; 0.05) normal dis-
tribution. Given' the champion W champion the hill 
climber endeavors to find a 'better' parameter vec-
tor by generating a mutant matrix W mutant ~ 

W champion + /::;. W mutant and comparing the cham-
pion and the mutant by evaluating them both. If 
the mutant is fitter than the champion it will re-
place the old champion, otherwise the champion 

is selected again and the mutant is discharged. In 
this process the coefficients of the mutation vector 
/::;. W mutant are randomly generated from a normal 
distribution with a standard deviation which is se-
lected, for each new vector, from a N(O; 0.01) nor-
mal distribution with a constant ll'EHC (the 'step-
size') as standard deviation. The evaluation is based 
on the players performance during a certain number 
(called lifetime) of games. 

2.4 Tournament Play 

In tournament play several players can compete 
against each other. Pairings of players are deter-
mined and a winner or a ranking list of the players is 
produced after the tournament is over. For different 
games different ranking systems and tournaments 
have been developed. For Hex a generally accepted 
standard tournament and ranking system has not 
yet been decided. However, several tOurnament sys-
tems which have been used for other games can be 
employed directly or with minor modifications to 
Hex, too. The following paragraphs briefly review 
some of the most common tournament systems. 

2.4.1 Round Robin Tournament 

In a Round Robin, all players play each other once. 
It is only used when there are a relatively small 
number of entries since it is very time-consuming. 
In fact, if there are n players, the tournament will 
run in O(n2 ) time complexity, since the number of 
rounds depends on the number of players. A double 
Round Robin, in which all players play each other 
twice, once with each colour, is the fairest system 
for ranking a group of players. A group of Round 
Robins can also be used as a preliminary stage for 
a tournament with a large entry where the players 
are divided up into pools of equal size. Then the 
winner and possibly the runner-up move on to the 
next stage where another Round Robin or a dif-
ferent type of tournament is held to determine the 
eventual winner. 

2.4.2 Knock-out Tournament 

An example of a Knock-out is a tennis tournament 
in which the number of entries is a power of two. 
There are several seeds who are split up into differ-
ent sections of the draw so they cannot play one an-
other until later on in the tournament. Initial pair-
ings are alloted randmnly and the winners progress 
to the next round, while the losers are eliminated 
from the tournament. Rounds continue until there is 
only one undefeated player, who is declared the win-
ner. This type of tournament only applies to games 
where a draw is not possible, such as Hex. However, 
it is not suitable for obtaining a complete ranking of 
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Game, Reference 'Y I Algorithm # Episodes I Comment 
Backgammon, [46) 0.1 - TD(0.7) f'::j 1,500,000 Self-play 
TD-gammon 3.1, [48] - - TD(O) f'::j 6,000,000 Self-play, 3-ply 
Backgammon, [5] 1.0 TDLeaf(..\) f'::j 50,000 Self-play 

Chess, [4] 1.0 1.0 TDLeaf(O. 7) ~· 1,000 Internet 

Chess, [49j - 0.98 TD(O) ~ 2,400 GNU-Chess 
and database 

Table 3: Overview of parameter settings for TO-learning tasks as used by other researchers. 

players as they are only allowed one loss and there 
is not enough information to form a reliable ranking 
list. 

2.4.3 Random Play 

Continual random play amongst a group may be 
used to train artificial learning players who learn 
best when faced with a variety of opponents. This 
simulates a server where humans choose to play 
other humans arbitrarily. Pairings for each match 
are selected at random. The matches can be stopped 
at any time or continued in a non-ordered fashion. 

2.4.4 Swiss Tournament 

The Official FIDE (World Chess Federation) Swiss 
Rules Based on Rating (1992) can be found on the 
Internet [18]. The SwUis pairing system commonly 
used in chess tournaments all around the world can 
equally as well be applied to Hex, except for the fact 
that there is no draw in Hex, which has no major 
effect on the way the system works. For a Swiss 
tournament, there are a fixed number of rounds 
designated before the start of the tournament. No 
player is eliminated during the tournament - that 
is, all players play in all rounds, regardless of the 
size of the entry. A Swiss tournament is generally 
used when there are too many players and hence 
not enough time to play a complete Round Robin 
(all-play-all). A basic overview of the Swiss system 
can be described as follows: 

1. Set all player scores to zero. 

2. Apply pairing rules to give each player a new 
opponent who has the same score. 

3. Increment scores of all winners by one, then 
repeat from step 2 until tournament completed. 

However, there are three main problems involved in 
step 2. The first and most obvious is exactly how 
to pair the players against each other. In chess, the 
preferred method is to order the players by their rat-
ing (measure of playing strength) and match the top 

half versus tl).e bottom half. For example, if there 
were eight players in a score group, then 1-5, 2-6, 3-
7 and 4-8 would be the pairings, provided that none 
of the players had previously played each other. The 
second problem is what to do when there is an odd 
number of players in a score group. This is solved by 
'floating' the bottom player down and pairing them 
against the top player of the adjacent score group. 
The third issue involves the allocation of colours 
for each pairing. Although the system is designed 
so that as many players as possible alternate be-
tween white and black throughout the tournament, 
this is often practically impossible since it is more 
important for players of equal scores to be matched 
against each other so that an eventual winner can 
be decided upon. 

2.5 Examples of Other Strategy 
Games 

Game programs can demonstrate the state of the 
art in artificial intelligence because the performance 
of the programs can directly be compared with 
that of a human. Therefore, the design of artifi-
cial players for strategy games has become a topic 
of central importance for artificial intelligence r9-' 
search. Programs for many different games and a 
large amount of literature on this topic is available 
(see e. g. [16, 28]). The Checkers program CHI-
NOOK [39, 38) was the first official man-machine 
world champion ·in any game in 1994. In the mean-
time also for Othello [11, 12, 13), Chess [5, 24] or 
Backgammon [47, 48], programs have been devel-
oped which are able to beat the best human players. 
For other games, like the game of Go, it seems to 
be harder to program a good artificial player and 
currently good human Go players can easily win 
against the artificial opponents. 
From the viewpoint of artificial intelligence research 
and cognitive neuroscience the methods of the arti-
ficial player are of interest . In this context, biologi-
cally motivated programs that can learn, are more 
valuable than systems which cannot improve their 
performance or simply rely on computational power 
and exhaustive search algorithms. The following 
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sections provide a brief overview about the char-
acteristics and achievements of some important ar-
tificial intelligence projects in game programming. 

2.5.1 Chess 

Computer chess programs have a long tradition and 
exciting history. The success of most computer chess 
programs is built on brute force search. The pro-
gram Deep Thought was able to search 750,000 
positions per second and was the first chess ma-
chine that beat a grandmaster in tournament· play 
in 1988 (25, 14). In 1997 Deep Blue 11 (a successor of 
Deep Thought) was able to beat the human World 
Champion Gary Kasparov under normal tourna,. 
ment conditions. Deep Blue 11 has a large search-
ing capacity and a special chess chip for the move 
generator, the evaluation function and search con-
trol [23). Hardware and software search are com-
bined and over 500 processors perform a massive 
parallel game tree search (24, 14). 
Chess programs that employ machine learning 
methods become increasingly able to play on an 
acceptable level. For example, the program Knight-
Cap uses a special form of temporal difference learn-
ing, called TDLeaf(>.) [4, 5). KnightCap was trained 
while playing on the Free Internet Chess Server 
(FICS. onenet. net). Starting from an already rea-
sonable good set of parameters the program im-
proved significantly within a few hundred games 
a.nd reached a high level of play. 

2.5.2 Backgammon 

Backgammon is a non-deterministic board game for 
two players. In contrast to games like Chess, Go 
a.nd Hex, Backgammon uses dice rolls and involves 
therefore a random component. Fifteen white and 
fifteen black pieces are moved on a board of 24loca-
tions. Due to the huge number of possible backgam-
mon positions, a lookup table cannot be used. After 
a typical dice roll there might be 20 different ways 
of playing. Therefore the game tree has an effective 
branching factor of about 400 (far beyond that of 
chess or checkers). 
One of the best backgammon players in the world is 
the program TD-Gammon (46, 47, 48). It is known 
as the most famous example of a game where tem-
poral difference learning has been applied success-
fully. Early versions of TD-Gammon employed neu-
ral networks and raw input. After training in self-
play they could achieve a strong intermediate level 
of play. In TD-Gammon 3.1 a multi-layer neural 
network with 160 hidden units was trained using a 
gradient-descent form of the TD(>.) algorithm. The 
program played about 6,000,000 games against it-
self before it stopped improving. Search was rela-
tively shallow, about two or three plies depending 

on the version of the program. 
A competitor to TD-Gammon, is HC-Gammon [32]. 
It uses evolutionary hill climbing instead of TD-
leaxning. Hill climbing is by tradition regarded as 
an elementary or basic algorithm. However, when 
properly tuned it can perform very well. Pollack and 
Blair (32) trained their player using self-play and 
claimed that it performed surprisingly well. Pollack 
proposes that the success of TD-Gammon is not 
due to TD-learning but rather to the dynamics of 
backgammon and the eo-evolutionary setup of the 
training. However, the comparison of TD-Ga.rnmon 
a.nd HC-Gammon, as reported by (32), is still topic 
of a controversial discussion (cf. [ 48)). 

2.5.3 Go 

The game of Go is one of the oldest board games. It 
has simple rules but considerable training and ex-
perience is required to become a good player. Go is 
hard for traditional computer game playing tech-
niques and therefore still one of the major chal-
lenges in machine intelligence research. The chal-
lenge of artificial Go is multi-fold. One reason is 
the large branching factor. On a (19 x 19)-board 
there are typically around 250 moves available from 
a midgame position. Other reasons are that Go is 
pattern oriented and that a player must be able to 
follow multiple interacting goals. Almost the same 
reasons apply to Hex. 
A large amount of work has been done on Go, and 
a comprehensive overview of AI techniques used in 
Go programming is provided by (9, 10). 
Symbiotic Adaptive Neuro-Evolution (SANE) (35) 
maintains and evolves a population of neurons and 
a population of neural network blueprints. The net-
work architecture is fixed a.nd has two inputs (b/w) 
and one output (a real number which indicates 
the goodness of the move) for each board position. 
Training on a (9 x 9)-board took about five days 
and training on a (19 x 19)-board was estimated to 
last about one year. 
Temporal difference learning was used with minor 
success by (40] for evaluating Go positions. 
However, even if Go and Hex have much in common 
there are important differences. For example, in Go 
stones can be removed from the board during the 
game while in Hex they cannot. This feature might 
make it even harder to apply TD-learning success-
fully to Hex than to Go. 
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3 Background Information on 
Hex 

Hex is played on a rhomboid board which can be of 
any size but typically has between 7 x 7 and 20 x 20 
cells (Figure 1). The name of Hex stems from the 
hexagonal arrangement of the cells where each cell 
has six neighbours. During a contest one player uses 
black and the other player uses white pieces. The 
players alternately place their pieces on the board. 
While the horiwntal player aims to connect the 
East and West edge of the board the vertical player 
is aiming to connect the North and the South edge. 
The winner of the game is who is first able to es-
tablish a connected chain of pieces between his two 
opposite edges of the board. 
In Hex the first player has a big advantage over the 
second player. To weaken this advantage the swap 
rule (sometimes also called one-move-equalisation 
rule) can be applied. It allows the second player to 
take the first move of the first player. If the swap 
rule is allowed the first player would usually not 
start with a strong move because it would then be 
very likely that the second player applies the swap 
rule. Hex with swap-rule is called competitive He:x 
and is a second player win. 
More information about the ta.Ctics and history of 
hex can be found in Browne's book [8]. 

3.1 Theoretical Results 

In Hex there is no draw - this fact which is also 
known as the Hex Theorem is according to Gale [20] 
equivalent to the Brower Fixed-Point Theorem. 
Hex Theorem. Let a 2-dimensional Hex board of 
size k be covered by two sets Hand V. Then either 
H contains a connected set meeting the West and 
the East side of the board or V contains a connected 
set meeting the South and the North side of the 
board. 
Brouwer Fixed-Point Theorem. Let f be a con-
tinuous mapping from the unit sphere 8 2 into it-
self. Then there exists a point x E S2 such that 
f(x) = x. 
A general winning strategy has not yet been found. 
But using a strategy stealing argument1 it can be 
shown that a winning strategy must exist for the 
first player. The problem of determining which 
player has a winning strategy is PSPACE complete 
(cf. [34, 17]). On boards of equal size the state 

lit was noted by John Nash in 1949 {cf. , (6]) : if there were 
a winning strategy for the second player then the first player 
could ma.ke an arbitrary move and then apply (steal) the 
strategy of the second player. An additional move is never 
a disadvantage in Hex. Therefore both players would have a 
winning strategy which would be a oontradiction to the Hex 
theorem. 
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space complexity and decision complexity can be 
compared with that of Go. On a size n board the 
branching factor of the game tree are of O(n2 ). For 
more information on theoretical results, see for ex-
ample [8, 20, 21 , 27]. 

3.2 Basic Concepts and Methods for 
Designing an Artificial Player for 
Hex 

This section summarises some of the key concepts 
that have been employed in previous Hex programs, 
see for example [8, 51, 3] . 

3.2.1 Two-Bridge and Virtual Connections 

Virtual connections are groups of pieces that are 
not physically connected but cannot be prevented 
from connecting in the future, given the correct re-
sponses to threats from the opponent. A trivial ex-
ample of this is the two-bridge, where two Black 
chains of pieces are separated but can be joined by 
one of two moves. Even if it is White's turn to move, 
Black still cannot be stopped from connecting the 
two chains. This is an example of a virtual connec-
tion of depth 2. Virtual connections with depth d 
contain information relevant to the position d moves 
in advance. 

3.2.2 Electrical Resistor Circuit Represen-
tation of Hex Positions 

Inspired by the the Hex playing machine of Shan-
non [43], Anshelevich [1, 3] employed an evaluation 
method based on an electrical resistor circuit rep-
resentation of a Hex position. It not only estimates 
the number of pieces that need to be added to cre-
ate a winning chain, but also takes into account the 
number of ways it can be done. A Hex position can 
be represented by two electrical circuits, one from 
Black's point of view, and one from White's. Every 
cell c of the board is assigned a resistance r(c) -
from Black's viewpoint: 

rs(c) = { ~ 
+oo 

if c is unoccupied, 
if c contains a Black piece, 
if c contains a White piece 

For White's circuit the resistance rw(c) is measured 
similarly. ~breach pair of adjacent cells (cl, c2), an 
electrical link has resistance: 

TB(cl, c2) =TB( cl)+ TB(c2) 

An electrical voltage is applied to the opposite 
edges and the total resistance between them, RB for 
Black's circuit and Rw for White's circuit, is mea-
sured. The evaluation function for this approach 
from the Black point of view is: 
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E = log(RB/Rw) 

Then the smaller the value of E, the closer Black 
is to winning, and vice-versa. Anshelevich addition-
ally included virtual connections as links in the cir-
cuits. The electrical resistance between the bound-
aries was calculated by solving the Kirchhoff system 
of linear equations. 

3.3 'Well-known' Artificial Hex 
Players 

This section describes two Hex players, Queen-
bee [51, 52] and Hexy [1, 2, 3]. Queenbee is based 
along traditional lines for game playing, combin-
ing advanced search techniques with an inexpensive 
evaluation function to allow deep search. Hexy, on 
the other hand, focuses on a deep analysis of a small 
number of Hex positions. 

3.3.1 Queenbee 

Queenbee was the first Hex playing program to play 
at the level of strong human players, rated at 1876 
by the onsite game playing server Playsite2 , which 
rates novices with 1200-1400, advanced players with 
1800 and top players with 2100-2200. Queenbee's 
approach [51, 52] is to perform a massive game 
tree search, based on an iterative deepening a-{3 
search with Minimal Window /Principal Variation 
Search and transposition tables. It addresses the 
large branching factor problem with an advanced 
search extension technique called "Sex Search" [29). 
Queenbee's evaluation function calculates cell "po-
tentials" based on a metric called the two-distance. 
Given a graph and an adjacency function n(p) that 
maps a vertex p onto the set of vertices adjacent to 
it, the distance between between two vertices p and 
q is given by 

where 

if q = p, 
if q E n(p), 
otherwise 

Ck =I {rE n(p); d(r, q) < k} ). 

If we allow that n(p) returns the cells in p's neigh-
bourhood relative to player P, then when z = 1 
the metric returns the minimum number of pieces 
required for P to connect p to q. The two-distance, 
corresponds to z = 2, which is one more than the 
second lowest distance of p's neighbours to q. 

To find the cell potential, Rljswijck first defines 
the W-potential as the sum of the two-distance to 
each white (vertical direction of play) edge. Cells 

2http:/ /www.playsite.com/games/boa.rd/bex 

with the lowest W-potential come closest to form-
ing a spanning path between white's edges. The 
B-potential is similarly defined as the sum of two-
distances to the black (horizontal direction of play) 
edges. Cells with both a low W-potential and a 
low B-potential simultaneously help to connect the 
player and block the opponent, hence the total po-
tential for a cell is the sum of it's W-potential and 
the B-potential. 
The total potentials are also used to help focus the 
search on interesting branches. H we assign a cost to 
each move, and fix a limit to total cost of a search 
line then we have a search variation called 'Sex 
Search', whose effect is to explore branches with 
interesting moves more deeply. Rijswijck uses cell 
potentials to calculate the cost function so that a 
move in a cell with low potential costs less. 

3.3.2 Hexy 

Hexy was the winner of the first Hex tournament 
held during the 5th Computer Olympiad in London 
on August 24-25, 2000 [2]. It won all its matches 
and demonstrated clear superiority of all of its 
competitors, including Queenbee. Hexy is currently 
the strongest known artificial Hex-playing program. 
It plays within the highest playsite scoring range. 
However, Hexy does not learn from its mistakes and 
once it has been defeated, it can easily be beaten 
again using the same strategy. Experienced human 
players can beat Hexy by following a defensive strat-
egy with a high tendency _of blocking Hexy's moves. 
In three papers Anshelevich [1, 2, 3] describes the 
approaches implemented in Hexy. He defines an al-
gebra of virtual connections which include AND and 
OR deduction rules. These allow for more complex 
virtual connections to be build, starting from ba-
sic ones. This is accomplished using an iterative 
method Anshelevich calls H-search [3]. It searches 
for virtual connections in the set of sub games of a 
Hex position. Since H-search is not able to discover 
all virtual connections Hexy employs a combination 
of H-search and selective (a-(3)-search. The evalua-
tion function is based on the electrical resistor cir-
cuit representation. 
The program has two parameters, Nand D, which 
must be carefully balanced. N represents the max-
imum number of different virtual connection with 
the same ends and is an indirect measure of the 
depth of virtual connections. D is the depth of the 
( a-(3)-search-tree. It is not surprising that Hexy per-
forms best in a practical situation with a strict time 
limit with a large value of N and small D. This 
is because the intelligence used in creating virtual 
connections for each node in the game-tree greatly 
outweighs the cost of the time taken to build them 
and even with a shallow depth, Hexy can foresee fu-
ture patterns in a position 20 or more moves deep. 
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4 More Concepts for an Arti-
ficial Player of Hex 

In the following subsections we introduce a num-
ber of new concepts as they were implemented in 
our artificial Hex player called Mops. It employs 
(a-t3)-minima.x search combined with an evaluation 
function using features based on the connectibility 
matrix which will be introduced below. For sim-
plicity we will from now on assume that the black 
player plays horizontal and first. Our aim with Mops 
was to design an artificial player which has a clear 
design and is suitable for machine learning experi-
ments with the M!Hex server. Strength of play was 
not the primary aim. 

4.1 The Evaluation Function 

The evaluation function of Mops is a linear com-
bination of the board features similar as the stan-
dard approach described by [36] for Chess. Each 
raw feature was scaled to a real value in the inter-
val [-1, 1]. If the feature was close to +1 it indi-
cated an advantage for the horizontal player, while 
a feature value close to -1 indicated an advantage 
for the opponent. This resulted in a feature vector 
f = Cfo, ... , fm-1) E [-1,1jm. After the linear com-
bination of the features was calculated a hyperbolic 
tangent function at the output node was applied. 

4.2 Connectibility 

The concept of connectibility can be used to de-
scribe the situation of each of the pieces and holes 
of the Hex board, in relation to each other and to 
the edges of the board. 
Definition: If x is a black or a white cell and if 
dir E { S, N, W, E} is one of the opponents edges 
of the board, then the connectibility of point x in 
direction of edge dir is defined as 

cb(x, dir) := oo3 
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cb(x, S) and cb(x, N) . Let 'H. = (x;; ), where 
x;; E {black, white, empty} be the matrix of 
values that represent a Hex position. Then the con-
nectibility matri.:z; of a Hex position consists of the 
four arrays (cb(xi;, W)), (cb(xi;, E)), (cb(x;;, S)) 
and (cb(xi;, N)). Pseudocode of an algorithm to 
calculate and update the connectibility matrix is 
included in Table 4. 

4.3 Features for HeX' 

The features employed by Mops are based on the 
connectibility values for each hole. The non-infinite 
connectibility values are integers which range be-
tween 0 and the maximum possible path length 
which is always below n2 , where n is the board 
size (i.e., the edge length of the board). The main 

Figure 3: Main (or short) diagonal V of a Hex 
board. 

(short) diagonal elements of a Hex position (Fig-
ure 3) are of key importance. Let us denote the set 
of elements on the main diagonal of the board by V. 
Every connecting path has to cross V. As soon as for 
one of the diagonal elements the two connectibility 
values relevant for one of the player approach zero, 
this player is likely to get a connected path and to 
win the game. For the horizontal player the relevant 

Otherwise, if x is a black or a white cell and if dir connectibility values are the West and the East con-
is one of the player's own edges of the board then nectibility and for the vertical player they are the 

South and North connectibility. In case of a win at 
cb(x,dir) := min{#pieces to connect x to edge dir} least one of the diagonal elements must have two 

zero connectibility values, either in the horizontal 

If xis empty and dirE {S, N, W, E}, then 

cb(x,dir) := 1 +min{cb(q,dir); q adjacent to x} 

= 1 + min {#pieces to connect x to edge dir} 

or vertical direction. 
Features can be defined either independently of the 
board size or dependent on the board size n. If we 
simply take all connectibility values of all holes as 
features, the number of features would grow pro-

That is, each point x of a Hex position has associ- portional to n2
• 

ated four connectibility values cb(x, W), cb(x, E), We will discuss two types of features: 
3Jn the computational model the value oo is usually rep-

resented by an appropriately large integer number. 1. Minimum connectibility over a set of cells. 
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updateConnnectibilityWest{ · 

int conLevel = 1; 
Let front, frontSeed and frontOld be sets; 
frontSeed := {All empty and black points of the 1st column}; 

while{frontSeed is not empty) { 
copy front into fruntOld and clear front; 

for( all points x in frontSeed) { 
if(x is empty) 

add x to front; 
else if(x is black and x is not in frcmtOld) { 

component(x) := connected path component of x; 
for(all points y in component(x)) 

cb(y, W) = ccmLevel- 1; 
Add component(x) to frontOld; 
collar := {Set of all empty points adjacent 

to component(x)}- fruntOld 
Add collar to front: 

} I I end else if 
} I I end for 

if(front is not empty) { 
for(all points x in front) 

cb(x, W) = conlevel; 
conLevel++ ; 
frcmtSeed = {Set of all empty and black points 

adjacent to front} - frontOld; 
} else clear frontSeed; I I end if else 

} I I end while 
} 

Table 4: To update the connectibility matrix of a Hex hoard first all connectibility values are reset. Then 
the above function updateConnectibilityWest updates the West connectibility cb(x, W) for each point x of 
the board. This function generates contour levels of equal West connectibllity (called front in the above 
pseudo code) . It starts with the empty and black points in first column on the West side of the board 
and then moves the front towards the East side of the board while increasing the corresponding values 
of West connectibility ( conLevel) accordingly. Similar functions for the other three directions update the 
East, South and North connectibility. 

2. Number of elements with low connectibility 
within a set of cells. 

These features are evaluated on two regions of the 
Hex board: 

1. 1) = Main (or short) diagonal of the board. 

2. A C-region which is different for the vertical 
and the horizontal player and consists of two 
partial rows for the vertical player and two par-
tial columns for the horizontal player : 

(a) For the vertical player: C.,= Row elements 
close to the corners opposite to the main 
diagonal as shown in Figure 4. Figure 4: Hex board with region C, covered by black 

pieces. 
(b) For the horizontal player: C,. = Column 

elements close to the corners opposite to 
the main diagonal which are a reflection 
of C,. 

We now describe the above mentioned features in 
more detail: 
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4.3.1 Minimum Connectibility over a Set of 4.4 
Holes and Pieces 

Determining the Winner and the 
End 

If for at least one element p E V 
cb(p, H ori) .- cb(p, W} + cb(p, E) is zero 
then the horizontal player has a connected path. 
And if cb(p, Vert) := cb(p, S) + cb(p, N) is zero for 
at least one element p E V then the vertical player 
has won. Consequently the two values 

minHori(V) = min{cb(p,Hori);p E V} 
minVert(V) = min{cb(p, Vert);p E V} 

indicate how close a player is to winning or los-
ing a game. minHori(V) and minVert(V) start at 
a high value (e.g. machine in£nity) for the empty 
board and then can change their value until one of 
them reaches 0 at the end of the game. Their value 
is always below 2 · n2 for their own direction or 
'infinite' for the opponent's direction. 
Similarly the minimum connectibility can be taken 
for the two other above defined sets Ch and Cv. 

4.3.2 Counting Elements with Small Con-
nectibility Values 

While the first type of feature takes only the best 
path candidate into account the value of a posi-
tion can often improve when more than one good 
path candidate is available. Hence the connectibil-
ity values of the other diagonal elements are im-
portant, too. Several diagonal elements with small 
connectibility values can indicate that either a po-
sition has a path along the diagonal or that more 
than one path is close to full connection. The latter 

An algorithm to determine both the end and winner 
of a game can use the fact that for at least one 
of the winner's pieces on the pieces p on the main 
diagonal either cb(p, Vert) or cb(p,Hori) must be 
zero. And the colour of that piece is the colour of the 
winner. However, since the calculation for updating 
connectibility values is computationally expensive, 
a faster algorithm without connectibility values, as 
shown in Table 5, is recomended . 

Let c be the colour of the last move. 

if( main diagonal doesn't contain colour c) 
then return zero 

I I The player cannot have completed a 
I I connecting path. The game is not over. 

else expand the component of the last move 
so that it contains all adjacent pieces 
of the same colour; 
if( the component contains either 

a piece of each the most Westward 
and the most Eastward column 
or a piece of the most Southward 
and the most Northward row.) 

then return c; I I colour of the winner 
else return zero; I I game is not over. 
end If 

end else 

Table 5: An algorithm to determine the end of a Hex 
game and who is the winner. 

The MIHex System 
is strategically an advantage because, if one of the 
paths is blocked by the opponent, the other path 5 
might still be able to be successfully used in com-
pleting the connection. To build a path along the 
diagonal is sometimes a good strategy, too. There-
fore it is sensible to take the number of elements on 

This section briefly describes the structure of our 
implementation of the MIHex system including the 
central server and a simple artificial player (Mops). 
The system has an object-oriented design and is 
implemented in the programming language Java. 

the diagonal which have a small connectibility as a 
separate feature. We define them separately for the 
horizontal and the vertical directions on a board of 
size n: 

smallCbH(V) := #{x; cb(x, Har:i) ~ -i /1. x E V} 

smallCbV(V) := #{x; cb(x, Vert)~~ /1. x E V} 

These two features can maximally reach the board 
size n. The connectibility of a cell in the areas Cn 
and Cv can provide information about an already 
established path component or an obstacle in this 
area. Due to the long distance to the main diago-
nal these values might be good additional features . 
The values smallCbH(Cn) and smallCbV(Cv) are 
defined similarly as above. 

The MIHex system is a client-server architecture as 
shown in Figure 5. The server component referees 
and co-ordinates Hex games and tournaments be-
tween the client player modules, who implement the 
logic that forms their Hex strategy. The server and 
client modules communicate via Hex signals, a pro-
tocol based on sockets that enables language inde-
pendent player implementations; but clients never 
directly communicate to each other. 

5.1 Server 

Central to the MIHex system is the server, charged 
with two sets of responsibilities: refereeing individ-
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Figure 5: The Hex System is composed of a server 
module and client player modules. 

ual Hex games, and coordinating the tournaments. 
When running a game the server assigns the sides 
(horizontal and vertical), and starting with the hor-
izontal player it prompts the two players for moves 
in alternate fashion until one player either wins or 
resigns. The server's responsibilities when running 
a tournament are 

• Ranking each player in the tournament based 
on win/loss ratio. 

• Summary of results for each individual player. 

• Save a record of each game played. 

• Display picture of the board at the conclusion 
of each game. 

The M!Hex server was designed so that players writ-
ten in different programming languages can com-
pete with each other. For example Java and C++ 
players can connect via sockets to the server and 
participate in a tournament of artificial players. 

5 .1.1 Referee 

A game between two players is coordinated by a 
referee class. The referee provides the board for the 
game and starting with the horizontal player he al-
ternately allows each player to make a move until 
he decides which of the players has won. 

5.1.2 The Hex Signals 

The communication protocol, implemented with 
sockets for language and platform independence, 
consists of two sets of predefined signals. The first 
set consists of seven signals that are sent from the 
referee at the Hex server to the players; they are 

1. Reset. Notifies the player that a new game is 
about to start. 

2. Opening. Request the player to make an open-
ing move. This signal implicitly identifies the 
player as the horizontal one. 

3. Swap. Notifies the player that the opponent has 
made a swap move and request the player's 
next move. 

4. Move. Notifies the player of their opponent's 
move and requests the player's next move. 

5. Win. Notifies the player that they have won 
the game. 

6. Loss. Notifies t}le player that they have lost the 
game. 

7. Finish. Notifies the player that a tournament 
has finished. 

The second set of signals are sent from the player to 
the server; there is a signal for each possible move, 
and an additional Quit signal that facilitates player 
resignation. 

5.2 Artificial Players 

Artificial players for the M! Hex system can have very 
different designs. A typical design is displayed in 
Figure 6. This player has its own copy of the board 
which it can use to place candidate moves, and an 
evaluator that rates the resulting position. The eval-
uator, in turn, decomposes a position into a feature 
vector that, for example, is fed into a neural net-
work. Our client player, Mops, had a method called 

position evaluation 

trainable evaluator 

Figure 6: UML class diagram showing the classes 
that participate in position evaluation. 

makeMove. When given a board position it returns 
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a valid move to the referee and puts the correspond-
ing piece on the board. To decide on a best move it 
employs an (a-.B)-minimax: algorithm with a fixed 
degree and a maximum depth. The basic move gen-
erator generates a list of candidate moves in the 
neighborhoods of the last two moves. There are 
twelve adjacent holes building the hexagons which 
directly encircle the last two pieces. Then there are 
additional twelve holes which contain all possible 
bridge moves, that is, members of a larger second 
row neighborhood which encircles each of the last 
two pieces. In Figure 7 examples of bridge-moves 
and adjacent-moves on a (12 x 12)-Hex board are 
displayed. The set of black pieces around cell 'p' 
contains all possible six bridge-moves which would 
establish a two-bridge with cell 'p'. The adjacent 
pieces around cell 'q' build a small hex. It consists 
of all six possible moves from 'q' to adjacent holes: 
If there are not enough free holes available in these 
four neighborhood rings then a number of random 
moves is generated as long as there are any free 
holes remaining on the board. 

Figure 7: Examples of bridge-moves are the black 
pieces encircling element 'p' and examples of 
adjacent-moves are the black pieces encircling el-
ement 'q'. 

The order of the moves in the move list is crucial 
for efficient pruning of the game tree. If the first 
move in the list is the best, then a lot of time is 
saved (cf. [31)). Methods for move ordering can in-
clude preference of moves in direction of the current 
players edges. Mops followed the above outlined de-
sign and employed an evaluation function based on 
the connectibility matrix and the features described 
in Section 4.3 

5.3 Machine Learning Experiments 

The MIHex system can be used as framework for 
experiments in machine learning. For the present 
study a number of training experiments with an 
adaptive version of Mops were conducted. The 
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learning system implemented for Mops consisted of 
a combination of TDLeaf( >.) and evolutionary hill 
climbing, as explained in Section 2.3. The aim of 
these pilot experiments was to demonstrate that the 
player implementation of Mops is able to improve 
performance during training. For this purpose Mops 
was trained in selfplay. A typical training result is 
displayed in two types of graphs in Figure 8 

1. Parameter development: In the upper graph 
he development of the 8 parameters is moni-
tored during training. The horizontal coordi-
nate is the number of games and the vertical 
coordinate is the size of the parameters. Each 
parameter weights a different feature in the 
linear combination of the evaluation function. 
The thick lines display parameters belonging 
to features of the horizontal direction and the 
thin lines belong to features of the vertical di-
rection. The smooth changes of the parame-
ters are caused by the reinforcement learning 
algorithm. The steps-like jumps correspond to 
mutations of the evolutionary hill climbing al-
gorithm. 

2. Averoge of wins per interval: The two grey bar 
diagrams show how the performance of Mops 
changes with the number of games. The height 
of each bar is the average number of wins Mops 
had achieved during a certain number of games 
which correspond to the bar's width. An in-
crease in height of the bars from the left to the 
right indicates progressive learning of Mops. 
The upper bar diagram in Figure 8 averages 
over 20 games and the lower diagram averages 
over 100 games. 

Training parameters for all experiments were iden-
tical only the seed for the random number generator 
was different for each experiment: 

• C¥EHC = 0.005 (step size for EHC) 

• lifetimeEHC = 10 (update interval of EHC) 

• O!TD = 0.0001 (step size for TDLeaf) 

• "{TD = 0.5 (discount factor for TDLeaf) 

• >.r D = 0.5 (trace decay parameter for TDLeaf) 

• search depth of game tree = 2 

• degree of the game tree = 24 

In average most training experiments demonstrated 
slow learning over a period of about 200 games. 
This number of games is comparable with the ex-
periments of Bax:ter [5] on Chess where TDLeaf(>.) 
was employed to tune an already well-playing set of 
weights. 
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Figure 8: Training of Mops on the size 12 board improves its performance. The average performance 
during the second hundred games is better than during the first hundred games. 

We also had performed some example tests with 
longer training time, however we observed that 
learning stagnated after 200 games. An explana-
tion why learning does not improve further after 
a certain number of games, is that in our current 
system winning a game heavily depends on which 
player makes the first move and also on the selec-
tion of random moves. Therefore even if one of the 
players has better weights, that is, it has learned to 
play better, it will still loose a certain percentage of 
games. Responsible for that to happen is in partic-
ular our design of the evaluation function and the 
dynamics of Hex. 
Future experimental investigation of machine learn-
ing within the M !Hex project might address the fol-
lowing research questions: TD-learning was success-
fully used for backgammon but so far not for the 
game of Go. How well does it perform for Hex ? Can 
TDLeaf(>.) overcome the difficulties which standard 
temporal difference learning experienced on these 
types of tasks ? When using a learning algorithm, 
is it better to use on-line updating instead of off-line 
weight updates ? 

6 Machine Intelligence for 
Hex as a Student Assign
ment 

The MIHex System was used to help students to 

ertheless good Hex strategies are non-trivial to de-
vise, making it important to construct a solution 
through effective combination of the machine intel-
ligence techniques. 
For example, the large branching factor of Hex 
presents a problem to search approaches, ruling out 
a complete search approach for starters. If the Hex 
player is to search deeply it must have effective 
rules for which moves to consider searching under, 
and it would also want a computationally inexpen-
sive evaluation function. A shallower but broader 
search is another possibility, though then the evalu-
ation function would need to be more accurate (and 
would probably be more expensive too). Any suc-
cessful Hex program must solve issues like these. 
Students of an undergraduate Machine Intelligence 
course were given an assignment to implement a 
Hex client player. Using a scaled down and platform 
independent distribution of the Hex server, they de-
veloped their player in Java, C/C++ or any other 
language so long as it conforms to the Hex signal 
protocol; as a starting point, source code for a player 
that makes random moves was provided. After im-
plementing their player, they then had access to a 
measure of its performance in the form of a rank-
ing in a round robin tournament of all the student 
players. 

7 Discussion and Conclusion 

gain practical experience of techniques used for ma,.. The present paper gave a comprehensive overview 
chine intelligence. Hex is a game with simple rules, of the M !Hex project. It surveyed techniques for de-
so students can focus on building strategies. Nev- signing artificial players for Hex and covered some 
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standard machine intelligence methods for games 
as well as techniques specific to Hex. Techniques 
used by the currently best Hex playing programs 
were addressed and new concepts for board eval-
uation and feature design were introduced. These 
techniques might contribute to design a future pro-
gram that could beat the currently best artificial 
players. 
While He:cy and Queenbee are very strong Hex play-
ers, our player Mops was designed as agent for 
machine learning experiments and plays currently 
much weaker than the other two programs. How-
ever, the three board evaluation methods, electrical 
resistor circuits, potentials based on two-distance, 
and connectibility matrix, which were employed by 
Hexy, Queenbee and Mops, respectively, share some 
similarity. Although if Hexy is . currently the best 
playing program it is not clear which of the three 
evaluation methods is best. Also it is not yet clear 
whether a combined approach of all three methods 
would bring some advantage and how the different 
features interact. 
The paper also described how to design a learn-
ing player for Hex. The learning player employed 
a combination of a special version of temporal dif-
ference learning and evolutionary hill climbing. Its 
learning behaviour was demonstrated in some pilot 
experiments. Future research can employ the MIHex 
framework for testing and training adaptive artifi-
cial Hex players. 
The last section was about educational aspects of 
the M!Hex project for a course in machine intelli-
gence. We observed that students were very moti-
vated when working on the Hex project. The project 
offered them fast access to the frontier of research 
in Machine Intelligence. 
The M !Hex game server offers the possibility of cross 
University Hex game competitions and research col-
laboration on machine learning experiments. 
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