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Abstract. Backgammon is a board game that has been studied considerably by
computer scientists. Apart from standard backgammon, several yet unexplored
variants of the game exist, which use the same board, number of checkers, and
dice but may have different rules for moving the checkers, starting positions
and movement direction. This paper studies two popular variants in Greece and
neighboring countries, named Fevga and Plakoto. Using reinforcement learning
and Neural Network function approximation we train agents that learn a game
position evaluation function for these games. We show that the resulting agents
significantly outperform the open-source program Tavli3D.

1 Introduction
Traditionally, the main way of developing software agents that play board games is to
create an evaluation function that returns an estimate of the value of any specific
position. This function is used to rank the available moves based on the resulting
positions in order to choose the best one of them. The most common way to construct
an evaluation function is to exploit a set of hand-designed features that identify
important structures in a game position. Consequently, the output of the evaluation
function is typically a weighted sum of all these features. The evaluation function can
then be used with game-tree search algorithms to obtain better results.
The time needed for weight-tuning can be greatly reduced by using machine
learning algorithms like Reinforcement Learning, which can learn through experience
obtained either from already available games or by playing against an expert or
through self-play. One of the most successful applications of reinforcement learning
to game playing was the TD-Gammon program of Tesauro [11]. Using the temporal
difference method of reinforcement learning, multilayer neural network function
approximation, and self-play, TD-Gammon was able to learn to play extremely well
even with little knowledge of the game. When knowledge-based features of the game
and minimax search were added, the program was able to play at a level equal to the
best human players [10]. Reinforcement learning has also been applied successfully to
other board games [2,4,12]. Backgammon is an ancient board game of luck and skill
that is very popular throughout the world with numerous tournaments and many
popular variants. The game is conducted in a board containing 24 points divided in 4
quadrants of 6 points each. Each player starts the game with a number of checkers or
stones in his disposal (usually 15) placed in fixed starting positions. The players take
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turns playing their checkers using an element of chance in the form of two six-sided
dice according to the game rules. When all the checkers of a player are inside his last
quadrant of the board (called the home board), he can start removing them; this is
called bearing off. The player that removes all his checkers first is the winner of the
game.
Apart from the standard backgammon game, many variants exist [1]. Some change
the standard backgammon rules only slightly, while others have different rules for
moving the checkers, alternate starting positions, different checker direction or assign
special value to certain dice rolls. In this paper we examine two backgammon variants
very popular in Greece and neighboring countries, called Plakoto and Fevga, which
have very different rules than the regular backgammon game. As a result, the
strategies used from expert human players are much different than regular
backgammon. To the extent of our knowledge, these backgammon variants have not
been studied before in the computer science literature.
We use the temporal difference learning method TD(λ) and self-play to train
multilayer neural networks as evaluation functions of these game variants. Temporal
difference learning uses the difference between the evaluations of two successive
positions to update the evaluation of the first position. The goal of this study is to
produce strong players for both the backgammon variants examined.1

2 Background
Reinforcement learning (RL) algorithms attempt to find a policy that maps states of
the domain examined to the actions ought to take in those states [6,7]. In board
games, states are equivalent to the game positions and actions are equivalent to player
moves.
The environment is usually formulated as a finite-state Markov decision process
(MDP) typically consisting of 1) a set of environment states, X (x1, x2, … xT), 2) a set
of actions A available to the agent, with the subset of actions applicable to state x
denoted as A(x), 3) a transition function, P(x, a, y), which gives the probability of
moving from state x to some other state y provided that action a was chosen is state x,
4) a reward function, R(x, a, y), which gives the expected immediate reward when
action a is chosen in state x resulting in state y.
At each time t, the agent being in xt ∈ X chooses an action a ∈A(xt), perceives the
new state xt+1 and receives the reward rt=R(xt, a, xt+1). Based on these interactions the
goal of the agent is to choose a behavior that maximizes the expected return.
2.1 TD(λ) Algorithm
There are numerous RL algorithms, one of the first and most simplest of which is
Temporal Difference learning or TD(0) [5]. In TD(0) a value function V(x) is
estimated based on the expected value and return of the next state, performing the
following calculations at every step t:
1

A graphical user interface of the agents presented in this paper can be downloaded from
http://csse.uom.gr/~nikpapa/TavliGUI
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(1)
(2)
Where α ∈ [0,1] is a parameter called the learning rate. The algorithm updates the
.
value of the state xt towards the “target” value
TD(0) uses one step backups because it is based on the reward of one action (the
next). It is possible to base the backup on more than one future rewards as some
mixture of the multi-step return predictions. This results in the TD(λ) [5] algorithm
which uses a factor λ ∈ [0,1] to discount TD-errors of future time-steps:
3
The λ factor determines how much the updates are influenced by events that occur
later in time. For λ=0 the agent considers events of the next time step only, making
the algorithm equivalent to TD(0). For λ=1 the algorithm considers only the terminal
time step, resembling the procedure of Monte Carlo sampling. Intermediate values
offer a way of determining how further in the future we go in order to update the
present.
2.2 Neural Network Function Approximation
When the number of the states is very large, as in most real-world applications,
computing and storing the values of all states is impractical. Backgammon state-space
(calculated in excess of 1020 states) is an example of such a domain. Therefore, we
often seek a way of generalizing from a limited subset of the states to the much larger
complete state-space. This generalization is also known as function approximation.
Artificial neural networks are one of many function approximation methods used
with RL that has been proven a successful choice for several applications. With this
approach the weights of the neural network are used as function approximation to the
value function and the backpropagation procedure is used to make the TD update
according to the following equation for every output unit:
4
where w is the vector of neural network weights being tuned, Yt is the prediction for
is a set of partial derivatives for each component of the
the output at time step t,
weights w, α is the standard learning rate, and λ is the factor controlling how much
future estimates affect the current update.

3 The Games Plakoto and Fevga
In Greece there are three popular backgammon variants: Portes, Plakoto and Fevga.
Portes is essentially the same game as the regular backgammon with the exception
that there is no triple game win/loss (otherwise called backgammon). Since this game
is virtually the same as regular backgammon, we targeted our research in the
remaining two variants that have not been previously studied.
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The games Plakoto and Fevga are played with different names but same rules in
other countries in the Balkans, Russia and the Middle East [1]. Fevga is known as
‘Narde’ in Russia, Iran, Armenia, Azerbaijan, Georgia, Uzbekistan and as
‘Moultezim’ in Turkey. Plakoto is also known as ‘Tapa’ in Bulgaria and ‘Mahbusa’ in
some Arab countries.
3.1 Plakoto
The key feature of game Plakoto is the ability to pin hostile checkers, so as to prevent
their movement. The general rules of the game are the same as the regular backgammon
apart from the procedure of hitting. Players start the game with fifteen checkers placed in
opposing corners and move around the board in opposite directions till they reach the
home board which is located opposite from the starting area (Fig.1. left).
When a checker of a player is alone in a point, the opponent can move a checker of
his own in this point thus pinning (or trapping) the opponent’s checker. This point
counts then as a made point as in regular backgammon, which means that the pinning
player can move checkers in this point while the pinned player cannot. The pinned
checker is allowed to move normally only when all opponent pinning checkers have
left from the point (unpinning).

Fig. 1. Starting position and direction of play in the variants Plakoto(left) and Fevga(right)

3.2 Fevga
The main difference of Fevga from the other two games is that there is no pinning or
hitting. If the player has even a single checker in one point, this point counts as a
made point, effectively preventing the movement of the opponent’s checkers in this
point. Each player starts with fifteen checkers on the rightmost point of the far side of
the board, at diagonally opposite corners from each other, whereas the two players
move in the same direction (Fig.1. Right).
The game begins with a starting phase, where the players must move only one
checker until it passes the opponent’s starting point, before they may move any other
of their checkers. The formation of primes (six consecutive made points) is easier in
this game because a made point can be constructed with a single checker. The
formation of primes has the following exceptions:
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1. No player can form a prime in his starting quadrant.
2. No player can form a prime immediately in front of the opponent’s starting
point.
Finally, it is not permitted to completely block the opponent (no-blocking rule). This
means that for a move to be allowed there must exist a dice roll that the opponent can
use to move at least one checker.

4 Implementation
4.1 Learning Architecture
The architecture of the learning system that we used for all our experiments is shown
in Fig.2
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Fig. 2. The neural network architecture used in our learning system. All units of the hidden and
output layer use sigmoid transfer functions.

The learning procedure is executed as follows: we start by creating a sequence of
game positions beginning with the starting position and ending in the last position
when the game is over. For each of these positions we use the backpropagation
procedure of the neural network to compute the TD(λ) update, as described in
Section 2. The self-play learning process is repeated until we can no longer improve
the NN.
We used a modified version of the unary truncated encoding scheme used in [10]
to map the board positioning of the checkers to the inputs of the neural network. We
used three binary outputs to describe the final outcome of the game from the side of
the first player. The first output (W) represents the outcome of the game, win or loss;
the second output (WD) represents whether a double game is won; and the third
output (LD) represents whether a double game is lost.
Under these training conditions, the neural network learns the “probability” of all
three outputs at any time in the game, also called position equity. Whenever a move
selection must be made, the agent scores the states resulting from all legal moves by
combining all three outputs. For the creation of the game sequences, we used the
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same neural network to select the moves for both sides. At every time-step the agent
scores all legal moves available and selects the one with the highest score.
For the evaluation of the learned agents, two procedures were examined:
a) Evaluation against an independent benchmark opponent, the open source
program Tavli3D 0.3.4.1 beta [8].
b) Evaluation against stored weights taken by the agent at different stages of the
4
5
learning process. Examples are weights after 10 training games, weights after 10
training games etc.
During the training procedure the weights of the network were periodically saved and
tested with procedures(a) and (b), until no more improvement was observed. All the
tests were conducted in matches of 5000 games each. The result of the tested games
sum up to the form of estimated points per game (ppg) and is calculated as the mean
of the points won and lost.
4.2 Determining the Learning Parameters
We conducted several experiments for each variant in order to find the best values of
the various learning parameters. The final values of the most significant parameters
are shown in table 1.
Table 1. Parameters Selected For Each Variant
Parameters

Fevga

Plakoto

Learning rate α

0.1

0.1

λ

0.7

0

Hidden Neurons

100

100

5 Empirical Evaluation
We used the same approach for both of the variants examined: First, we trained a
neural network with inputs consisting only the raw position of the board. As with TDGammon, we observed a significant amount of learning even without the addition of
“smart” features. It only took few thousands learning games for the agent to surpass
the playing performance of the Tavli3D benchmark program. We evaluated the
resulting agent and tried to improve its evaluation function by identifying expert
features. A second neural network was trained from scratch including these expert
features to the inputs of the neural network architecture.
5.1 Experiments in Fevga
The raw board position in the game of Fevga was encoded as follows: for every point
of the board four binary inputs were used, each one designating whether there was
one, two, three, or four and more checkers in the point. This coding thus used 96 input
units for every player to encode the checkers inside the board and additional 2 units to
encode the number of checkers off the board, for a total of 194 units. We named the
agent trained with this coding scheme and the procedure described earlier Fevga-1.
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Fevga-1 was assessed as average in strength by human standards. Concepts learned
include the understanding of protecting the starting quadrant and attacking the starting
quadrant of the opponent in the early phase of the game, as well as the smooth
spreading of checkers. However, a major weakness was also found: a complete
disregard for primes. The creation and sustainment of the prime formation is
considered by human experts the most powerful strategy available in the Fevga
variant.
2
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Fig. 3. Left. Training progress of all agents against the Tavli3D benchmark program. Right.
Training progress of Fevga-3 against stored weights.

Adding Expert Features. Given the drawback in the playing strategy of Fevga-1, it
was decided to add the special knowledge of primes in the inputs of the neural
network as smart (or expert) features. The different formations of primes were divided
in two categories according to their significance: a) early primes that are formed in
the first two quadrants of the player and b) late primes that are formed in the last two
quadrants as well as between the 4th and the 1st quadrant. Late primes are more
powerful because they restrict the opponent earlier in his/her development and
frequently result in the winning of a double game. These features take the form of
four binary input units of the neural network that are enabled when the player and/or
the opponent makes a prime and at least one opponent checker is left behind it. In
addition, two more special features common to regular backgammon were also added:
a) one input unit for the pipcount of each player, which is the total amount of points
(or pips) that a player must move his checkers to bring them to the home board and
bear them off, and b) two input units for the existence of a race situation, which is a
situation in the game where the opposing forces have disengaged so there is no
opportunity of further blocking. The total number of input units in this encoding
(which we named Fevga-2) is 201.The evaluation of Fevga-2 (Fig.3.Left) showed
only a marginal increase in performance that was verified by manual human analysis:
while not totally ignorant for the value of prime formation as Fevga-1, Fevga-2 failed
to grasp the essence of primes.
Adding Intermediate Reward. To clarify more precisely the importance of primes, a
third neural network was trained where the agent learned with the same input units as
Fevga-2, but with one important difference: when reaching a position with a prime
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formation, the target of the TD update was made a constant value instead of the next
position value. This constant value was for primes of type (a) equivalent with winning
a single game and for primes of type (b) equivalent with winning a double game. In
other words, intermediate rewards were introduced when primes were formed in the
game. This had the result that the strategy learned was a strategy based in the creation
of primes, which is roughly equivalent to what is perceived by experts as the best
strategy. We named this agent Fevga-3. Its training progress can be seen in
Fig.3.Right.
Indeed after manual examination, the playing style of Fevga-3 was very similar to
the way humans play the game. Not only did it recognize the value of primes and
didn’t lose opportunities to make one, but was also able to play moves that facilitated
the creation of primes at later stages. The results of the evaluation against the Tavli3D
benchmark show that Fevga-2 gains slightly more points per game than Fevga-3
(+1.61ppg vs +1.52ppg). However, when we compared Fevga-2 to Fevga-3 by
selecting the best set of weights and playing 5000 games against each other, the
results of this match showed a marginal superiority of the Fevga-3 player (+0.03ppg).
Table 2. Analysis of the match Fevga-2 vs Fevga-3
Result/Points

Fevga-2

Fevga-3

Total

Single Wins

1704 (34.08%)

2513 (50.26%)

4217 (84.34%)

Double Wins

556 (11.12%)

227 (4.54%)

783 (15.66%)

Total Wins

2260 (45.2%)

2740 (54.8%)

5000

Total Points

2816

2967

5783

The analysis of the match between Fevga-2 and Fevga-3 (Table 2) gives some
interesting information. The “human” strategy of Fevga-3 seems to win more games
(54.8%). Nevertheless, the final result is almost equal, because Fevga-2 wins more
double games (11.12% vs 4.54%). This is also confirmed after careful analysis of the
results against Tavli3D: the two agents win the same number of games, but the Fevga2 emerges superior because it wins more double games. We believe that the Fevga-2
strategy is better against weak opponents, because in the long run it wins more points
than Fevga-3 due to more double games won. But when playing against a strong
opponent, a little better strategy seems to be the more “human-like” strategy of
Fevga-3, which maximizes total won games at the cost of doubles. Looking it from
another perspective, we can say that the two versions have different playing styles:
Fevga-2 plays more aggressively, trying to win more double games, while Fevga-3
plays more cautiously, paying more attention in securing the win than risking for
doubles.
5.2 Experiments in Plakoto
Encoding the Raw Board Position. The input units of the neural network for the first
version of Plakoto were the same 194 units of Fevga-1 plus 24 binary units for every
player that indicated if the player had pinned a checker of his opponent at each point
of the board. Thus, there were 242 input units in total. The agent with this coding
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scheme was named Plakoto-1. As in Fevga, after only a few thousand games Plakoto1 easily surpasses in strength the Tavli3D benchmark program. This improvement
finally reaches a peak performance of about 1.15ppg (Fig.4. Left).
Using manual play, the level of Plakoto-1 was assessed as average by human
standards. Strong aspects were the understanding of the value of pinning the
opponent, especially in the home board. At the same time, it was also careful not to
leave open checkers, thus not giving the opponent the chance to pin, because it
understood that this will greatly increasethe chances of losing. Mistakes occurred
often however, when it had to select a move that left at least one checker open: it did
not take into account the possibility of the opponent pinning the open checker in the
next move, thus rejecting moves resulting in positions with little or no chance for the
opponent to pin and preferring moves resulting in open checkers very easily pinned.
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Fig. 4. Left. Training progress of Plakoto-1 and Plakoto-2 against Tavli3D. Right. Training
progress of Plakoto-2 against stored weights at 10000, 100000, and 1000000 games trained.

Adding Expert Features. The following single feature was able to increase the
performance considerably: the 24 binary inputs representing the pins of the opponent
at each point were replaced by the probability of the opponent pinning a point if an
open checker of the agent exists. This probability starts at 0/36 = 0 when no dice roll
exist that can pin the open checker or no open checker exists, and maxes to 36/36 = 1
when all dice rolls pin the open checker or the checker is already pinned. This added
feature required no additional input units as it utilized units already used by the neural
network, only a little more computational overhead for computing the pinning
probabilities. The resulting agent was named Plakoto-2. Compared to Plakoto-1,
Plakoto-2 achieved better peak performance by about 0.3 ppg against Tavli3D
(Fig.4.Left).A match of 5000 games between the two agents resulted in a comfortable
win for Plakoto-2 (6687-1771, +0.98 ppg), further confirming the superiority of
Plakoto-2. The level of Plakoto-2 was assessed as that of an experienced player.
Fig.3.Right and Fig.4.Right show the training progress of Fevga-3 and Plakoto-2
against previously stored weights. In both figures we see that the initial strategy
improves rapidly for the first few thousand games and then improves more slowly to
its peak performance.
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6 Conclusion
This paper has shown that Reinforcement Learning combined with artificial neural
networks is capable of producing high performance game playing programs in
backgammon variants Fevga and Plakoto. In both games we used expert features to
enhance performance. In the Fevga variant this has not led to much improvement
compared to the raw features. We exploited a unique characteristic of Fevga, the
existence of a good strategy according to the experts, to train a program with humanlike playing strategy. Results showed that the completely different style of Fevga-2 is
at the same level to the human-like strategy of Fevga-3. In the Plakoto variant, the
addition of a single expert feature resulted in much better performance. In the future,
we intend to further improve the playing strength of the agents by adding more
features, and by introducing minimax search possibly using cutoff algorithms such as
the ones described in [3].
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