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Abstract

This paper presents ChapsaRL, a program which learns
to play Chapsa game online using reinforcement learn-
ing technique and artificial neural networks. Results
have shown that ChapsaRL is a much more competitive
computer player than random-behavior player.

1 Introduction

Works in reinforcement learning can be traced back to the
early days of cybernetics, statistics, psychology, neuro-

science, and computer science. For the last twenty years,

it has attracted rapidly increasing interest in the machine
learning and artificial intelligence communities. Its promise
is beguiling - a way of programming agents by reward and
punishment without needing to specify how the task is to be
achieved [1]. However, there are formidable computational
obstacles to fulfilling the promise.

Reinforcement learning is the problem faced by an agent
that must learn behavior through trial and error interactions
with a dynamic environment [1]. The work described here
has a strong family resemblance to eponymous work in psy-
chology, but differs considerable in the details and in the use
of the wordreinforcement It is appropriately thought of as
a class of problems, rather than as a set of techniques.

This paper presents ChapsaRL, which is an implementa-
tion of TD(A\) method using neural networks. One of the
most successful application of TBYlearning method is tot
he game of Backgammon, using artificial neural network

representations [8]. This paper describes the fundamental

how to respond to a given situation. In reinforcement learn-
ing, the agent is not taught how to behave rather it Hasea
choicein how to behave [2]. However, once it has taken its
actions, it is then told if its actions were good or bad (this
is called the reward — normally a positive or negative re-
ward indicates good or bad behaviour, respectively) and has
to learn from this how to behave in the future.

However, it is very rare that an agent is told directly after
each action whether the action is good or bad. It is more
usual for the agent to take several actions before receiving
a reward [2]. This creates what is known as timporal
credit assignment problerthat is if our agent takes a series
of actions before getting the reward, how can we take that
reward and calculate which of the actions contributed the
most towards getting that reward.

This problem is obviously one that humans have to deal
with when learning to play card games. Although adults
learn using reasoning and analysis, young children learn dif-
ferently. If one consideres a young child who tries to learn
a card game, the child attempts to learn in much the same
way as we want our agent to learn. The child plays the card
game and rather than deducing that they have won because
action X forced the opponent to make actidf they learn
that actionX is correlated with winning and because of that
they start to take that action more often. However, if it turns
out that using actioX results in them loosing games, they
stop using it. This style of learning is not just limited to
board games but extends many activities that children have
to learn (i.e. walking, sports, etc.) [2].

There are two main strategies for solving reinforcement

theories of reinforcement learning in section 2, explains the learning problems. The first is to search in the space of be-
game of Chapsa in section 3, and layouts detail implemen- haviors in order to find one that performs well in the en-

tations of ChapsaRL in section 4. It also presents the results vironment. This approach has been used in genetic algo-
and discussion in section 5, followed by a brief summary rithm, genetic programming, and novel search techniques.

and conclusions in section 6.

2 Fundamental Theories
2.1 Reinforcement Learning

What is reinforcement learning? The easiest way to under-
stand reinforcement learning is by comparing it to super-
vised learning. In supervised learning, an agent is taught
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The second is to use statistical techniques and dynamic pro-
gramming methods to estimate the utility of taking actions
in the states of the world.

2.2 Temporal Difference Learning

If one had to identify one idea as central and novel to rein-
forcement learning, it would undoubtedly bemporal dif-
ference(TD) learning. TD learning is a combination of
Monte Carlo ideas and dynamic programming (DP) ideas.
Like Monte Carlo methods, TD methods can learn directly



from raw experience without a model of the environment’s
dynamics. Like DP, TD methods update estimates based
in part on other learned estimates, without waiting for a fi-
nal outcome. The relationship between TD, DP, and Monte
Carlo methods is a recurring theme in the theory of rein-
forcement learning [3].

Both TD and Monte Carlo methods use experience to
solve the prediction problem. Given some experience fol-
lowing a policy , both methods update their estimbtef
V*. If a nonterminal state, is visited at timet, then both
methods update their estimdtés; ) based on what happens
after that visit. Roughly speaking, Monte Carlo methods
wait until the return following the visit is known, then use
that return as a target féf(s;). A simple every-visit Monte
Carlo method suitable for nonstationary environments is

V(st) <« V(sy) + a[Re — V(st)]

where R, is the actual return following timeé and « is a
constant step size learning rate parameter.

Whereas Monte Carlo methods must wait until the end of
the episode to determine the incrementis;) (only then
is R; known), TD methods need wait only until the next
time step. Attime + 1, they immediately form a target and
make a useful update using the observed reward and
the estimatd/(s;11). The simplest TD method, known as
TD(0), is

V(se) < V(se) + afripr + 7V (Sig1) = V(se)]
wherev is the discounted rate for reward.

2.3 Value Prediction with Function Approximator

Since the number of possible states in the game of Chapsa

is very large, the approximate value function at tim#;, is
represented not as a table but as a parameterized functiona
form with parameter vecto@:. This means that the value
functionV; depends totally of;, varying from time step to
time step only a#, varies. For examplel; might be the
function computed by an artificial neural network, with
the vector of connection weights. By adjusting the weights,
any of a wide range of different functioi, can be imple-
mented by the network.

One class of learning methods for function approximation

whereq is a positive step size learning rate parametgis
an unbiased estimate &™(s;) for eacht, andV, f(x) is
the gradient off with respect tar.

The same approach can be applied in XDlearning
method. In the context of Markov chains, TH(is identi-
cal to value iteration with the exception that TY)(updates
the value of the current state based on a weighted combina-
tion of the values of future states, as opposed to using only
the value of the immediate successor state. This changes the
update rule to

Oi11 = 0, + ab,é;
whered; is the usual TD error

0 = rep1 +YVi(st41) — Vilst)
andé; is a column vector of eligibility traces, one for each
component of),, updated by

e =yXe 1+ V@Vt(st)
with ¢, = 0.

3 The Game: Chapsa
3.1 The Gameplay

Chapsa is a famous card game in the continent of Asia. Al-
though it may have been named differently in many coun-
tries, but the basic rules for playing this game is fairly the
same. The name "Chapsa” itself comes from a Chinese di-
alect, which literally means 13. This is because Chapsa, at
best, is played by four people, each having 13 cards at the
start of the game.

Chapsa uses a regular playing deck. This game can be
played by 2-4 people. At the beginning of the game, all
Iplayers start with the same amount of cards. A player with
the smallest card plays first and the first hand that is played
must contain the smallest card. After that, in a clockwise
direction, the other players may play a hand, that must be
higher than the previous hand played. The goal of the game
is a race to finish playing all the cards. The game could be
stopped either after one player plays all his cards or after
only one player still has some cards unplayed.

3.2 The Rules

in value prediction is based on gradient descent. Gradient In the game of Chapsa, the suit is ordered as diamond (low-
descent methods are among the most widely used of all func- est), club, heart, spade (highest). Strangely, three is the
tion approximation methods and are particularly well suited smallest value and deuce is the highest value. That is, three
to reinforcement learning. In gradient-descent methods, the of diamond or deuce of spade is the smallest or highest card

parameter vector is a column vector with a fixed number
of real valued component8; = (6,(1),6,(2), ...,0:(n))"

and V;(s) is a smooth differentiable function @ for all
statess € S.

We assume that states appear in examples with the same

distribution, over which we are trying to minimize the mean
squared error. A good strategy in this case is to try to min-
imize error on the observed examples. Gradient descent
methods do this by adjusting the parameter vector after each
example by a small amount in the direction that would most
reduce the error on that example:

Ori1 = 0; + a [or — Vils:)] Vi Vilst)

in the whole deck, respectively.

There are 4 different hands: one-card hands, two-card
hands, three-card hands, and five-card hands. Any single
cards can be played as one-card hands. Any pair cards (two
cards with the same value regardless of their suits) can be
played as two-card hands. Similary, a three-card hand is
a three-of-a-kind, that is, three cards with the same value
regardless of their suits. Five-card hands include regular
poker hands. Straight hands (smallest), flush hands, full-
house hands, four-of-a-kind hands, and straight-flush hands
(highest) are all valid to be played as five-card hands. No-
tice that four cards of all suits with the same value must be
played as five-card hands and not as four-card hands.



When playing pairs, three-of-a-kinds, flushes, full-
houses, and four-of-a-kinds, one must remember the rule of
"deuce is the highest value”. The following statements are
true

Pair of deuce is higher than pair of ace.

Three-of-a-kind of deuce is higher than three-of-a-kind of
ace.

Flush hand of heart with a deuce is higher than flush hand
of heart with an ace and no deuce.

Full-house hand with three cards of deuce is higher than
full-house hand with three cards of ace.

Four-of-a-kind of deuce is higher than four-of-a-kind of
ace.

However, straight and straight-flush hands do not follow the
rule of "deuce is the highest value”. The followings are some
examples

Straight hands of ace, deuce, three, four, and five are NOT
higher than straight hands of ten, jack, queen, king, and
ace.

Straight-flush hand of spade with deuce, three, four, five,
and six are NOT higher than straight-flush hand of spade
with ten, jack, queen, king, and ace.

The last rule that makes this game a little bit complicated
is that one must play the same kind of hand with previous
hand. If a player plays a pair hand, then the next player who
wants to play cannot use any other hands than pairs. If a
player does not have the same kind of hand or one has it
but does not want to play it, then this player may pass. If a
player A plays a hand{, and all other players pass consec-
utively, thenA may play a hand whose type is different than
H or a hand whose type is the sameabut whose value is
smaller. The former is calledraspond movevhile the latter
is called aropening move

3.3 Basic Strategies

Since the probability of getting three-of-a-kind, straight,
flush, full-house, four-of-a-kind, or straight-flush hand is
very small, it is more likely that players are playing single or
pair hands most of the time. Because of that, if a player has
more than one deuce, he usually plays them as single hand
instead of others. Thus, if the current type of hands being
played is one-card, a player can use a deuce to beat previou

hand, and then after all other players pass (which can hap-

pen with higher probability), this player can play other type
of hand of his choice.

S

Having hands other than single is not usually better than
not having them at all. For example, having a four, five, six,
seven, and eight exactly one for each can be considered not
good. Although those five cards can create a straight hand,
if no player would initiate to play five-card hand, then those
five cards must be played as single hands, which have low
values. Even if a player initiates playing five-card hand, that
straight hand would probably not able to beat any five-card
hands that are played.

4 Implementation
To simplify the formula, the following notations are used
e Suit of diamond =D
e Suitofclub=C
e Suitof heart =H
e Suitof spade =S

4.1 Ranking

In the game of Chapsa, to come out as the first winner, a
player must have a good set of hands at the beginning of
the game. Assuming the other players play competitively to
come out as the first winner, a player with a bad set of hands
will be very unlikely to be a first winner. Thus, a ranking
system calculation is taken on every game at the begining of
a game.

4.1.1 Scoring Single Hands. There are 52 possible single
hands, each is assigned a unique score ranging from 1 to 52.
A sequence of [3D],[3C],[3H],[3S]. -,[2H],[2S] is assighed
values ofl,2,3,...,52. LetS be asetof cardsand € S

be the i-th card that is also a single hand. Single hands’ score
score; Of a set of cards' is defined as follow

ZsiES single(s;)

5]
wheresingle(s;) is a normalized score of a card. That is,
single([3D]) = &5 andsingle([2H]) = 5. Thus,score;

is basically an average of normalized scores for all cards in
the setS.

4.1.2 Scoring Pair Hands. There arel3 x 6 possible pair

scorey (S) =

Shands, each is assigned a unigue score ranging from 1 to

78. For each value, there are 4 different suits, of which 6
combinations of pair hands can be created. Within a value,
the combination is ordered as

1. diamond-club (smallest)

Because different types of hands cannot beat one type of2,
hand, a player usually want to keep the type of hands being3
played to a type that he has the most. A player may also
want to take risk by playing a high-value hand in the begin- 4. diamond-spade
ning in order for him to be able to change the type of hands 5 ¢|yb-spade
being played. For example, if the current type of hands be- .
ing played is one-card, a player with deuce of heart (and & heart-spade (highest)
without deuce of spade) may want to risk playing the deuce The smallest pair hand, [3D:3C], is assigned a score of 1,
of heart. The owner of deuce of spade may pass for some while the highest pair hand, [2H:2S], is assigned a score of
reasons (i.e. if the next lower value of his cards after deuce 78. LetS be a set of cardsPairOf(S) be a set of pair
of spade is a jack). hands can be found i, andp; € PairO f(S) be the i-th

diamond-heart
club-heart



pair hand. Pair hands’ scoreore, of a set of cardsS is
defined as follow

Zp1,€PairOf(S) pazr(pi)

|PairO f(S)]
wherepair(p;) is a normalized score of a pair hand. That
is, pair([3D : 3C)) = = andpair([2S : 2C]) = I. Thus,
scores is basically an average of normalized scores for all
pair hands in the sef.

4.1.3 Scoring Three-of-A-Kind Hands. There arel3 x 4

scorex(S) =

possible three-of-a-kind hands, each is assigned a unique

score ranging from 1 to 52. For each value, there are 4 differ-
ent suits, of which 4 combinations of three-of-a-kind hands
can be created. Within a value, the combination is ordered
as

1. diamond - club - heart (smallest)

2. diamond - club - spade

3. diamond - heart - spade

4. club - heart - spade (highest)

The smallest three-of-a-kind hand, [3D:3C:3H], is assigned
a score of 1, while the highest three-of-a-kind hand,
[2C:2H:2S], is assigned a score of 52. Letbe a set of
cards,ThreeOf(S) be a set of three-of-a-kind hands can
be found inS, andt; € ThreeO f(S) be the i-th three-of-a-
kind hand. Three-of-a-kind hands’ scoreres of a set of
cardsS is defined as follow

Zti €ThreeOf(S) three(ti)

|ThreeO f(S)]
wherethree(t; is a normalized score of a three-of-a-kind
hand. That is,three([3D : 3C : 3H]) = 2 and

three([2D : 2H : 2S]) = 21. Thus, scores is basically
an average of normalized score for all three-of-a-kind hands
in the setS.

scorez(S) =

4.1.4 Scoring Straight Hands. The score of a straight
hand is the sum of individual cards participating in the hand.

sequence of [3D],[4D],[5D]. .,[KD],[AD],[2D],[3C],[4C],
[5C]... . [KS],[AS],[2S] is assigned values  of
0,1,2,3,...,51. The highest possible score in the set
of all flush hands is achieved by [JS:QS:KS:AS:2S], which
has a score of7 + 48 + 49 + 50 + 51 = 245. A normalized
score for a flush hanéf is

ZheH val(h)
245

whereh is a card in a flush hanfl andwval(h) is the indi-
vidual score for card, as being described above.

scorefrysn(H) =

4.1.6 Scoring Full-House Hands. The score of a
full-house hand is the sum of individual cards par-
ticipating in the hand. Each card is assigned a
unigue value ranging from 0 to 51. A sequence of
[3D],[3C],[3H],. . .,[AC],[AH],[AS],[2D],[2C], [2H],[2S] is
assigned values of,1,2,3,...,51. The highest possi-
ble score in the set of all full-house hands is achieved by
[2C:2H:2S:AH:AS], which has a score @b + 50 + 51 +

46 4+ 47 = 243. A normalized score for a full-house ha#htl

IS
_ ZheH val(h)
243

whereh is a card in a full-house hanH andval(h) is the
individual score for card, as being described above.

scorefullhouse (H)

4.1.7 Scoring Four-of-A-Kind Hands. The score of

a four-of-a-kind hand is the sum of individual cards
participating in the hand. Each card is assigned a
unique value ranging from 0 to 51. A sequence of
[3D],[8C],[3H],. . .,[AC],[AH],[AS],[2D],[2C], [2H],[2S] is
assigned values df, 1,2,3,...,51. The highest possible
score in the set of all four-of-a-kind hands is achieved by
[2D:2C:2H:2S:AS], which has a score &7 + 48 + 49 +

50 + 51 = 245. A normalized score for a four-of-a-kind
handH is

_ > ner val(h)

Scorefourkind(H) 245

Each card, except the aces, is assigned a unique value rangwherenh is a card in a four-of-a-kind hand andwval(h) is

ing from 4,5,6, to 51, for [2D],[2C],[2H], to [KS], respec-
tively. All aces can have either one of the two values,

the individual score for cardl, as being described above.

depending whether they are being used as a low straight 4-1.8 Scoring Straight-Flush Hands. The score of a

(A:2:3:4:5) or high straight (10:J:Q:K:A). As a low straight,

aces are assigned values from 0 to 3. As a high straight,

straight-flush hand is the sum of individual cards partici-
pating in the hand. Each card, except the aces, is assigned

aces are assigned values from 52 to 55. The highest possi-2 Unique value. A sequence of [2D],[3D],[4D],,[KD]

ble score in the set of all straight hands is achieved by the
royal flush hand ([10S:JS:QS:KS:AS]), which has a score of
39 + 43 + 47 + 51 + 55 = 235. A normalized score for a
straight handd is

_ > hen val(h)
235

whereh is a card in a straight handf andval(h) is the
individual score for card, as being described above.

scoreg (H)

4.1.5 Scoring Flush Hands. The score of a flush hand is
the sum of individual cards patrticipating in the hand. Each
card is assigned a unique value ranging from 0 to 51. A

is assigned values of 1 to 12. A sequence of
[2C],[3C],[4C].. . .,[KC] is assigned values of 15 to 26. A
sequence of [2H],[3H],[4H]. .,[KH] is assigned values of

29 to 40. A sequence of [2S],[3S],[4S],,[KS] is as-
signed values of 43 to 54. All aces can have either one
of the two values, depending whether they are being used
as a low straight-flush (A:2:3:4:5) or high straight-flush
(10:J:Q:K:A). A sequence of [AD],[AC],[AH],[AS] is as-
signed values of 0,14,28,42 if they are used in a low straight-
flush. A sequence of [AD],[AC],[AH],[AS] is assigned val-
ues of 13,27,41,55 if they are used in a high straight-flush.
The highest possible score in the set of all straight hands
is achieved by the royal flush hand ([10S:JS:QS:KS:AS)),



which has a score dfl + 52 + 53 + 54 + 55 = 265. A function V™. The approximation value fdr; is defined as
normalized score for a straight-flush haHds

n
D ner val(h) Vi(st) :Zfiet(i)
Scorestrflush(H) = T i=1
) ] ] ) wheref; is a feature component in the neural network for a
wheref is a card in a straight-flush harfd andval(h) is states, at timet, n is total number of features representing a
the individual score for carfl, as being described above. state, and), (i) is a weight component in the neural network

4.1.9 Scoring Poker Hands. Since all poker hands are related to feature at timet. L
considered the same type of play, the score of each poker The gradient od;(s;) with respect t; is defined as fol-
hand must be adjusted according to how easy or hard to get low

it. For example, a normalized score &% for full-house OVi(s; OVi(sq Vi (s
hand is actually higher than a normalized scor&@f for V@Vt(st) = (80 (1) 86,(2)"" """ 90 (n))
straight hand. Total number of each poker hand is calculated i i ¢
as follow Vi Vi(st) = (fi, for - f)
e 10 x 4% = 10240 straight hands A complete algorithm for online gradient descent Rp(
13 that is used by ChapsaRL is as follow
o 4x (5) = 5148 flush hands 01 initialize§ arbitrary
02repeatfor each game

03 ¢€=0

04 s < initial state of a game

- P 05 repeatfor each step of a game

e 13 x 48 = 624 four-of-a-kind hands 06 o « action given byr for s

e 10 x 4 = 40 straight-flush hands 07 take actiom, observe its reward, and next state’

. AN
The ratio 10240:5148:3744:624:40 can be simpli- 08 < 7+ V() —V(s)

fied to 2560:1287:936:156:10.  Thus, the normal- 09 €< 7A€+ fs
ized scores for straight, flush, full-house, four-of-a- 10 0« 0+ ade
kind, and straight-flush hands must be multiplied by 11 s« s

4 4
e 13 x (3) x 12 x <2> = 3744 full-house hands

1,80 ~ 1.989, 200 ~ 2735 2% ~ 1641, and 12 until s is the last move on a game
2580 — 256, respectively. Thus, poker hands’ scarere; o
of a set of cardss is defined as follow Note thatf; is a vector of features extracted from state

scoressunm (S) = D pesin(s) Scoresir (h)/|Str(S)]

4.3 Selected Features
+ 1.989 x ZheFlu(s) score piysn(h) /| Flu(S)]

In the game of Chapsa, decisions can be categorized into

+2.735 X X perm(s) SCOT€ fulthouse () /| F H(S))] two: one for choosing opening moves and the other for
+16.410 X 3¢ pre(s) SCOTEfourkind(h) /|[FK(S)] choosing respond moves. ChapsaRL implements these two
+ 256 % ZheSF(S) scoresir frush(R)/|SF(S)] types of decisions as a separate two neural networks, each

using a different set of features. Features that are used in
scores(S) = scoressun(S)/278.134 opening-move-neural-network are as follow

where Str(S), Flu(S), FH(S), FK(S), and SF(S)

; . 1. Proposed action’s value
return a set of all straight, flush, full-house, four-of-a-kind, P

and straight-flush hands from a set of casisespectively. 2. Type of hand
3. Total current cards
4.1.10 Scoring Set of Cards. Since the goal of Chapsais 4. Total played cards
to play all cards as fast as possible, five-card hand $ith 5. Average score of current single hands
normalized score should worth more than pair hand with )
50% normalized score. Given a set of caisthe general 6 Average score of current pair hands
score for sefS is defined as follow 7. Average score of current three-of-a-kind hands
scoresunm (5) = scorei(5) + 2 x scorez(5) 8. Average score of poker hands
+ 3 x scores(S) + 5 x scores(S)
Features for respond-move-neural-network are as follow
score(S) = scoresunm () 1. Propose action’s value
11 2. Total current cards
4.2 Algorithm 3. Total played cards
ChapsaRL implements TDJ learning method with a linear ~ 4. Average score of hands of the same type with the pro-

neural network served as function approximator for its value ~ Posed action



4.4 Reward Calculation to go up or down without specific pattern.
Rewards is given at the end of every game. A player with

initial card ranke is given a positive reward, if it can finish 1stWin | 2nd Win | 3rd Win | 4th Win
the game with a positiop < z, wherer = x —y + 1. On Rank 1| 53.2 24.2 14.7 7.9
the other hand, a player is given a negative rewari it Rank2| 36.0 27.7 20.6 15.8
finishes the game with a positign> x, wherer = z — y. Rank 3| 36.1 26.9 20.9 16.1
Rank 4| 35.6 27.7 20.4 16.4
5 Results and Discussions Table 3: Winning percentage for ChapsaRL, trained with

three random players for 1000 games, versus three other

All the results are run using = 0.9, discounted delay rate random players over 10000 games.

~v = 0.5, and learning rate = 0.5.

5.1 Comparing Random and ChapsaRL Players st Win | 2nd Win | 3rd Win | 4th Win

Table 1 shows the percentage of winnings for a random 522::% ggg g?i ;gg 17564
player versus three other random players, separated by ' ' ' '
L. o Rank3| 36.6 26.7 21.0 15.8
initial card ranks. The rows represent initial card ranks

. ; " Rank4| 36.6 27.7 19.8 16.0
while the columns represent winner position. For example, — . .
given a first rank cards, random players are able to come out Table 4. Winning percentage for ChapsaRL, trained with

as the first winner 31% of the time. Here, random player three random players for 10000 games, versus three other

is a player who decides its moves randomly using a random random players over 10000 games.
number generator.

Rank 1 133‘}1\/\{'” ands"g'” SrSZV\ém 4t21V\(/)'n 5.3 Comparing Different Trainers

Rank2| 22.8 254 26.1 25.7 i

Rank 3| 225 24.9 26.2 26.4 The performance of ChapsaRL player in Table 2,3, and 4

Rank4!| 225 24.0 26.3 27.3 is based on a training with three random players. Table 5
Table 1: Winning percentage for random player versus three Shows the performance of ChapsaRL player trained with
other random players over 10000 games. three other ChapsaRL players, starting from "baby” level.

Comparing Table 4 and 5, it can be seen that the perfor-
Table 2 shows the percentage of winnings for a Chap- mance of ChapsaRL player trained with three other "baby”

saRL player, trained with three other random players for ChapsaRL players is notas good as that of ChapsaRL player
100 games, versus three other random players over 10000trained with three random players.
games. Compared to Table 1, it can be seen that the perfor- _ _ _ _
mance of ChapsaRL players trained with random players 1st Win | 2nd Win | 3rd Win | 4th Win
is higher than that of random players. The percentage of Rank1| 52.8 24.9 14.1 8.2
1st and 2nd winnings increase while the percentage of 3rd | Rank2| 34.9 27.4 21.6 16.1
and 4th winnings decrease in all ranks. This shows that Rank3| 35.6 26.5 21.9 15.9
reinforcement learning implemented in ChapsaRL player is Rank4| 36.1 27.4 20.5 16.0
working. Table 5: Winning percentage for ChapsaRL, trained with

three ChapsaRL players for 10000 games, versus three

random players over 10000 games.

5.2 Varying Amount of Training for ChapsaRL

Players Table 6 shows the performance of ChapsaRL player
Ist Win [ 2nd Win | 3rd Win | 4th Win trained with three other "adult” ChapsaRL players. Com-

Rank1| 51.7 25.2 147 84 paring Table 4 and 6, it can be seen that the performance of
Rank2| 35.9 27.9 20.7 15.5 ChapsaRL player trained with three other "adult” ChapsaRL
Rank3| 36.0 27.2 20.7 16.0 player is better than that of ChapsaRL player trained with
Rank4| 35.4 27.2 20.9 16.4 three random players.

Table 2: Winning percentage for ChapsaRL, trained with

three random players for 100 games, versus three other 1st Win | 2nd Win | 3rd Win | 4th Win

random players over 10000 games. Rank 1| 53.4 24.8 14.2 7.6

Rank2| 38.1 26.9 19.8 15.2
Table 3 and 4 shows the performance of ChapsaRL Rank3| 37.4 26.9 21.2 14.5

players in the same situation as in Table 2, except that the Rank 4| 37.7 26.0 20.8 15.6

amount of training is increased to 1000 and 10000 games, Table 6: Winning percentage for ChapsaRL, trained with

respectively. Comparing the values on Table 2,3, and 4, it three adult ChapsaRL players for 10000 games, versus three

can be seen that as the amount of training increases, therandom players over 10000 games.

percent wins as first winner increases. All other values seem




5.4 Comparing Different Opponents 1998.

So far ChapsaRL player is only tested against random .

players. Table 7 shows the performance of ChapsaRL _[4] Thrun, S.Learning To Play the Game of Chess.
player against three copies of itself over 10000 games. Advances in Neural Information Processing System 7. 1995.
Comparing Table 5 and 7, it can be seen that if ChapsaRL .
player is setup to play with more intelligent players, thenits [5] Barto, A. G. and Mahadevan, Becent Advances in
performance decreases. This shows that random players aréierarchical Reinforcement Learning.

not as competitive as ChapsaRL players.
[6] Even-Dar, E. and Mansour, YConvergence of

1stWin | 2nd Win | 3rd Win | 4th Win Optimistics and Incremental Q-Learning. NIPS 2001.
Rank1| 47.6 25.1 171 10.2
Rank?2| 17.0 25.6 28.0 205 [7] Plett, G. L. Punish/ Reward: Learning With a
Rank3| 17.2 24.3 28.3 30.2 Critic in Multilayer Neural Networks.
Rank4| 15.9 25.6 28.2 30.3

Table 7: Winning percentage for ChapsaRL, trained with  [8] Tesauro, G. JPractical Issues in Temporal Differ-
three ChapsaRL players for 10000 games, versus three €nce Learning.Machine Learning, 8, 1992.
copies of itself over 10000 games.

5.5 Varying Different Number of Opponents

Here, ChapsaRL player is tested in one-on-one match with
other player. Table 8 shows its performance against its
own copy. Table 9 shows its performance against a random
player. These two tables confirm once again that ChapsaRL
player is indeed much more competitive than random player.

Win | Lose
Rank 1| 68.5| 31.5
Rank?2| 32.5| 67.5
Table 8: Winning percentage for ChapsaRL, trained with
three ChapsaRL players for 10000 games, versus a copy of
itself over 10000 games.

Win | Lose
Rank 1| 82.4| 17.6
Rank 2| 68.7 | 31.3
Table 9: Winning percentage for ChapsaRL, trained with
three ChapsaRL players for 10000 games, versus a random
player over 10000 games.

6 Conclusion and Summary

Based on the results and discussions, ChapsaRL player is
known to be more competitive than random player. It is also
shown that amount of training and the types of trainers will
affect the performance of ChapsaRL player. Moreover, in a
head to head match, ChapsaRL seems to perform better.
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