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Abstract— Games can be used as simulations to check the effectiveness and viability of an Artificial Intelligence
technique. In this study, a competitive RoShamBo Al is developed and its performance is measured using the first
International RoShamBo Tournament test suite. The Al stores a history of its opponent's move and checks for
repetition to predict the opponent’s next play. A training program was also developed that finds the best performing
bot variant by changing the bot's behavior in terms of increasing the history's window size. The developed Al is shown
to rank high in the competition. This indicates the potential of using the core technique (of the proposed variant) as
an Avrtificial Intelligence bot to similarly applicable games.

Index Terms— Artificial Intelligence, Game Theory, Rock Paper Scissors, RoShamBo, First International
RoShamBo Tournament test suite

|. INTRODUCTION
In this paper, a Historical Sequence-based Predictor algorithm is presented that is used in the First International
RoShambo Programming Competition test suite.

A. Definitions

This section describes some of the important terminologies that are used in the next sections.

Move. A move is a play that has been selected by a player from among the possible options to select from [1].

Match. An instance of a game between two or more players defined by a sequence of valid moves. A match is over
when the winners and losers have been declared based on the rules of the game [1].

Turn. A turn is a moment during a match when both players each have to select a move that they believe will cause
them to achieve a victory condition [1].

Tournament. A tournament is an event where multiple players play against each other to determine their rank [1].

Predictor. A predictor is an algorithm that can predict the next symbol in a sequence of symbols as a probability
distribution over the alphabet of symbols [2].

B. RoShamBo Game
RoShamBo is a two-player game where both players pick a move that will defeat their opponent. The moves are
{Rock, Paper, and Scissors}. Each player chooses a move in secret. After a predetermined amount of time, each player
will reveal their chosen move. The winner of this turn is then determined from Table I. The game is repeated until a
predetermined condition is fulfilled (such as first-to-three wins).

C. International RoShamBo Programming Competition
The First International RoShamBo Programming Competition was conceptualized by Darse Billing on September
1999 [3]. The results have been published in the International Computer Games Association (ICGA) Journal [4].

The programming competition uses the C programming language. Each competitor creates an Artificial Intelligence
(Al) bot that returns 0, 1, or 2; representing rock, paper, and scissors. The bots are matched up with other participating
bots in a round-robin tournament. One match-up will last for 1000 turns.

1) RoShamBo Ranking System: The RoShamBo tournament uses two different rankings. The tournament results
ranks the bots on how many turns they won in total. The match results ranks the bots on how many matches they won: a
match is won if they have > 50 points, a lost if they have < -50 points, and a tie otherwise.

TABLE I: RPS VICTORY CONDITIONS

P2 plays rock P2 plays paper P2 plays scissors
P1 plays rock Tie P2 wins P1 wins
P1 plays paper P1 wins Tie P2 wins
P1 plays scissors P2 wins P1 wins Tie

D. RoShamBo Test Suite Als
The First International RoShamBo Programming Competition test suite included some Als from the first
tournament. The following Als are relevant to this paper:
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1) MegaHAL: MegaHAL is Jason Hutchens' entry to the First International RoShamBo tournament which ranked
3rd in the overall standings. It is based on his chatbot of the same name that he had entered in the 1998 Loebner Prize
Contest [5].

Hutchens has theorized that RoShamBo is susciptible to predictive algorithms [2]. To predict its opponent,
MegaHAL records the history of both players in alternating sequence. From this sequence, it tries to predict its
opponent's next play.
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MegaHAL uses an infinite context Markov model [2]. It stores the frequency of the opponent's move based on past
contexts. Every turn, it updates the score that each context would have earned if it was chosen in previous turn. Once the
opponent is predicted, MegaHAL chooses the context with the highest average score. It plays the move that with the
highest expected score gain based on the prediction. In case of a tie, the longest context is used. If no prediction is found,
MegaHAL plays at random.

MegaHAL only uses the last n moves of history, where n is a predetermined number. This allows it adapt to changes
in the opponent's strategy. In the test suite, n = 200 moves.

2) locaine Powder: The locaine Powder bot is the Al that ranked highest in the first International RoShamBo
Programming Competition. At its core, it applies predictive algorithms to both its opponent and against itself. Using a
meta-strategy, it will try to predict and outplay its opponent. If it detects that the opponent is trying to predict how
locaine Powder plays, it'll play against itself.

A more detailed discussion of this is available in Valdez [1].

E. Research Questions
In this study, we try to answer the following questions:
1) Can we develop an Al based on direct history that can perform well in the first International RoShamBo
Tournament test suite?
2) What are the variables that can change the Al's behavior?
3) Among the different Al variants, can we identify the highest ranking variant of the bot?

I1. RELATED LITERATURE
A. Al in General
Artificial Intelligence is a branch of computer science and was first coined by John McCarthy and founded at the
Dartmouth College conference [6]. They define Al as algorithms that are developed with the purpose of mimicking
human-like intelligence.

When presented with a problem, a human starts by analyzing the problem. These analysis are then used in making a
decision to solve the problem [7]. This problem solving model can be implemented in Al using a problem analysis
component and a decision-making component.

An Al can develop complex and unexpected behavior, referred to as “Emergent Behavior”. This occurs when an Al
reacts to an event in such a way that was not explicitly programmed by the Al developer [8].

B. Al in Games
Researchers have studied games such as Chess and Poker for Al development. IBM devloped a Chess Al, called
Deep Blue, that defeated then World Chess Champion Garry Kasparov [9]. Building on his RoShamBo work, Darse
Billings have also developed a testbed for Poker, to aid machine intelligence research [10].

In the video game Quake 3, a group of bots was developed that exhibit human behavior using Al technologies [11].

C. Publications in RoShamBo
In the International Computer Games Association (ICGA) Journal, the results of the First International RoShamBo
Programming Competition is published [4]. This is the basis for the work in this paper.

According to [12], there are two approaches used to produce strong RoShamBo players. The first approach uses
“purely statistical techniques’™ where a strategy is chosen and statistical techniques are developed to model that strategy.
The second appraoch uses the ““direct history method”” which analyzes for patterns.

History ...PPSRSPPSRSPPS
Sequencelengths IR[slP|P]S
Sequencelength, S|PIPI|S
SequenceLengths PIP|S
SequenceLength, P|S
SequenceLength; LS |

Fig. 1. WindowSize=5 example diagram
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Prior to this work, the primary author of this paper has developed an Al to participate in the First International
RoShamBo Tournament. While the Al developed for this paper uses a direct history method, our previous paper uses a
statistical technique [1], [13]

I11. METHODOLOGY
The main flow of this study is as follows:

1) Create an Artificial Intelligence RoShamBo bot based on the direct history strategy.

2) Create a training program for the Al bot that can modify the behavior of the Al.

3) Take a modified program returned by the training program and run the Al in the first International RoShamBo
Programming test suite'. The rankings are recorded, the training program is re-run to create a new version, and the
process is repeated. Once new versions are determined to not improve in ranking, the best performing version of the bot
is determined.

Some parts of this proposed flow require further descriptions and are expanded in the next sections.

A. Historical Sequence-based Predictor
We based our Al on the idea that some opponents have tendencies to repeat their previous move sequences.

At the start of the match, by default, we assume that the opponent will use Rock. We do not randomize our first
move as to minimize using the shared random number generator (RNG). This is to reduce any influence on other Als that
uses the RNG.

After the first turn, we start recording the opponent's move into a history variable.

Prior to running the test suite, a WindowSize (WS) is decided on. This controls the size of the sequence
(SequenceLength) that the Al will search in the opponent's history in each iteration.

Figure 1 shows what SequencelLength contains, given that the opponent's history is PPSRSPPSRSPPS and WS=5.
When predicting the opponent's next move, the Al will looks into the history and observes RSPPS (SequencelLengths),
SPPS (SequenceLength,), PPS (SequencelLengths), PS (SequencelLengthy), and finally S (SequenceLength,). If a search
result is found, the Al does not check the next SequenceLength.

The Al grabs the last n turns from the history, where n = SequencelLength and assign it to the variable Seq. It looks
for the occurance of Seq in the history. If SequenceLength is larger than length of the history, we iterate to the next
smaller SequenceLength. If no Seq is found, we iterate the next SequenceLength.

When Seq is found, the Al adds that move to a running tally for Rock, Paper, and Scissors. It does this until it has
exhausted the entire history. When making its prediction, it returns the move that has the highest tally. In case of a tie, it
counts how many times each move has occured in the entire history and return the move with the highest count. In case
of another tie, it selects at random from among the tied moves, which will be the only time it uses the RNG. Finally, it
returns the predicted move.

Continuing our example, if PPS has multiple hits, a tally is recorded. If in the history, PPSR, PPSP and PPSP is
found at different positions, P will be its prediction, as it has the highest tally.

The program's flowchart and code listing can be found at Fig. 2 and 3, respectively.

B. Training Program
We exposed the WindowSize variable to an external program by adding to the code in the original RoShamBo test
suite. These hooks our training program to the test suite allowing it to directly change the bot's behavior. The test suite
uses C while our Al and training program uses Python.

At each training iteration, the training program replays the tournament using different values for WindowSize. The
result for each iteration are then saved in a database for analysis.

A Python script analyzer will parse the database and extract the ranking of each Al variant. The script will then
render the data into a chart.

All of the above scripts are what the training program is made of.

1 The Shofar Al in the test suite has a off-by-one bug which throws out an exception (line 3021 in the original
unmodified source code). The researchers avoided the exception by modifying the assert. But as a side-effect, some
random numbers cause Shofar to return an invalid move. But by design, the test suite will modulo any invalid move
by 3, allowing the tournament to continue as normal.
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C. Source Code
The researchers have uploaded to an online repository the following: the source code, the results, and the tools to
analyze the results [14].
IV. RESULTS

Fig. 4: Tournament results (lower is better) Fig. 5: Match results (Lower is better)
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A. Rankings

Against the 41 Als from the First International RoShamBo Test Suite, this paper's Al best performances are 11 for
tournament ranking and 6 for match ranking.

The score of 11 in tournament ranking goes to WS=5. The score of 6 in match ranking goes to WS=9.

Figures 4 and 5 show the position of each variant in the tournament ranking system and the match ranking system,
respectively. Table Il contains the results against each 41 opponents.

B. Insights and Observations
During the course of the research, we have gained insights on our Al's behavior against other Als. We have written
up the following observations on these match-ups:

1) One-on-one against other Als: The test suite contains dummy bots which are bots that have the most basic
algorithm developed by Darse Billings. The Historical Sequence-based Predictor Al is consistent in defeating the dummy
bots Good Ole Rock (Al only plays Rock), R-P-S 20-20-60 (Al uses the RNG to pick Rock, Paper, and Scissors with a
ratio of 20%, 20%, and 60%, respectively) and Rotate R-P-S (Al cycles between Rock, Paper, and Scissors). These two
bots have very predictable patterns and defeating them shows that our Al can predict simple patterns. It only needs WS=1
to win against these bots. We have received a perfect score against Good Ole Rock, but this can be attributed to our
default prediction of Rock at the start of the match.

Our Al has an interesting interaction against the Beat Frequent Pick dummy bot (a bot that tries to model its
opponent's frequent picks and beats it). This bot is modelling our Al and our bot is modeling the dummy bot's history.
This back and forth modelling has caused our Al to accidentally trap the BFP bot by making it play moves that are
predictable. This is an example of emergent behavior where an Al responds with behavior that is not explicitly
programmed [8], [15].
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Al() function
[*currentTurn contains how many turns has passed*/
if currentTurn ==0:
call the Initialize subroutine
return 0/* Rock */
Add opponent’s move from last turn into History
Prediction =Predictor() function
/*Play the move that beats the prediction*/
Move = (Prediction + 1) %3
return Move

Initialize subroutine
WindowSize =1..29
History =[]

Predictor() function

for SequenceLength in [1..WindowSize]:
if SequenceLength >len(History): continue
prediction =CheckHistory(SequenceLength)
if prediction !=-1: return prediction

return 0 /* Rock */

CheckHistory(SequenceLength) function

/*Get the last n turns from History and assign it to Seq*/
Seq =History[-SequenceLength:]

/*Search for Seq in History, excluding the last n turns */
found =History.find(Seq, 0, -SequenceLength)

if found == -1: return -1

/*1f found, check the move the opponent played after the sequence
and add that to a running tally.*/
tally =[0, 0, 0]
while found !=-1:
end = found + len(Seq)
move = History[end:end + 1]
tally[move] +=1
/*Keep looping until the entire history is checked.*/
found= History.find(Seq, found+ 1,-SequenceLength)

prediction =GetHighestTally(tally)
return prediction

GetHighestTally(tally) function
highest = max(tally)
if tally.count(highest) == 1:
/*Get the move with the highest tally*/
prediction =tally.index(highest)
return prediction
elif tally.count(highest) >1:
/*In case of a tie, count which move is played most often*/
MoveCount= [0, 0,0]
for move in [0, 1, 2]:
if tally[move] == highest:
MoveCount[move] = History.count(move)
highest =max(MoveCount)
if moveCount.count(highest) == 1:
return moveCount.index(highest)

/*1f the above can’t find a prediction, randomly select from
the tied moves.*/
return random(tally)

Fig. 3: Al code listing
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TABLE | I: WINDOWSI ZE ONE-ON-ONE PERFORMANCES

Best Worst
Al Opp onent WindowSize Score WindowSize | Score
. Good Ole Rock WS =1 1000 WS =1 1000
. R-P-S 20-20-60 WS =1 404 WS =11 244
Rotate R-P-S WS =1 997 WS =1 997
Beat The Last Move WS =2 860 ws=1 -6
Always Switchin WS =15 256 WS =2 127
. Beat Frequent Pick WS =10 733 WS =17 585
_Pi WS =2 2 WS =4 -63
Switch A Lot WS =1 206 WS =12 106
Flat WS =2 148 WS =1 13
Anti-Flat WS =2 1000 WS =1 998
Foxtrot WS =25 427 WS =1 -45
De Bruijn WS =4 -18 WS =3 -240
Text WS =1 175 WS =11 136
Anti-rotn WS =11 61 WS =1 -18
Copy-drift WS =2 90 WS =25 -60
Add-react WS =4 102 WS =1 -2
Add-drift WS =11 55 WS =10 -24
locaine Powder WS =3 -318 WS =25 -815
| Phasenbott | ws=3 191 | Ws=10 | 815
MegaHAL WS =8 17 WS =2 -309
RussRocker4 WS =6 18 WS =1 -427
Biopic WS =8 -18 WS =3 -201
Simple Modeller WS =19 10 WS =1 -259
Simple Predictor WS =19 93 ws=1 -327
Robertot WS =19 53 WS =1 -263
Boom WS =19 51 WS =1 -180
Shofar WS =9 53 ws=1 -129
ACT-R Lag2 WS =19 33 WS =2 -99
Majikthise WS =8 37 WS =7 -20
Vroomfondel WS =4 39 WS =6 -73
Granite WS =9 132 WS =1 -201
Marble WS =19 154 WS =1 -159
ZQ Bot WS =11 184 WS =1 -238
Sweet Rocky WS =5 70 ws=1 -138
Piedra WS =25 65 ws=1 -204
Mixed Strategy WS =7 149 ws=1 -109
Multi-strateqy WS =4 385 WS =25 158
Inocencio ws=1 791 WS =3 -10
Peterb ot WS =5 382 WS =13 24
Bugbrain WS =8 35 WS =1 -209
Knucklehead WS =4 594 ws=1 -16

Our Al loses against the Pl dummy bot which uses the constant Pl as its source of moves. This is expected as Pl has
no pattern to predict.

The dummy bot Switch A Lot, is a bot that constantly changes moves and does not use the same move twice in a
row. However, it still loses to our Al. By not using the same move twice, Switch A Lot has developed patterns that can be
predicted.

Against MegaHAL, another bot that uses the direct history method, our Al never won a match. The highest points
our Al received was from the WS=8 variant, with a positive score of 17. Although this counts as a loss (a minimum of 50
is needed to count as a win), this shows that defeating MegaHAL is possible. MegaHAL's decision making consists of
calculating which move gives the maximum expected score. Adding a more sophisticated decision making can improve
our standing against MegaHAL. Against the highest ranking bot, the locaine Powder Al, our Al never won. Compared to
MegaHAL, we did not receive a positive score against locaine Powder. locaine Powder has a problem analysis
component that tries to predict itself. If it detects that the opponent has predicted the locaine Powder algorithm, it will
play moves that will defeat its own plays.

2) Tournament performance insights: This paper's Al has a ranking of 11 for tournament ranking. One area that can
improve this ranking, is to have an algorithm designed to maximize the number of points to be won. In match ranking,
the Al has a high rank of 6. Only +50 points advantage is needed to win a match. The Al might not have won a lot of
overall points, but it can earn enough points to win individual matches. For a game that just ranks for victories in match-
ups, the Historical Sequence-based Predictor can be applied. We run our training program to look for a max of 29
sequences. We have observed that performance does not improve from WS=29 onwards for both rankings.
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MegaHAL and locaine Powder has a more sophisticated decision making component in comparison to our Al. This
causes them to be consistent in ranking high. This shows that developing a more robust decision making system will be a
good focus for improving the Al.
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V. CONCLUSIONS
In this paper, we have developed an Artificial Intelligence to play in a RoShamBo tournament. We have identified the
variables that controls the behaviour of the bot and created a training program that finds the highest ranking Al variant.
The Historical Sequence-based Predictor Al has a best ranking of 11 for the tournament ranking and 6 for the match
ranking among the 41 Al participants. These are good indicators that the basic idea behind the Al can be applied in
RoShamBo Al. With more improvements, it is possible to get a better ranking.

A. Future Directions
1) Applying the Al to other games: The developed Al is a bot that reads its opponent's history and tries to predict
their next move. There are many competitive games where this approach can be used such as Chess, Poker, Pokémon,
Street Fighter, and more. It is even possible to have a database of previously played matches and use that in predicting a
specific opponent (a meta analysis).

2) Decision making component: We have developed a problem analysis algorithm to predict an opponent. The
decision making in this game is simple: using the prediction, select the move that beats it. To improve the Al, a more
sophisticated decision making component can be applied. The researchers propose a decision making component that will
play a move, taking into account the prediction, the opponent's state of mind, and the current meta will considerably
approve the Al. This is outside the scope of this paper, but the researchers are interested in studying this further.
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