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Abstract
Games have always been an important area for artificial intelligence research, and the topic has be­
come increasingly more important during the later years due to the complexity of today’s commer­
cial computer games involving role playing adding psychological elements to the games. The poker 
card game constitutes a type of game where players have to handle not only statistical uncertainty, 
but also psychological aspects, which among humans usually are handled less by general statistical 
principles. Instead we handle psychological aspects by references to previously experienced situ­
ations. Thus, in this paper we will describe an approach to case-based reasoning as a technique to 
improve poker playing ability, as an alternative to rule-based and pure statistical approaches. Res­
ults show that the poker playing program is able to learn to play poker at the same level as rule-
based systems even with a simple case-based reasoning approach. 

1   Introduction

Games have always been a challenging domain 
for  artificial  intelligence  (AI)  research,  from  the 
start focusing on zero-sum, deterministic, perfect in­
formation  games.  Today  computer  games  have 
turned into a big industry with an emphasis on role 
playing meaning that artificial intelligence compon­
ents also has to handle psychological aspects of a 
game, observing behavior, interpreting, and suggest 
actions based on the interpretation of the situation 
[16].

The poker card game may on the surface seem 
to be a game almost of the classic type, but has im­
portant characteristics that also makes it a psycholo­
gical game, involving both interpreting other players 
behavior and modifying own behavior as the game 
goes on. This is of course due to the lack of com­
plete information inherit in the game, which makes 
the  player  dependent  on  probability  assessments 
throughout the game. Any information available, in­
cluding opponent  behavior,  will  be  used to  assess 
the situation and decide play.  Hence, unpredictable 
and  confusing  behavior  is  considered  a  winning 
strategy for poker players. For this reason we have 
seen several attempts to address poker playing as an 
AI research topic [3,4,6,9,11,13] many of them with 
a focus on opponent modeling and psychological as­
pects of poker [5,11]. 

It is accepted that humans handle many problem 
solving situations  by  referring to  previous  experi­

ences in the form of cases or situations of similar 
type. Assessing situations in poker games is also of 
this kind, both regarding statistical and psychologic­
al factors involved. Within AI, Case-Based Reason­
ing  (CBR) [12] is  the technique used to perform 
this kind of problem solving. CBR has not to a great 
extent been used in game playing but has lately been 
taken up, for instance in [18] and also at an ICCBR 
workshop in 20051.

In  this  paper  we  will  describe  how  a  simple 
CBR tool  (FreeCBR)  may  enable  learning  in  the 
poker variant Texas Holdem, and we will document 
this  by  measuring  the  learning  ability  of  a  case-
based  poker  playing  program.  We  proceed  the 
presentation  by  giving  some  background  on  the 
poker card game, poker playing software, and CBR 
in computer games in the next section, describe our 
bot (short for robot, term commonly used for artifi­
cial players in computer games) in section three, de­
scribe experiments and results in section four, and 
discuss  the  results  in  section  five  before  we con­
clude.

2  Background

Important motivations for this research are the 
particular properties of poker which make the game 
an interesting game of study in AI, as well as the 
properties of CBR, which makes the approach ap­

1 http://www.cs.indiana.edu/~davwils/iccbr05games/
game-sim-ws.html
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plicable to game playing in general, and in particular 
in poker.

2.1 The game of poker

Poker is a card game played among two and up 
to  about  ten  players  depending  on  the  variant 
played. Texas Holdem, which is the variant used in 
our project, allows for 10 players. The goal of the 
game is to, based on the strength of your cards, out­
bet your opponents during several rounds of betting. 
When the last round of betting ends, the player with 
the strongest five card combination (pair, three of a 
kind, flush, straight, full house, and other combina­
tions)  wins  the  whole  pot,  which  consists  of  the 
complete bets from all participating players. In each 
round players take turns betting, and are at any time 
free  to  withdraw  from  the  game  (fold),  add  an 
amount of money needed to equal the total highest 
bet so far in the game(call), or add more money than 
needed to equal the highest bet (raise). If all remain­
ing  players  have  called,  the  play continues  to  the 
next stage of play, which in Texas Holdem consists 
of showing more cards to the players. In Texas Hol­
dem  it  is  played  four  stages,  the  first  with  two 
private cards each, the next with added three com­
mon cards, the third with a fourth common card ad­
ded, and the last with the fifth common card added. 
The combination for each player is based on the best 
five card combination of the seven available cards. 
A fourth kind of bet (check = a bet of 0) is allowed 
if nobody has bid anything in the stage so far.

High achievement in this game is of course de­
pendent on ability to assess probabilities of winning 
given  the  available  information  in  the  cards  dealt 
and  the  bets  made  so  far.  It  has  been  developed 
highly sophisticated models for handling these prob­
abilities given the known cards. However, as players 
we should also be informed by the bets given by 
other players, as these may indicate strong or weak 
hands on their part. This again opens for aggressive 
and passive playing styles, indicating willingness to 
bet more or less than the real value of any particular 
hand,  and  also  bluffs,  which  are  tactical  bets  on 
weak  hands  to  make  players  with  stronger  hands 
than your own fold. Thus, achievement in poker also 
depends on ability to as often as possible to use psy­
chological cues to correct our statistics based assess­
ment of own hand strength compared to others.

In  the  particular  version  of  Texas  Holdem 
played by our software all raises have to be a fixed 
amount, and at any stage nobody should need to put 
in  more  than  five  times  the  raise,  (i.e.,  only  five 
raises are allowed in a round). In addition the game 
is played with small blind and big blind roles indic­
ating that in the first stage the first player  (small 

blind)  is  forced  to  bid  one  raise,  and  the  second 
player (big blind) is forced to raise that bid. 

2.2 Poker-playing software

Texas Hold’em has been the subject of extens­
ive research from a group of researchers from the 
University of Alberta (UoA) over the past decade2. 
They have been able to create a program which is 
widely  regarded  as  the  strongest  poker-AI  in  the 
world.  Their  prototypes,  Loki  and  Poki  have 
achieved  great  success  against  human  opponents, 
and work is ongoing. They have developed and ap­
plied AI-techniques such as neural networks to be 
used  by  Loki  and  Poki.  Also,  a  poker  library, 
Meerkat, which contains useful poker tools, is made 
available to the public. As of late, the UoA research 
group have  gone  commercial,  releasing  their  own 
Poker  Academy™  (BioTools3).  Lately,  they  have 
also  widened  their  support  to  different  types  of 
poker, and they continue to support plug-in bots for 
amateur programmers.

In addition to the contributions from UoA and 
BioTools,  several  other  researchers  have  explored 
poker from different angles. A simplified version of 
artificial poker and machine cognition was created 
as  early  as  1977 [9].  In  the  last  decade,  attempts 
have been made with poker based on Bayesian net­
works [13], evolutionary algorithms [3], and adapt­
ive  learning  [11].  However,  none  of  these  have 
achieved the same attention or success as the UoA 
projects.

2.3 Case-based reasoning in computer 
games

Case-based  reasoning  [12]  and  its  focus  on 
single situational experiences as a problem solving 
tool provides a flexible and promising approach on 
domains  with  “poorly  understood  problem  areas 
with  complex  structured  data that  changes  slowly 
with  time and justification  is  required”  (Watson, 
[21]).  The process of CBR is cyclical and consists 
of essentially four steps: retrieve, reuse, revise, and 
retain. Retrieve involves finding similar cases to a 
current case, reuse is to adapt and suggest a solution 
to  the  current  situation,  revise  is  to  improve  the 
solution based on other knowledge, and retain is to 
remember  the  current  case  and  its  solution  by 
adding it to the case base.  After each cycle the case 
base has been extended, and with even more know­
ledge  hopefully  has  a  better  chance  of  providing 
good solutions to new similar problems. More learn­
ing oriented approaches to case-based reasoning is 
also denoted by the term case-based learning, also 

2 http://www.cs.ualberta.ca/~games
3 http://www.poker-academy.com
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often used synonymously with example-based learn­
ing or instance-based learning [14].

CBR does not  have  a  long history for  use  in 
computer gaming. An early attempt was DeJong and 
Schulz’s  Othello  playing  software  [7].  Later  ap­
proaches include Fagan and Cunningham’s work on 
prediction  of  human  behavior  playing  Space  In­
vaders [8], Powell et al. [17] who developed a CBR 
checkers player,  Sánchez-Pelegrín and Díaz-Agudo 
[18] who describe the use of CBR on tactical  de­
cisions in a strategy game (C-evo), and Molineux et 
al. [15] and Aha et al. [2] who describe the use of 
CBR in different  aspects of  the real  time strategy 
game Wargus.

3   The Case-Based Poker Player

The  artificial  player  developed  in  this  project 
was  developed  in  Java  and  has  the  name Casey4. 
More  precisely,  Casey  is  a  special  type  of  client, 
which connects to a server and responds automatic­
ally to events. Contrary to normal poker clients, the 
human interaction and logic is  replaced by a pro­
gram  which  decides  bids  to  be  given  in  a  game 
played on the server. Casey is implemented in ac­
cordance with the player interface developed at the 
University  of  Alberta.  This  ensures  portability 
between bots to and from present and future poker 
frameworks. When Casey acts, he starts by sending 
the necessary game features to the CBR system. The 
CBR system then creates a target case, performs a 
search and returns the selected strategy based on Ca­
sey’s preferences. The functionality of Casey’s CBR 
system is described in the following. 

3.1 The CBR-system

FreeCBR is a freeware CBR-system under the 
Public Domain-license. It offers interaction through 
a graphical  user-interface,  command-line,  active-X 
or through Java libraries.

Although it is a quite simple system, FreeCBR 
proved sufficient for this project. However, research 
on  different  implementations  of  the  CBR-system 
may be fruitful in order to maximize the results of 
Casey.  If  maximizing profit  is  the  goal,  FreeCBR 
may not be sufficient, but it is extensive enough to 
discover whether CBR has potential in this context.

With FreeCBR we may determine similarity us­
ing regular data types like String, MultiString, Float, 
Integer  and  Bool.  The  process  of  determining 
closest match can be found in the FreeCBR docu­

4 He should not be confused with CASEY (Kolod­
ner, 1993).

mentation5.  The  closest  match  is  calculated  using 
weighted Euclidian distance. First the case distance 

is computed from 
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di is  as  mentioned  the  distance  between  the 
searched  feature  and  the  actual  case  feature.  This 
value is a real number in the interval [0, 1] where 0 
means exact hit and 1 means maximum distance. wi  

is an integer >= 0, by default set to 5. 
In  addition,  FreeCBR  offers  possibilities  for 

more  selecting  alternative  strategies  for  assessing 
similarity. In our solution we have used the default 
strategy, which in the documentation is named fuzzy 
linear  and returns a similarity 1 if  all  features are 
equal or else the similarity given in equation 2.

3.2 Implementing the CBR-system

In Texas Holdem, one of the most important de­
cisions is made once the player is dealt the first two 
cards. This stage is known as the preflop stage. The 
decisions of this stage are based on somewhat dif­
ferent  features than in the other steges.   Thus,  we 
decided to separate the data into two case-bases, the 
preflop and postflop base.

Each  case  consists  of  two  types  of  features. 
First, the indexed features are used for retrieval and 
should  be  predictive.  In  the  context  of  poker  we 
have chosen the following features

• Hand strength (Hnd).  This is a relative numeric 
value calculated with the Meerkat Library. This 
is  relative  to  the  number  of  opponents  in  the 
hand. The values range from 0-100 where 100 
indicates an unbeatable hand.

• Relative Position (RPos). A relative value to de­
scribe  the  players  position.  The  value  ranges 
from 0.0 to 1.0 where 1.0 means the player acts 
last, which is considered the best position.

• Number  of  opponents  (#Opp).   Indicates  how 
many players are still  in the hand. More pre­
cisely,  #Opp is  the  sum of players  who have 
already called a bet, and the players yet to act.

• Bets to call( BTC). If a player is in the big blind 
position and no-one has raised the pot, the value 
is 0, otherwise it would always be positive. If 

5 http://freecbr.sourceforge.net



the maximum number of raises is reached be­
fore the player has acted yet, the value may be 
5.

 All these features are highlighted by Sklansky 
and Malmuth [20], which is regarded as the leading 
authority on limit poker. If we recall the definition 
of predictive indices [12], they should be respons­
ible for the way the case was solved, and influence 
the outcome. We argue that these features combined 
do just that. First of all, these features dictate how 
you play your hand because the end result is very 
much dependant on these features. Also, indices are 
abstract enough to be widened for future use. Since 
no  specific  rules  or  properties  are  modeled,  these 
concepts  apply  to  every  kind  of  poker  game,  not 
only Texas Holdem. Finally, all indexes are numer­
ical, and on an interval-scale, making them concrete 
and comparable.

Another  type  of  features  in  the  preflop  case-
base is the un-indexed features. They are not used in 
retrieval,  but  contain valuable contextual  informa­
tion. These indexes are

 

• Strategy  (Str).  Indicates  which  strategy  is 
chosen for  this  scenario.  Described in  section 
3.3.

• Stage investment(SInv). This is used to measure 
the possible negative consequences of a certain 
strategy. If a player has entered much money in 
the pot and lost, this will count as a very negat­
ive case.

• Stage  pot  (Spot).  This  is  a  measure  of  how 
much the other players put in the pot. Useful for 
deciding  the  most  profitable  strategy.  If  this 
value is high, and the player has won, this will 
count as a very positive case.

• Result (Res). The overall result of all actions in 
all stages combined. A positive number means 
the player won, otherwise, the game was lost.

These features  can be used to  maximize  win­
nings, or minimize losses as they describe the suc­
cess or failure of a specific case. Stage investment 
and stage pot describe the risk and reward factors of 
this particular stage, while result  describes the net 
result of the complete game.

The postflop case base shares many of the fea­
tures of the preflop case base. However, some dif­
ferences exist. First of all,  Number of opponents is 
no longer recorded. First of all,  this was done be­
cause hand strength is reduced relative to the num­
ber of opponents. Secondly, Casey has information 
on previous raises (bets to call), giving a clear indic­

ation on whether the hand is good enough. Thirdly, 
and most importantly, with decent hand strength and 
several  opponents,  the pot  odds (expected win di­
vided by amount bid so far) increase with several 
opponents. A hand with no or little chance of win­
ning will be folded regardless of the number of op­
ponents, unless a bluff is likely to be successful.

Some features were also added. First of all, the 
potential features. The positive potential feature cal­
culates the probability of improving the hand. This 
is  very useful  for strong  flush draws and  straight 
draws. The negative potential calculates the probab­
ility of getting outdrawn if the current hand is cur­
rently  best.  This  means  a  high  negative  potential 
should induce betting and raising to make drawing 
opponents  pay  the  maximum  price  to  get  lucky. 
Also,  the  potsize is  included,  as  a  big  pot  would 
make folding less attractive if you have any kind of 
draw.

Finally, the  relative position feature is slightly 
altered. This feature now represents the position rel­
ative  to  the  last  person  to  act  on  this  round  (if 
someone bet in first position and was raised, he is 
now last  to  act).  A raise immediately before  your 
turn is not considered good. Below, we have sum­
marized all features of the postflop case base.

• Stage (Stg).  Indicates what stage this situation 
occurred  in.  1  =  Flop  (Board  cards  1-3)  2  = 
Turn (Board card 4) 3 = River (Board card 5)

• Hand strength (Hnd). As in preflop

• Relative position (RPos). A relative value to de­
scribe  the  players  position.  The  value  ranges 
from 0.0 to 1.0 where 1.0 means the player acts 
last, which is considered the best position. Note 
that if a player raises, the player before (if not 
folded) will be last to act, as he must close the 
betting.

• Bets to call (BTC). Indicates the number of bets 
and raises in front of the player. 0 means no-one 
has bet, 5 means betting is capped.

• Positive potential (PPot). Indicates how likely it 
is that the next card will improve your hand.

• Negative potential (NPot).  Indicates how likely 
it is that you will lose, given that your hand is 
currently best.

• Pot size ($Pot). How big the pot is right now.

The postflop case base uses the same unindexed 
features as the preflop base.

After  the  features  have  been selected,  reason­
able weights for measuring overall distance needs to 
be made. Since we had no prior experience regard­



ing these weights we chose default values wherever 
possible. This means that all indexed features were 
given the same weight. During initial testing, some 
experiments were made with differentiated weights, 
with especially priority on hand strength. This was 
later  discarded since no immediate  effect  was ob­
served.

3.3 Implementing strategies

In order  to maximize profits  in poker,  players 
need to be unpredictable and tricky. To ensure that 
Casey exhibits  these skills,  a  set  of  strategies  has 
been  developed.  There  are  three  available  actions 
for the poker playing clients.

First, there is an aggressive action. This consists 
of  BET/RAISE.  More  specifically,  if  nobody  has 
bet, the action will be interpreted as a BET. If there 
is already a bet in the pot, an aggressive action con­
stitutes a RAISE. Secondly, the passive action en­
sures that a player never folds,  but  does not enter 
more money into the pot than necessary to stay in. 
Passive  actions  consist  of  CHECK/CALL.  A 
CHECK is performed if nobody has opened the bet­
ting,  otherwise  a  CALL is  performed.  Finally,  a 
FOLD action is available.

Note that check equals call, and bet equals raise 
when a player/bot performs an action. The current 
game  state  dictates  which  action  is  actually  per­
formed. All basic actions are summarized in table 1.

Action* Style Description

FOLD SURRENDER Fold

CHECK = CALL PASSIVE Check  if  no  bet  is 

made,  call  if  bet  is 

already made

BET= RAISE AGGRESS­

IVE

Bet if no bet is made, 

raise if bet is already 

made

Table 1: Player actions available.

To  be  able  to  perform advanced  strategies,  a 
Strategy feature  was  developed.  We developed  an 
algorithm deciding  on  a  suitable  strategy  for  any 
given game context using the case-bases. A Strategy 
consists  of  an  initial  action,  and  a  follow-up  re­
sponse if  applicable (depending on whether game-
conditions permits or requires a second action from 
a player in a given stage). Strategies can also be cat­
egorized  as  honest  and/or  deceptive,  and  also  as 
quit,  steal  or  play.  Table  2  gives  an  overview of 
strategies, or combinations of actions, that are im­
plemented.

In playing we also used a random strategy op­
tion, particularly during training. For instance, if Ca­
sey is not yet familiar with a situation, a randomly 

selected non-fold strategy is chosen. This is done to 
build a decent sized case-base.
STRATE

GY

TYPE STYLE GROUP DESCRIP­

TION

FOLD HONEST SUR­

RENDER

FOLD Fold,  check 

if  no  bet  is 

made*

BLUFF DE­

CEPT­

IVE

AGGRESS­

IVE/SUR­

RENDER

BLUFF Bet/raise, 

fold  if  re-

raised

CALL 

ANY

BOTH** PASSIVE PLAY Check,  call 

if  bet  is 

made

SEMI-

BLUFF

DE­

CEPT­

IVE

AGGRESS­

IVE/PASS­

IVE

PLAY Bet/raise, 

call  if  re-

raised

RAISE 

ANY

HONEST AGGRESS­

IVE

PLAY Bet/raise, re-

raise  if  re-

raised

CHECK 

RAISE

DE­

CEPT­

IVE

PASSIVE/

AGGRESS­

IVE

PLAY Check/call, 

re-raise 

again  if  re-

raised
*If no bet is made, it is not smart to fold, a check will give more 
information at no cost. ** Context-dependent

Table 2: Strategies implemented

3.4 The decision-making process

In  poker,  several  factors  must  be  considered 
whenever an action is  required. Great players bal­
ance all these factors, and choose an action to the 
best  of  their  knowledge.  The  overall  mantra,  or 
heuristics,  can be summarized into minimize your 
losses, but maximize your winnings. Casey uses the 
case-base when faced with a decision. Whenever a 
request for action is made from the dealer, a suitable 
strategy must  be chosen based on the experiences 
recorded in the case base. 

Initially,  several  options  were  considered.  An 
optimistic best-match search was implemented and 
tested at first. This returned the strategy chosen from 
the closest matching case with a non-negative result. 
This resulted in several strange decisions as several 
cases were positive because of an incredible amount 
of luck (such as hitting two perfect cards in a row 
for  a  miracle  straight).  This  was  obviously  not  a 
winning play in the long run, and the algorithm was 
modified to  take a  larger  number of  similar  cases 
into account before making a decision. This way, the 
effect of extraordinary results  was minimized, and 
safer and more generally applicable strategies were 
favored instead. 

In table 3 we see and example of a summary of 
previous similar experiences as presented to Casey. 
This  is  calculated from all  closest  matching cases 
within the given parameters, and is the basis of Ca­



sey’s decisions. In other words, Casey is presented 
with a summary of the selected cases. We use the 
term generalized case for this summary, inspired by 
[1].  The table contains information of how often a 
game is won under similar circumstances,  and the 
average results for each strategy. 

The  decision  algorithm  use  information  from 
the generalized case and mainly checks if the case 
base has enough similar cases, runs a random play if 
not,  else  checks  whether  there  is  a  profitable 
strategy  and  plays  this.  If  there  is  no  profitable 
strategy, it  checks whether this is a potential bluff 
situation and if so, runs a bluff.

STRAT
EGY

RES­
ULT

FRE­
QUEN
CY WINS LOSSES

Check-
Fold 0 2 1 1

Bluff -20 8 4 4
Call-
Any -35 1 0 1
Semi-
Bluff 45 14 8 6
Raise-
Any 120 15 7 8
Check-
Raise 20 8 5 3
SUM 
Play 150 38 20 18
SUM 
Total 130 48 25 23

Table 3: The generalized case

Note that before we had enough cases matching 
the required similarity threshold we let Casey play a 
random strategy. This we did in order to fill the case 
base and get experience with different strategies in 
all  situations.  In  the  experiments,  after  10.000 
hands,  the most  common situations  were familiar, 
and after about 20.000 hands random strategies were 
hardly used. 

We also had to handle bluffs differently. We ex­
perienced that if a bluff was attempted and called, 
and it still led to a win for the bluffer, this would 
count as a good case, when in reality it meant that 
the bluff was unsuccessful. On the opposite side, if a 
bluff was randomly executed with great cards, this 
could lead to a fold if was re-raised (A bluff consists 
of  BET-FOLD).  We therefore  decided  to  separate 
actions  and  strategies  into  three  groups,  PLAY, 
BLUFF or FOLD. The algorithm for selecting the 
best  strategy  from the  generalized  case  thus  only 
compares strategies in the PLAY group, and bluffs 

are chosen randomly only if no winning strategy is 
found.

 After  selecting  a  strategy  according  to  these 
heuristics, the case is temporarily stored. At the end 
of each game the cases of that game is updated with 
information about the final result. The updated cases 
are then stored in the case base, and his knowledge 
base continues to grow.

4   Experiments and Results

The learning  experiments  for  Casey  consisted 
on runs of 50.000 poker hands. This took one week 
to run on this system, which of course limited the 
number of experiments to run.  We ran he experi­
ments with a similarity threshold of 95, which meant 
that if the case base did not have enough cases with 
higher  similarity  for  the  generalized  case,  Casey 
would choose a random strategy.  Finally we used a 
maximum of 100 cases,  i.e.,  the 100 most  similar 
cases in a generalized case. Also decisions for case 
was based on the stage results rather than final res­
ults for the game, which is according to recommen­
ded poker playing behavior.

The first initial tests of Casey showed promise. 
He was run against a random player with absolutely 
no  rules  or  learning  abilities.  As  expected,  Casey 
started winning almost immediately, needing only a 
few hundred hands to learn how to beat this oppon­
ent consistently. What he learned was to be aggress­
ive on almost every hand, causing the random player 
to fold every 6th action (6 strategies to choose from), 
regardless of what hand he held.

For the main experiments, Casey played against 
instances of RuleBot, which is a not very sophistic­
ated bot provided in the Meerkat library. However, 
the  rules  implemented  suggest  a  safe  and  sound 
form of poker. It is not adaptive and without oppon­
ent modeling, but as opponent modeling is yet to be 
introduced  in  Casey,  the  bots  compete  on  equal 
terms,  treating  each  game  as  a  game  against  un­
known players.  

The number of opponents should have an effect 
on your playing style. In a 2-man game, you figure 
to have the best hand every other hand, and should 
therefore play almost every other hand. In an 8-man 
game, such a strategy would probably be disastrous. 
We decided to test Casey against 3, 5 and 7 oppon­
ents  to  check  his  abilities  with  different  types  of 
games,  and  whether  he  was  adaptable  to  such 
changes. Before changing the number of opponents 
the  case  base  was  reset,  requiring  Casey  to  start 
learning from scratch each time.

The success of Casey is dependant on two main 
factors.  First, his results which are measured on a 



simple  numeric  scale.  Second,  his  learning ability 
which is indicated by variation in results measured 
over time. Also, it is interesting whether he is able to 
mimic play related to other ideas, like the import­
ance  of  position,  or  to  protect  your  blinds.  These 
abilities are not as important as the results and pro­
gress, but could give an indication of strengths and 
weaknesses by applying CBR in a game of poker. 
By investigating the database some of these ques­
tions may be answered, and we will return to this in 
the discussion. 

Anyhow, two variables were measured and ex­
amined. First, the actual result, or how much Casey 
has won or lost totally at any time (balance would 
be an alternative concept). This gives an indication 
of his level of play. Secondly, we looked at the fluc­
tuations,  which  is  a  measure  of  the  difference 
between  his  highest  and  lowest  result  over  a  se­
quence of games. This indicates whether the results 
are produced by random luck (high fluctuation), but 
also it gives us an indication as to when his initial 
learning  phase  is  over  (when  the  fluctuations  are 
fairly stable from phase to phase). We divided the 
50.000 hands into 5 phases, each with 10.000 hands, 
and  measured  fluctuation  within  each  of  these 
phases. 

Figures 1 and 2 give an overview of how results 
varied during the experiment runs and fluctuations 
in the five phases.

Figure 1: Overall results

Fluctuation, phase by phase

0

20000

40000

60000

80000

100000

120000

140000

1 2 3 4 5

Phase

V
a
lu

e 4-handed

6-handed

8-handed

Figure 2: Summary of fluctuations

In the first phase, which spans from hand 0 to 
hand 10.000, Casey starts with absolutely no know­
ledge at all due to mainly random play, and to gain 
experience, he never folds. Naturally, playing every 

hand will lead to a negative result, as indicated  in 
the figure above. As expected, the curve is steeper 
with 6 or 8 players as a wider variety of situations 
are encountered.

The second phase shows signs of promise in the 
games with fewer players. 4-handed, Casey already 
plays on level with RuleBot. 6-handed also shows 
significant  improvement,  both  in  terms  of  results 
and fluctuation,  indicating that  the  initial  learning 
phase is over. The 8-handed results are still far from 
satisfactory, but the curves indicate progress.

In the third phase, all simulation results seem to 
stabilize. Once more, Casey still is more successful 
in shorthanded (few opponents) games, showing a 
profit  for  the  first  time in  the  4-handed  game.  6-
handed  and  8-handed  he  is  still  losing,  but  once 
more  showing  progress  from  the  previous  phase. 
Fluctuations are still  decreasing, an indication that 
he has not yet reached his peak. 

In  phase  4  Casey  is  still  improving,  but  just 
slightly, and the results are getting more consistent. 
The 4-handed game is producing a nice profit, while 
6-handed are almost on par, reproducing the indica­
tions from the previous phase. However, he is still 
trailing in the 8-handed game, which indicates that 
additional work is needed in order to produce a pos­
itive result here. It is also worth noting that the fluc­
tuation of the 4-handed game has increased. This is 
a  positive  fluctuation,  produced  by  winning  play, 
and could indicate that Casey has bigger potential 
shorthanded,  not  yet  reaching  his  peak.  But  he  is 
still  losing  in  the  other  games,  and  although  not 
much, the fluctuations are not reduced significantly.

The last phase in the simulations presents some 
interesting results. In the 4-handed game, Casey still 
has a positive result. However, his average result is 
significantly reduced. If we look at the graph, this 
seems to stem from the last 3000 hands. This could 
indicate a natural run of bad cards and bad luck, or 
an especially lucky streak in the previous phase. An­
other  possible  explanation  is  that  he  has  learned 
more about  starting hands,  being more selectively 
aggressive,  and  playing  fewer  hands.  However,  if 
we disregard the last 3000 hands, his average is on 
par with the results from previous phase (steady pro­
gress from 30.000 to 47.000), nurturing the assump­
tion that he has experienced bad cards and bad luck. 
In the 6-handed game, the results are essentially the 
same. This indicates that the CBR system has taken 
Casey as far as it can. The fluctuations also stay the 
same, suggesting that further simulations would pro­
duce  no  significant  progress  or  regress.  Still,  he 
plays almost on par with RuleBot, quite an accom­
plishment  in  our  opinion.  In  the  8-handed  game, 
fluctuation  is  once  again  reduced.  Clearer  indica­



tions would require at least 50.000 additional hands, 
as he probably has not reached his peak quite yet. 
His results are also still improving. However, since 
he seems to have reached his peak in the 4-handed 
game,  we  believe  that  additional  test  for  the  8-
handed game would only produce results approach­
ing that of the 6-handed game.

5  Discussion

Casey did learn during experiments, but was unable 
to  become a winning player  against  many oppon­
ents.  However,  playing  fewer  opponents,  he  per­
forms very well. All-in-all, he performs reasonably 
well compared to the rule-based bots. We have seen 
that Casey clearly performs better when faced with 
fewer opponents. The probable explanation for this 
is his aggressive style during training, which is es­
sential  in  shorthanded  play  [10,  19].   However, 
when opponents  are  many,  much  better  cards  are 
needed  to  win.  Although this  is  picked up during 
play, the result seems to be that Casey himself be­
comes  timid,  folding  marginal  and  great  drawing 
hands. In other words, Casey learns hand strength to 
some degree,  but not hand potential.  On the other 
side, Casey seems to be able to exploit opponents 
betting patterns, by betting on weakness and folding 
when opponents show strength.  Below we discuss 
some abilities that are considered desirable for good 
play and our assessment of Casey’s performance re­
garding those abilities by using the plays database.

Starting hand requirements – Does he play the 
right hands? 
One of  the  most  important  qualities  of  a  winning 
player is playing the starting hands better than your 
opponents. Since good starting hands end up as win­
ners more often, this gives the player a mathematical 
advantage.  A good indication of  this judgement is 
given by the percentage number of hands won when 
a hand is played. If we consider the 8-hand table, we 
can see that he wins only 6337 out of 15578 hands 
played in the flop stage, or about 40%. This indic­
ates that his starting hands requirements need more 
work, as he clearly plays to many hands with little 
chance of winning.

Adaptability - Does he adapt to different number 
of opponents?
If we take a look at the percentage number of hands 
played in the three different simulations, we discov­
er that his percentage drops with increased opposi­
tion.  4-handed,  he  plays  about  37% of  the  hands. 
This percentage stays at 37% at the 6-handed table, 
partly because of the prolonged learning period ne­
cessary when facing more opponents, and therefore 
a broader variety of situations. However, 8-handed, 
his  participation  is  down  to  31%,  with  an  even 
longer learning period. So, Casey experiences that it 

is difficult to win against more opponents, and plays 
fewer hands.  

Pot odds concept – Can he identify valuable plays 
even with weaker hands?
From observing Casey, this does not seem to be the 
case.  He throws away strong drawing hands from 
time to time, and occasionally also folds with over­
pairs (pair on hand with card value higher than any 
of the common cards). These problems are not eas­
ily  corrected  without  implementing  rules  for  pot 
odds and potential. 

Bluffing – Is he able to exploit signs of weakness 
in his opponents?
Casey clearly exploits opponent weakness. he is ag­
gressive in 4-handed games, and reduce his aggress­
iveness  as  the  opposition  increases.  This  is  not 
merely a sign of pure bluffing skills, but also anoth­
er indication that he adopts suitable playing styles 
according to changing table conditions.

Positional  sense  –  Does  he  play  more hands  in 
late position?
If we look at the relative number of hands played in 
first vs. last position, Casey clearly prefers the latter. 
In  the  8-handed  game,  Casey  played  872  out  of 
6264 possible hands preflop from early position, or 
about  13% (first  to  act,  position 2).  When on the 
button (last to act, position 7), his participation was 
increased to 2187 out of 6203, or about 35% of the 
possible games. Playing more hands in late positions 
are considered good practice.

Blind play – Does he protect his blinds?
Having already highlighted the importance of posi­
tioning and exploiting weakness, it is also important 
to stop your opponents from doing the same to you. 
This  is  especially  common  against  the  blinds,  as 
they have made forced bets and are likely to hold 
bad or mediocre hands. That means that it is neces­
sary to protect your blinds by playing an increased 
number of hands that you usually would fold. Casey 
plays more blind hands than any of his opponents. 
Still, it is not easy to see whether Casey protects his 
blinds well or even over-protects them, making this 
a losing play. It could also indicate too low starting 
hand requirements, which is perhaps the most com­
mon source of losing.

Showdown – Does he know when to let bad hands 
go?
One last and perhaps most important ability is to let 
your bad hands go at the earliest possible moment. 
This is often measured by the percentage of  show­
downs (the deciding moment of a play when all the 
remaining players show their  cards to decide who 
wins the pot)  won. While  showing down the best 
hand makes you money, it  also creates an impres­
sion  that  you  only  play  strong  hands,  setting  up 
profitable bluffing opportunities later on. On the 8-
hand table Casey wins, or breaks even 6337 times 



out  of  7488 showdowns,  or  about 85%. This  is  a 
strong result, and indicates an ability to throw away 
losing cards. 

6  Conclusion

In short, our experiments indicate that a CBR sys­
tem  for  poker  play  is  able  to  develop  playing 
strength and some recommended styles of play. Still, 
we see that some abilities are not learned satisfact­
ory, partly due to lack of opponent models.  Good 
opponent models would be able to quickly categor­
ize opponents and use this information as an addi­
tional  feature  when selecting  cases.  In  fact,  CBR 
may indeed be of most value in opponent modelling. 
In addition we see a weakness in Casey’s ability to 
consider pot odds and in assessing the start hands. 
Both opponent modelling, pot odds, and start hand 
assessment may be the focus of future work.
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