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ABSTRACT

Poker is an ideal vehicle for testing automated reasonidgiumncertainty. It introduces uncertainty
through physical randomization by shuffling and througtomplete information about opponents’
hands. Another source of uncertainty is the limited knogkedf opponents, their betting strategies,
tendencies to bluff, play conservatively, reveal weakegsstc. Furthermore, poker is well known
as a game of psychology, with success coming from a combmafi mathematical accuracy and
effective prediction of one’s opponent. All of these unaatties must be assessed accurately and
combined effectively for any reasonable level of skill ie hame to be achieved, since good decision
making is highly sensitive to those tasks. We describe oyeBian Poker Program (BPP), which
uses a Bayesian decision network to model the program’srjaled, the opponent’s hand and the
opponent’s playing behaviour conditioned upon the hand,l@itting curves to randomise betting
actions. BPP has been developed incrementally for 5-caddmsiker since 1993. Here we describe
its adaptation to play Texas Hold’em and a variety of advamdgch have improved BPP’s play. We
analyse the effects of hand abstraction, then present aidate a hybrid solution to this problem.
We present improvements in bluffing and straight and flusldiptien. Finally, we extend BPP’s
opponent modeling.

1. INTRODUCTION

Poker is an ideal vehicle for testing automated reasonidgiumcertainty. Poker is a game intermediate between
chess and chance: there are important opportunities faxéeecise of strategic planning, tactical skills and the
astute observation and learning of the abilities and tecidsrof opponents; and there are important elements
of uncertainty, making all of learning, planning and ex@mudifficult. Uncertainty is introduced through the
physical randomness of shuffling, the incomplete infororagivailable about an opponent’s cards and the limited
information available to construct psychological moddlsmponents and their playing behaviours. For poker
is famously a game of psychology — effective modeling of sregponents and effective bluffing are critical
for success. Poker is a game where competing agents mustmpezstimation, prediction, risk management,
deception and opponent modelling. Finally, poker is a gathabmut betting, and betting behaviour is the
foundation and origin of our most powerful formalizatiom tmping with uncertainty, namely probability theory,
as well as our most powerful philosophical theory of undetyanamely Bayesianism (Ramsey, 1931). All this
being the case, it seems apt to apply Bayesian network témiynto automated poker playing.

Bayesian networks (BNs) are now a well-established todhénArtificial Intelligence community for reasoning
under uncertainty. A BN is a graph with arrows between nodesre loops (technically, a directed acyclic
graph), whose nodes represent random variables and whosesaresent direct dependencies. Each node has
associated with it a conditional probability table (CPThigh, for each combination of the values of the parent
nodes, gives a probability of each value of the child vagahlsers can specify the states of any combination of
nodes in the network. This evidence propagates throughdtweonk, producing a new probability distribution
over all the variables in the network. There are a numberfafieht exact and approximate inference algorithms
for performing this probabilistic updating (Pearl, 1988)oviding a powerful combination of predictive, diag-
nostic and explanatory reasoning. Decision networks,laisavn as Influence Diagrams (Howard and Matheson,
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1981), are extensions to BNs which support decision makingxplicitly representing the decisions under con-
sideration and the cost/benefits, or more generally utilitthe resultant outcomes. By combining probabilistic
reasoning with utilities, decision networks help us makeiglens that maximize the expected utility.

There has been a range of other work on automated poker predteF(1977) was the first to work on automated
poker play, using a combination of a probabilistic assessrmoEhand strength with the collection of frequency
data for opponent behaviour to support the refinement of théefs of opponent. Waterman (1970) and Smith
(1983) used poker as a testbed for automatic learning mettspecifically the acquisition of problem-solving
heuristics through experience. Koller and Pfeffer (199)ehdevelope@bala, a system for automating game-
theoretic analysis for two-player competitive imperfedbormation games, including simplified poker. Although
they use comparatively efficient algorithms, the size ofghme tree is too large for this approach to be applied
to full poker. Most recently, Billings et al. (in a series obi from 1995, summarised well in (Billingst al,,
2002)) have investigated the automation of Texas Hold'ekepwith their progranPoki.

Our previous work on Bayesian and decision networks forrg-stud poker has appeared both in the refereed
research literature (Korb, Nicholson, and Jitnah, 1999bkand Nicholson, 2004) and in unpublished honours
theses (e.g. (Jitnah, 1993; Thomson, 1995; Carlton, 2000lt&n, 2003)). Throughout this paper, we make
comparisons where required to this previous Bayesian poket. Our 5-card stud BPP was evaluated experi-
mentally against two automated opponents: (1) a probébifiayer that estimates its winning probability for
its current hand by taking a large sample of possible coatinaos of its own hand and its opponent’s hand, then
making its betting decision using the same method as BPRy $#jiple rule-based opponent that incorporated
plausible maxims for play (e.g., fold when your hand is alsebeaten by what’s showing of your opponent’s
hand). 5-card stud BPP was also tested against earlieowersf itself to determine the effect of different mod-
eling choices. Finally, 5-card stud BPP has been testedistgaiman opponents with some experience of poker
who were invited to play via telnet. In all cases, we used BRBmulative winnings as the evaluation criterion.
The most recent 5-card stud version of BPP (as describedirb&nd Nicholson, 2004, Section 5.3)) performed
significantly better than both the automated opponentspwaspar with average amateur humans, but lost fairly
comprehensively to an expert human poker player.

In Section 2, we describe poker, and specifically the vamalatressed here, Texas Hold’em. In Section 3 we
present a Bayesian decision network which compactly repteswo-person Texas Hold’em poker, provides an
estimate of the probability of winning after each card isldead uses this to compute the betting action that
will maximize the expected utility. In Section 4 we show how wse betting curves to randomise the betting
actions and in Section 5 we describe a hybrid approach tecower some of the inaccuracies introduced by hand
abstraction. Then we describe the further extensions toiBBRding an improved bluffing strategy (Section 6),
flush and straight prediction from partial hands for Texatdtéon (Section 7) and extended opponent modelling
(Section 8). Finally, we discuss some likely ways of imprayihe program (Section 9).

2. POKER: THE GAME

Poker is an indeterministic imperfect information bettgegne that is played all over the world. There are many
forms of poker, however, they all follow the same basic rulaggeneral, a game is contested between two and
ten competitors, using a standard deck of fifty-two playiagls. At the beginning of each game, each player is
required to contribute a small opening betamteto a communal collection called tht Each player is then
dealt five or more cards, one at a time, and attempts to use tlaeds to create the strongest poker hand possible.
In most formats of the game, some cards are knownades cardsand are seen only by the player, while other
cards are dealt face up and visible to all players. Certasndard combinations are recognized in all forms of
poker and the ranking of these combinations gives a poket hastrength. These are described, from weakest
to strongest, in Table 2.

Poker is a betting game, with players betting that they witl ap with the strongest five-card hand, thus winning
the pot containing all bets. The bets occur in well definetitigtounds. A betting round begins with the player
to the left of the dealer and proceeds in a clockwise diractid each turn, a player may take one of three courses
of action: Rai se, where a player may place a bet that exceeds the amount aighkdt;Cal | , where a player
may match the last bet previously placed by another playetfal d, where, in the event that another player has
placed a bet exceeding the player’s last bet, a player magdi®nes cards and forfeit any previous contributions
to the pot. In this case, the player takes no further parterhdmd.
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Hand Type Example Probability

5 card stud| Texas Hold’em
Busted A& Kd X> 105 40 | 0.5015629| 0.1728400
Pair 20 2 Jb 8% 40 0.4225703| 0.4380000
Two Pair 50 5& Qb Qb K& | 0.0475431| 0.2351900

Three of a Kind 7% 70 74 30 45 0.0211037| 0.0483400
Straight (sequence)) 3é 4 50 6 7 0.0035492| 0.0479900
Flush (same suit) | Ad K& 7& 4&% 2& | 0.0019693| 0.0299000

Full House 74 7 7& 10> 10&% | 0.0014405| 0.0255000
Four of a Kind 30 34 3 3% N 0.0002476| 0.0018800
Straight Flush 30 40 54 6A 7H 0.0000134| 0.0003600

Table 1: Poker hand types: weakest to strongest with prior proligsilin both Five Card Stud and Texas
Hold’em

The fact that an opponent can fold, without seeing the cdsiteha player’s hand, enables the possibility of
bluffing in which a player may bet aggressively on a weak hand homirgrare away the (likely stronger)
competition. A betting round concludes when either: (1) aypl makes a bet that no other active player is
willing to match (and is entitled to collect the entire potlwout revealing the contents of his or her hand); (2)
all active players call the highest bet and the game theriraged and more cards are dealt before another betting
round.

After all cards have been dealt, a final betting round is cotetil If this process does not determine a winner,
the game proceeds to a showdown and the pot goes to the detyer piith the strongest poker hand. Hands in
the same category are distinguished by the rank of their mgsirtant cards. For instance, a pair of kings out
ranks a pair of fours. In the event of two players having a pakings, the winner is decided by the rank of
their next highest card. If these are also equal, the cosmagontinues to the next highest ranking card until a
winner is determined. If the two hands are in fact equal, titegpshared evenly. Suits are not considered except
when identifying a flush or straight flush. A session of pokgridally consists of several games between the
same group of players, allowing each player to learn thedifit strategies employed by their opponents and to
adapt accordingly. In each new game, the player to the lafteprevious dealer becomes the new dealer.

Five-card studvas the format used in our earlier Bayesian poker work. Adteante is paid, each player is dealt
two cards, one down (hidden) and one up (open), and a bettimgdris conducted. Three further betting rounds
follow, each after an additional up card is dealt. Finalgre is a showdown if more than one player remains.

Texas Hold’em has become the game of choice for recent @séas well as TV!), such as the work done by
Billings et al. (e.g. (2002)). It is a variation of stud pokerwhich the open cards are shared by all players.
These common cards are dealt out initially, but revealeg onltheflop, when betting occurs. Limit Hold’'em
includes a constraint on bet sizes, namely that each betlewudteither a large or small denomination, the large
typically being twice the value of the small. The game begiitk the player to the left of the dealer paying an
ante, called the small blind, which is equal to half the vadé@ small bet. The player to their left is required
to pay the large blind, equivalent to a small bet. The game freceeds to thpre-flopwhere each player is
dealt two hole cards face down. A betting round then occung. ffext stage is called tHiep during which three
table cards are dealt face up in the center of the table, availabédl players. A further betting round is then
conducted. Two more rounds then occur, calledtitine andriver respectively, in which a single card is added to
the table and a further betting round occurs. Bets in thetfirstrounds must be of the small value while bets in
the final two rounds must be of the large value. A limit of thraises in any round must be adhered to. If more
than one player remains active at the end of the river, theeganmceeds to a showdown. Each active player is
then required to create the strongest five-card poker hamd thheir two hole cards and the five table cards, and
these hands decide the winner of the pot.

The basic decision facing any poker player is to estimatésani@ning chances accurately, taking into account
how much money will be in the pot if a showdown is reached and tmaich it will cost to reach the showdown.
Assessing the chance of winning is not simply a matter of tiedability that the hand you have now, will end
up stronger than your opponent’s hand, if the five table careslealt out. Such a pure combinatorial probability
of winning is clearly of interest, but it ignores a great desinformation that good poker players rely upon. It
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ignores the “tells” some poker players have (e.g., faca, tidgeting); it also ignores current opponent betting
behaviour and the past association between betting balvagia hand strength. Our Bayesian Poker Player
(BPP) doesn’t have a robot’s sensory apparatus, so it caaltwith tells, but it does account for current betting
behaviour and learns from the past relationship betweewmpms’ behaviour throughout the game and their
hand strength at showdowns.

3. A BAYESIAN DECISION NETWORK FOR TEXASHOLD' EM POKER

The network shown in Figure 1 models the relationship betveeerent hand type, final hand type, the behaviour
of the opponent and the betting action. Note that all thedgtechBN variable nodes are represented with an oval
shape, while the diamondinningnode is a utility node and the rectangular n&RP_Next Actionis a so-called
“decision” node. Unlike earlier versions of BPP structuvbere each round was modelled by a separate network,
here the variations required for each of the rounds of playnadelled through the influence of tReundnode,
providing continuity between the various phases of a hand.

BPP_Win ~— BPP_Action]
BPP_Final OPP_Final

BPP_Curre @ OPP_Current BPP_Action,
OPP_Actio

Figure 1: A decision network for poker.

The nodeOPP_Final represents the opponent’s final hand type, wBilRP_Final represents BPP’s final hand
type; that is, these represent the hand types they will httee all five cards are dealt. Whether or not BPP
will win is the value of the Boolean variabBPP_Win; this will depend on the final hand types of both players.
BPP_Final is an observed variable after the final card is dealt, whdateapponent's final hand type is observed
only after play ends in a showdown. Note that the two final haoikes ar@otindependent, as one player holding
certain cards precludes the other player holding the sands;dar example, if one player has four-of-a-kind aces,
the other player cannot.

The nodes representing hand types are given values whithawds into strength categories. In principle, we

could provide a distinct hand type to each distinct pokeidhanstrength, since there are finitely many of them.

That finite number, however, is fairly large from the point/aw of Bayesian network propagation; for example,

there are already 156 differently valued Full Houses. Theetu version of BPP recognizes 25 types of hand,
subdividing busted hands into busted-low (8 high or lowbgsted-medium (9, 10 or J high), busted-queen,
busted-king and busted-ace, representing each paired deguadtately, and with the 7 other hand types. The
investigation of different refinements of hand types is desd below Section 5.

Atany given stage, BPP’s current hand type is representduidayodeBPP_Current(an observed variable), while
OPP_Currentrepresents its opponent’s current hand type. Since BPRotabgerve its opponent’s current hand
type, this must be inferred from the information availalttes board at a particular stage of the game, represented
by theBoardnode? and the opponent’s actions, represented by EE_Action

The CPTP(BoardBPP-Current OPP-Current) give the conditional probabilities of a given hand showimg o

3Note that theBoardnode replaces the two nod@$P.UpcardsandBPP_Upcardsfound in the 5 card stud network structure.
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the table when the current hands are of a certain type. Thainémy CPTs are giving the conditional probability
for each type of partial hand given that the final hand will ba particular kind, used for bo®@PP_Currentand
BPP_Current These CPTs were estimated by dealing out 10,000,000 hé&pd&er.

This network assumes an opponent’s action depends on ientinand, the value of the pot at the time when the
opponent was considering their actid?o{ node) and BPP’s most recent betting actiBRPP_PastAction). This
extends the opponent model in our previous work, where thei¢osly too simplistic) assumption was made that
the opponent’s action depended only on its current hand.diéethat the network still does not model such things
as the opponent’s confidence or bluffing strategy. The nogle®senting the both the opponent’s and BPP’s
actions (past and next) have eight possible valé@d, call, raise, check, bet, paysmallblind, paylargedli
pass This is a considerable advancement on previous BPP'sgéh@ttion choices for 5-card stud poker, where
betting actions were folded into 3 alternativet/raise, pass/call, foldThe Pot node values are discretised into
10 states that represent 20 dollar increments in value.

The conditional probability table for tf@PP_Actionnode holds the model of the opponent by mapping a situation
in the game to a probability distribution over these posgsditions. The information that influences this node
includes: the opponent’s current hand (25 states), thedi@&rstates), the round (4 states), the value of the pot
(10 states) and the previous action of the player (8 staféss gives a CPT with 200,000 entries. Considering
that a typical game of poker may only consist of 100 to 100@kaxf poker, it is unlikely that significant samples
will be observed to meaningfully update this CPT during acoemter with a particular opponent. This aspect is
considered further in Section 5 below. We also note thatsihe rules of poker do not allow the observation of
hidden cards unless the hand is held to showdown, any adjustithese entries are made only for such hands,
undoubtedly introducing some bias.

Given evidence foBPP_Current, Board andOPP_Action, belief updating produces belief vectors for both play-
ers’ final hand types and, most importantly, a posterior ability of BPP winning the game.

Given an estimate of the probability of winning, it remaiesmake betting decisions. Recall that decision
networks can be used to find the optimal decisions which watkimize an expected utility. For BPP, the decision
nodeBPP_NextActionin Figure 1 represents the possible betting actions, whigkhe same eight alternatives as
for the OPP_Actionnode, while the utility we wish to maximize is the amount ofinings BPP can accumulate.

The utility node,Winnings measures the dollar value BPP expects to make based ongkiblpacombinations

of the states of the parent nod&PP-Win andBPP_NextAction). For example, if BPP decided to fold with its
next action, irrespective of whether or not it would have e showdown, the expected future winnings will
be zero as there is no possibility of future loss or gain inciieent game. On the other hand, if BPP had decided
to bet and it were to win at a showdown, it would make a profitatqo the size of the final paky.:, minus
any future contribution made on its behatf.;. If BPP bet and lost, it would make a loss equal to any future
contribution it made towards the final petB;.;. A similar situation occurs when BPP decides to pass, buit wit
a differing expected total contributidsl,,s and final pott},,ss. This information is represented in a utility table
within theWinningsnode, shown in Table 2.

BPP_NextAction | BPPWin Utility
Bet Win Fyet — Bpet
Bet Lose —Byet
Pass Win Frass — Bpass
Pass Lose —Bpass
Fold Win 0

Fold Lose 0

Table 2: Poker action/outcome utilities

The amount of winnings that can be made by BPP is dependentaipamber of factors, including the number
of betting rounds remainin@, the size of the betting uniB and the current size of the p6t. The expected
future contributions to the pot by both BPP and OPP must adsestimated (see (Carlton, 2000) for details).

The decision network then uses the belief in winning at a stoown and the utilities for eachBPP-Win,
BPP_NextAction) pair to calculate the expected winnings (EW) for each pdsdbetting action. Folding is
always considered to have zero EW, since regardless of dmpility of winning, BPP cannot make any future
loss or profit.
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4. BETTING WITH RANDOMIZATION

The decision network presented in the previous sectionges\a “rational” betting decision, in that it determines
the action that will maximize the expected utility if the sidpwn is reached. However, if a player invariably bets
strongly given a strong hand and weakly given a weak haney @layers will quickly learn of this association;
this will allow them to better assess their chances of wigrdnd so to maximize their profits at the expense of
the more predictable player. So BPP employs a mixed straledgelects an action with some probability based
on the EW of the action. This ensures that while most of the BBRP will bet strongly when holding a strong
hand and fold on weak hands, it occasionally chooses a jyosali-optimal action, making it more difficult for
an opponent to construct an accurate model of BPP’s play.

Betting curvessuch as that in Figure 2, are used to randomize bettingresctibhe horizontal axis shows the
difference between the EW of folding and callingcaled by the bet size); the vertical axis is the probabilit
with which one should fold. Note that when the differencegsoz(EW (call) — EW (fold) = 0), BPP will fold
randomly half of the time.

PROBABILITY

EW(FOLD) — EW(CALL)

Figure 2: Betting curve for folding.

Once the action of folding has been rejected, a decisionsigede made between calling and raising. This is
done analogously to deciding whether to fold, and is catedlasing the difference between the EW of betting
and calling.

The betting curves were generated with exponential funstiwith different parameters for each round of play.

Ideal parameters will select the optimal balance betweéerahnistic and randomized play by stretching or

squeezing the curves along the horizontal axis. If the cwwere stretched horizontally, totally random action

selection could result, with the curves selecting eitherahtive with probability 0.5. On the other hand, if the

curves were squeezed towards the center, a determinigtiegy would ensue, with the action with the greatest
EW always being selected. The current parameters in use BywfPe obtained for 5-card stud using a stochastic
search of the parameter space when running against arr e@rion of BPP. We expect that a further search to
optimise these values for the current BPP playing Texas Elmlavill provide further small improvement.

5. AHYBRID APPROACH

5.1 Thelimitationsof hand abstraction

One of the obvious disadvantages to BPP's play is the seetdiland abstraction” used to contain the complexity
of the decision network. In our various versions of 5-carddBPP we tinkered with different abstractions,

“More exact would be to compute the differential EW betweddifig and not folding, the latter requiring a weighted ager&W for
pass/calland forbet/raise We use the EW of calling as an approximation for the lattesteNalso that we refer here to calling rather than
passing or calling, since folding is not a serious option mtieere is no bet on the table, implying that if folding is ariop, passing is not
(one can only pass when there is no bet).
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from 9 to the current 25 hand types (which still representegt d33 million card combinations). The hand
abstraction causes some information to be lost and theraftroduces inaccuracy into the model; in particular,
subtle differences between similar hands, that are crudiah determining which hand will win, may be lost. A
balance between model performance and computationareggents is required. Here we analyse the magnitude
of the inaccuracy in this trade-off.

Two measures of the hand abstraction inaccuracy are coadid€irstly, a theoretical measure, the Kullback-
Leibler divergence (Cover and Thomas, 1991), is consideed measurement of inaccuracy between the
BPP_Win node probability distributions output by two different nedsl Secondly, a more practical measure
is observed by playing different models against each o#metalso against the automated Texas Hold’em player
poki developed by Billings et aP.

In addition, a so-calle€ombinatorialmodel was designed as a base case against which other modkie
tested. Each position in a game is evaluated by conside@@@00 random decks of cards. This number of trials
was chosen as the largest number that would allow acceptiylisng speed using the resources available. The
hand is dealt out to completion using these decks and fregueunts are compiled for winning, tied, and losing
outcomes. This information is used to calculate an accprateability that the agent will hold the strongest hand
if the game should proceed to a showdown. No information $s ilo the hand representation for this model,
meaning that it does not suffer from the hand abstractiohlprms effecting the BPP network. Also, this method
does not consider information concerning the opponentisia& When comparing BPP to the Combinatorial
model, no evidence is added about the opponent’s actionshveliows a direct comparison of the effects of
hand abstraction alone.

Five models with differing granularities of hand abstrant(33, 25, 18, 15, 13) were compared to determine
the effect that the number of states has on the accuracy ofetveork (see (Boulton, 2003) for details of this
experiment). The busted and pair categories were focusedi®no the high frequency with which they occur,
thus making this experiment more sensitive. Each model wagpared with the combinatorial model in each of
the four betting rounds to gauge how they performed throughtee entire course of a hand. In each category,
the KL divergence was calculated by averaging the reswdta 00,000 random hands. These results are shown
graphically in Figure 3.

D e o

Maodel 2 = 25 states
Model3-=-18-states—— -
Model 4 = 15 states

KL DIVERGENCE

12131 45 1 23 435 1 231 45 1231 435
PRE-FLOF FLOP TURN RIVER

MODEL/ROUND

Figure 3: The KL divergence between BN model and the Combinatorialehtor 5 different abstractions.

5Note that all results described here were obtained ag4iat@03 version of Poki.
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From Figure 3, it is clear that hand abstraction has a mudetanfluence in the later betting rounds, while
being almost irrelevant at the beginning of a hand. Secoitdippears that initial decreases in granularity cause
a significant increase in accuracy, while further decreasee less effect. This is especially true when it is
considered that model 1 (33 states) requires a relativelgtgr increase in state numbers for a much smaller gain
in accuracy. Our current 25 hand types seems a reasonabfg@mise. Table 2 indicates that hands with two
pairs becomes much more common when playing the game of Hald®m. This suggests that this hand type
might make a good candidate for further segmentation whiemduncreases in state numbers are considered.

While these theoretical results confirm that hand abstradies indeed play an important role, they do not
quantify the actual disadvantage that it will cause undacfical playing conditions. The performance of an
automated agent in actual game play is clearly the gold atarfdr testing successful strategies. To this end, the
primitive Bayesian Model with no opponent modeling was plhgpgainst the Combinatorial Model over 20,000
random hands to quantify the practical financial loss that eecurring. As these two models differ only in the
presence of hand abstraction, the losses observed by tresiBayModel can be directly credited to this factor.
Model 2 (25 states) was used for this experiment. This model @bserved to lose 0.49 0.12 small betting
units per hand against the Combinatorial model.

To further evaluate this effect, both models were evaluagainst the Billing’s agent over the online poker
server. Due to the speed of play over the Internet, smallerbaus of hands could be played. Over 6000
hands, the Bayesian Model lost 0.430.17 small betting units per hand. Over the same number afd)dahe
Combinatorial model lost 0.3% 0.15 small betting units per hand. It is interesting to nbt this difference
(0.1 small betting units per hand) is smaller than the loebssrved when the two models are played against each
other. One possible cause for this discrepancy might beeming techniques incorporated into the Billing’s
agent. These techniques may be more efficient against théi@atarial model, thus reducing the gap between
them. These results demonstrate that hand abstractioidpeoa significant financial disadvantage in situations
of actual game play and is a worthwhile area in which to infigher experimental resources. We now present
one possible solution to this problem.

5.2 Incorporating the combinatorial models probability estimates

Both the Combinatorial model and the decision network mbdek advantages and disadvantages when imple-
mented as a poker playing agent. The Combinatorial modelewhking able to provide accurate predictions of
final hand probabilities, is poorly equipped to implementeéective opponent modeling strategy. The decision
network model, while providing the potential for intuitieend transparent opponent modeling, suffers from the
effects of hand abstraction, meaning that it is unable tdiptéhe final hand distributions accurately. The Hybrid
model aims to meld these two techniques in an attempt to gea@dcurate mathematical predictions of final hand
types while still allowing effective opponent modeling.

First, in the hybrid model, the priors for each final hand atigisted to the result from the Combinatorial model.
This required the separation of the link between the two fiaald nodes, but it was felt that this introduced only
a small inaccuracy. In a similar fashion, this technique iméanded to bias the results of the BN towards that
of the Combinatorial model. By itself, however, this doéswmrk, as, intuitively, information from the various
sources of available evidence are effectively introdueddd, causing an overly extreme belief to be computed.
In self-play trials, this model faired significantly wordeh the unaltered BN.

In order to rectify this problem, additional uncertain, orealled ‘Virtual” evidence was entered into the two final
hand nodes. This uncertain evidence represented theatiffebetween the original BN probabilities and those
produced by the Combinatorial roll outs. This was done bygighe ratio by which the distribution estimated
by the combinatorial method differed from the original BNieste. These values were then normalised and re-
introduced to the netwofk The details of this method rely on an understanding of thesage passing algorithm
used to perform BN inference, and is beyond the scope of #eip The interested reader is refered to (Korb and
Nicholson, 2004)[Section 3.4] for a description of the ubeidual evidence, and (Boulton, 2003) for a detailed
description of the hybrid method implementation.

The Hybrid model was evaluated against both the Combiratorddel and the original decision network model
(as per Section 3). The Hybrid model was able to win Gt50.12 small betting units per hand from the BN
model over 20,000 hands. This was a similar result to thaeset by the Combinatorial model. As expected,

6Using the Netica(2000) BN software’s Ent er NodeLi kel i hood’ * function
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the Hybrid model lost a small amount against the Combinalteniodel (0.02 small betting units per hand),
although this was not statistically significant. The Hyhmddel shows that BNs are capable of being combined
with more accurate techniques to almost eliminate the &ffeichand abstraction. We use the Hybrid model as
the base model for the experiments with other extension®® i the following section.

6. BLUFFING

Bluffingis the intentional misrepresentation of the strength ofsohand. You may over-represent that strength
(what is commonly thought of as bluffing), in order to chasparents with stronger hands out of the round.
You may equally well under-represent the strength of yomdh@sandbagging”) in order to retain players with
weaker hands and relieve them of spare cash. These aralgutiposes behind almost all (human) instances
of bluffing. On the other hand, there is an important strat@girpose to bluffing, as von Neumann and Mor-
genstern pointed out, namely “to create uncertainty in] [tpgonent’s mind” (von Neumann and Morgenstern,
1947, pp. 188-189). In BPP this purpose is already partfalfiled by the randomization introduced with the
betting curves. However, that randomization occurs prilnat the margins of decision making, when one is
maximally uncertain whether, say, calling or raising isimai over the long run of similar situations. Bluffing
is not restricted to such cases; the need is to disguise filerogponent what the situation is, whether or not the
optimal response is known. Hence, bluffing is desirable BPBs an action in addition to the use of randomizing
betting curves.

In our earlier work (Korbket al,, 1999), BPP bluffed (by over-representation) in the lasthibof betting with a
low probability (5%). In a subsequent version of BPP (déxadiin (Korb and Nicholson, 2004)), BPP used the
notion of a “bluffing state.” First, BPP worked out what itgpmment will believe is BPP’s chance of winning, by
performing belief updating given evidence PP _Upcards OPP_UpcardsandOPP_Action Given this belief is
non-zero, it is worth considering bluffing. In which case B a low probability of entering the bluffing state
in the last round of betting, whereupon it continued to b{bff over-representation) until the end of the round. In
addition, several rules were introduced to prevent obWdieslish behaviour. For example, the agent would not
bluff if the opponent had enough information to know that éigent held a losing hand. Once in bluffing mode,
the agent would continue to raise for the remainder of thelhantil the opponent folded or a showdown was
reached. It was felt that this method of bluffing did not mirtie behaviour of the agent in cases where a strong
hand was actually held. The reason for this stems from théorarbetting strategy employed by the agent. In
cases where a strong hand is held, the agent will generadlg,raut the random betting strategy will cause the
agent to occasionally call, and rarely to fold. This caubesdontinual raising behaviour of the bluffing agent
to be easily distinguished from the cases when it actuallgisha strong hand. In order to prevent the opponent
learning this strategy, a more natural bluffing behavious vemuired.

Here we describe a simple modification was made to this biu#figorithm. Instead of automatically raising once
in the bluffing mode, BPP instead now over-represents tieagth of its hand. The decision network was used
to produce a predicted probability of winning by the usuathod. This value was then modified to halve the
chance of losing. For instance, an predicted 60 percentehafrwinning would be modified to 80 percent. This
value was then used to calculate the expected utilitiesdrs#ime way as before, and the remaining calculations
proceeded as normal. In this way, the agent would behave myacensistent with holding a stronger hand than
in reality.

A limited trial (5000 hands of Hybrid model with static opport modelling (see Section 8 below) with each
of the old and new bluffing strategies) was undertaken ag#iesonline Billing agent, which incorporates an
effective opponent modeling strategy and would be expetctedke advantage of the predictable behaviour of
the original bluffing algorithm. The results given in TableBsmall but not significant improvement (in betting
units won/lost per hand) was observed; further experimematsequired to confirm the improvement obtained by
the modified bluffing strategy.

Trial Outcome
Hybrid + Old Bluffing vs Billings | Billings won 0.243 sbu/hand
Hybrid + New Bluffing vs Billings | Billings won 0.238 sbu/hand

Table 3: Summary of the results for modified bluffing. sbu = small ibgtunit
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7. IMPROVED PREDICTION FROM PARTIAL HANDS

The poker decision network already includes the abilityetwognise when a straight or flush is being currently
held, as these hand types are represented by a state in teatcamd final hand nodes. However, during the
course of a game, it is also important to recognise partfaligned straights and flushes in order to predict the
probability that these hand types will eventuate in futuends. The original model simplified by represented
these partial hand types directly in the final and currendhaodes. However, in Texas Hold’em the overlap
between such partial hands and legitimate final hands (@ags) will become far more significant due to the
increased frequency of straights and flushes in Texas Hold@mpared to Five Card Stud; for example, straights
occur 13.5 times more frequently while flushes occur 15.&simore often in this form of the game. Therefore,
a more sophisticated method for representing the potefatidlture straights and flushes is required. Many
possible solutions to this problem exist but in this insegrtbree additional nodes were added to the network
representing the partial flushes present in the board, theregmt’s current hand and the player’s current hand.
Partial flushes were represented as the highest numberdsf cbthe same suit present in a particular hand. The
relevant fragment of this extended decision network stmecis shown in Figure 4.

Figure 4. Modified network fragment showing the ability to represpattial flushes in the board, opponent’s
current hand and the player’s current hand.

This new network structure was evaluated against the urfiladdiersion which was identical except for the
changes described above. Over 20,000 hands of poker, thenoelsl was able to outperform the previous
version at the rate of 0.128 0.123 small betting units per hand. This demonstrates ltieadbility to recognise
partial flushes is important to successful poker play, @aigén forms of the game that deliver these hands to
players at significant frequencies. Representing straighthore complex because these types of hands can occur
in many combinations with missing cards occurring at theér@gg, middle or end of an already held sequence.
Further work to determine an optimal selection of statesjaver a similar modification to the flush case could
represent partial straight combinations and would be erpido provide a similar improvement.

8. OPPONENT MODELLING

8.1 Static Opponent Modelling

Static opponent modeling refers to a technique in which &mégmodel of an opponent does not change during
a game. Instead, the agent uses a generic opponent modis! tthatight to represent the strategy of reasonable
opponent and employs this model against all opponents.eTdrera vast number of differing strategies used in
poker. This means that a static opponent model will nevebbeeta effectively deal with each different style that
it encounters. However, this form of opponent modelind btk a valuable role, both in the initial stages of a
game when little information on the current opponent in knamd also in situations where useful technigues to
model an opponent are not available.
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Here we describe a new technique for initialising @ep Action CPT with useful probability distributions that
reasonably model a generic opponent.

The technique begins with the CPT filled with uniform distitions. From this point, an updating process is
repeatedly employed to adjust this table until it repres@ngeneric opponent. Each round of updating builds
upon the results of the last in a process resembling the foapgsng of a computer. Each round of updating
involves considering every possible combination of pastates. For each combination, the BN itself is used
to compute the probability distribution over each poss#uton. These probabilities are then inserted back into
the CPT that models the opponent’s actions. Before the fitstd of updating, the CPT contains only even
distributions meaning that the BN is in effect ignoring thpgoonent’s actions. By inserting these results back into
the CPT, the BN now assumes that it is playing an opponentttiedtignores their opponent’s previous actions.
After the second round, a situation arises in which the BNow assuming that their opponent considers that
its opponent is not considering the previous actions of thgponent. In a two handed game, the opponent of a
player’s opponent is obviously the player themselves berigtls no theoretical reason why this technique could
not be adapted to multiplayer games. Since there are ontg figtions in each betting round, the actions further
back in the game will cause less and less change to a playdieds This means that as each round of updating
is performed, the rate of change in the CPT will decrease. &asure this change, the mean squared difference
(MSD) between the CPT for successive rounds was measue(Bselton, 2003) for detailed results). We found
that after 6 rounds of updating, further updating makes \iehy difference. For this reason, it was decided that
6 rounds would be used for bootstrap initialisation of fetuersions of the network.

During two-handed games of poker over 20,000 hands, the Inositey this static opponent modeling technique
has been shown to outperform an identical model without fisgsure. The magnitude of this advantage was
shown to be 2.14- 1.09 small betting units per hand. It was also shown to ofaprthe Combinatorial model
by 1.12+4+ 1.07 small betting units per hand over 20,000 hands.

8.2 Dynamic Opponent Modelling

Dynamic opponent modeling refers to techniques in whichajgonent model is continually updated during
a game to more accurately reflect the strategy of a specifiorsg. This provides the flexibility to adapt
effectively to the vast variety of playing styles againstiethan agent is likely to compete. Unfortunately, the
main obstacle to effectively implementing dynamic oppdnaondeling stems from the enormous number of
situations in which an agent must accurately be able to grétsi opponent. As indicated earlier, in BPP’s
decision network, the CPT for th@ P P_Action contains 200,000 entries, a number far too great to allow for
effective learning within the short duration of typical @slgame. Thus the challenge lies in discovering methods
by which to accelerate the learning process to a point whéreciomes beneficial within the space of 100 poker
hands (a reasonable duration for a professional poker gatagbn humans).

There are several methods by which the CPT might be reduceidén Most obviously, a smaller number of
parents will decrease the number of entries significantly.irErease in the granularity (i.e. reduce the number
of states) will achieve a similar result. Unfortunatelystivill also decrease the accuracy of the opponent model.
Instead, it was decided to reduce the number of values todradd by segmenting the CPT into groups of
situations where a reasonable player might make similarestFor example, in certain situations, a player might
fold if the potis less than 80 dollars, combining the casesrelthe pot is less than this. Evidence observed in one
situation can be also used to learn other situations. Tleedst lies in finding a method to effectively segment
the CPT. As the CPT becomes segmented into fewer groupsedheirig rate will increase at the expense of
accuracy. Itis important to find an appropriate comproméete/ben these two important considerations, and this
is likely to change depending on the length of game in whiehabent is expected to compete. The two source
of information use are: (1) hand information when a showdoeeurs; and (2) BPP’s estimate of the opponents
hidden cards during the game.

We chose to use a decision tree to represent the CPT (a metbdatlsewhere, e.g. (Friedman and Goldszmidt,
1996)). In particular, we applied a decision tree learngdiaf, that uses Minimum Message Length (MML)
(Wallace, 2005), trading off the learning rate with the aecy. MML has the advantage that it provides theoret-
ically optimal results for many learning tasks.

The first implementation of this method learned the strigctfrthe tree offline from generic data that was ob-

"This is a MML decision tree program developed internally airidsh University.
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served from actions made by the Hybrid model during self-piials. This aimed to provide a tree structure that
was as generic as possible and best equipped to model a kige/\of different playing styles. The data was
actually simulated by using the Hybrid model to calculater@bpbility distribution over each possible action,
for each situation represented by the 200,000 parent catibins for the opponent action node. This distribu-
tion was used to create 100 observations in ratios that teflebe probability of each action. The 20,000,000
observations were then processed by D-Graf to produce sidedree. During a game, this tree was used to
update the CPT from its original values that were inheritedifthe static opponent model (see above). As each
observation becomes available during a game, the decigiens used to allocate that observation to a leaf. The
program then passes through each entry in the CPT, updditthgse that also lie in that leaf.

To date we have undertaken only a limited experimentatidh this dynamic opponent modelling method, in-
vestigating the effect of varying (1) the learning rate a2ylthie size of the decision tree used to segment the
CPT. Preliminary results from a small number of trials bedwéhe hybrid model with and with dynamic oppo-
nent modelling (reported in (Boulton, 2003)) indicate ttied method has some potential. However much more
research and experimentation is required to establishtiieatnethod improves BPP’s play against automated
players using extensive opponent modelling and, of cotms®man players.

9. CONCLUSION

Poker is the quintessential game combining physical pritibab (the randomness introduced by shuffling) with
epistemic probabilities (the unknown values of hidden savdth the uncertainties of assessing the opponent’s
psychology (propensity to bluff, strategic intentions) previous work, we showed a Bayesian approach can play
5-card stud poker reasonably well. In this paper we haveesstally adapted our approach to the variant, Texas
Hold’em poker, including special handling of flush and gftaiiprediction required by the shared board cards.

We have also presented modifications applicable to any paksion, including: (1) modifying BPP’s bluffing
to mimic betting for a stronger hand; (2) using a hybrid mdtlat incorporates estimates from a combinatorial
hand roll out to overcome some of the limitations of usingdhahstractions; and (3) developing new static and
dynamic opponent modelling methods. We have presentettsesumparing versions of BPP with each other,
with the combinatorial model, and with the Billings onlinexks hold’em poker player. In all cases, Billings
beat BPP, however there is much room for improving BPP’s §édald’em play, for example, by searching for
new betting curve parameters and improved dynamic opponedélling, especially by modelling an opponent’s
bluffing. Further improvement can be achieved by modelllrgyinterrelation between rounds of play using a
so-called dynamic decision network.

In the future we would like to make the poker-playing envir@mt more challenging, in particular introducing
multi-opponent games and allowing table stakes games. ltipl@opponent games it will be more important to
incorporate the interrelations between what is known dédént player’s hands and the node representing their
final hands. In table stakes any player may bet or raise as mociey as is jointly available at the time to that
player and any remaining opponent. This makes the precisg@uatation of winning probabilities rather more
critical. Thus, table stakes poker provides a much moreredest environment than fixed-size betting.
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