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Abstract

Poker is an interesting test-bed for artificial
intelligence research. It is a game of imperfect
knowledge, where multiple competing agents
must deal with risk managemenbpponent
modeling, unreliable information, and deception,
much like decision-making applications in the
real world. Opponent modeling is one of the
most difficult problems in decision-making
applications and in poker it is essential to
achieving high performance. This paper
describes and evaluates the implicit and explicit
learning in the poker prograrhoki. LoKki
implicitly “learns” sophisticated strategies by
selectively sampling likely cards for the
opponents and then simulating the remainder of
the game. The program has explicit learning for
observing its opponents, constructing opponent
models and dynamically adapting its play to
exploit patterns in the opponents’ play. The result
is a program capable of playing reasonably
strong poker, but there remains considerable
research to be done to play at a world-class level.

with imperfect information is the main reason why
progress on developing strong bridge and pgkegrams
has lagged behinthe advances in other games. However,
it is also the reason why these games promise highe
potential research benefits.

Poker has a rich history of scientifiégnvestigation.
Economists and mathematicians have applied a variety @
analytical techniques to certain poker-related problems
However, since “real” poker is too complex for this
approach, they have studied simplified variants ([15] for
example). Other individuals, including expert players with
a penchant for mathematics, have gained considerabl
insight about “real” poker by using partial mathematical
analyses, simulation, aratl-hocexpert experiencg18]

is a popular example).

Until recently, the computing science community has
largely ignored poker. However, poker has a number of
attributes that make it an interestidgmain for artificial
intelligence (Al) research. Thesattributes include
imperfect knowledge, multiple competing agents, risk
management, opponent modeling, deception, and dealin
with unreliable information. All of these are challenging
dimensions to a difficult problem.

There aretwo ways that poker can be used as an

1. INTRODUCTION _ _ L

o i ] interesting testbed for artificial intelligence research. One
The artificial intelligence community has recently approach is to use simplified variants that are easier tc
benefited from the tremendous publicity generated by thgnalyze. For example, Findler worked on and off for 20
development of chess, checkers and Othello programs thatars on a poker-playing program for simplified 5-card
are capable of defeating the best human players. Howeveraw poker [7]. He modeled human cognitive processes
there is an important difference between these boarghd built a program that couldarn. The danger with this
games and popular card games like bridge and poker. ¥pproach is that simplification can remove the challenging
the board games, players always have complet€omponents of the problem that are of interest to Al
knowledge of the entire game state since it is visible tgesearchers. A variant of this approach is to look at ¢
both participants. This property allows high performancgubset of the game, and try to address each component
to be achieved by a brute-force search of the game tree. j§plation. Several attempts have been made to appl
contrast, bridge and poker involve imperfect informatiormachine learning techniques to individuaspects of
since the other players’ cards are not known, and seargpker (some examples include [19,21,6]).
alone is insufficient to play these games well. Dealing



The second approach, and the one that we advocate, is%“ﬁeﬂsates fa I?C.kl or knowledgeln effect,Loki uses
tackle the entire problem: choose a real variant of poké&mulations to implicitly learn advanced strategies.

and address all the considerations necessary to buildSecond,Loki observesand records the actions of each
program that performs at a level comparable to that of thepponent and uses this information to build a simple
best human players. Clearly this is the most ambitiousiodel of their play. This mode$ used topredict each
approach, but also the one that promises the most excitimgponent'shidden cards. The program adapts to the style
research opportunities. of each opponent and exploits any predictable actions.

Recently, Koller and Pfeffer have been investigatingVe have experimentally assessed each of these styles of
poker from a theoretical point of view [13]. They preseniearning, both in the laboratory and in play with human

a new algorithm for finding optimal randomized strategieopponents. To the best of our knowledgeki is the first

in two-player imperfect information competitive games.successful demonstration of using real-time learning to
This is done in theiGala system, a tool for specifying improve performance in a high-performance game-
and solving problems of imperfect information. Theirplaying program.

system builds decision trees to find the optimal gamer,;q paper describes our previous work boKki

theoretic strategy. However the tree sizes prompted tHf,z,3,4,14] and outlines some of the future directions we

authors to state that “...we are nowhere close to being ahle, pursuing. Section 2 provides an overview of Texas

to solve huge games such as full-scale poker, and it |$5/g'em. Section 3 identifies the minimal set of
unlikely that we will ever be able to do so.” In theory, o irements necessary to achieve world-class play.
their approach could be used to build an optimal pokeyqyis architecture is described in Section 4. Section 5
player for a real variant of poker. In practice, it will yise\sses the implicit learning used in the betting strategy,
require too many computational resources unless furthGjjje Section 6 addresses the explagiponent modeling.
improvements are discovered. The performance of the program is assessed in Section 7.
We are attempting to build a program that is capable dbection 8 identifies future work, and Section 9 provides
playing world-class poker. We have chosen to study theome conclusions.

game of Texas Hold'em, the poker variation used to

determine the world champion in the annual World Serie2. TEXAS HOLD'EM

of Poker. Hold’em is considered to be the most . .
; - - A hand of Texas Hold’em begins with tipee-flop where
strategically complex poker variant that is widely played. each player is dealt twhole cards face down, followed

Our experiences with our first poker program, calledli, by the first round of betting. Three community cards are
were positive [1,14]However, we quickly discovered two then dealt face up on the table, called thop, and the
limitations to further performance gains: second round of betting occurs. On then, a fourth

1 The betting strategy—whether to fold, call, or raise ircommunity card is dealt face up and another round of
a given situation—was defined using expertbetting ensues. Finally, on théver, a fifth community
knowledge. This became cumbersome, since it wagard is dealt face up and the final round of betting occurs.
awkward to define rules to cover all the possibleAll players still in the game reveal their two hole cards for
scenarios. Furthermore, any static strategy is suspedfie showdown The best five-card poker hand formed
A successful strategy must dependatranginggame  from the two hole cards and the five community cards
conditions. wins the pot. If a tie occurs, the pot is split. Texas

2 Initially, in games played over the Internetpki Hold'em is typically played with 8 to 10 players.

performed quite well.However, someopponents Limit Texas Hold’em uses a structured k_)ettir_lg system,
detected patterns and weaknessekoki's play, and Where the order and amount of betting is strictly
they altered their strategy to exploit them. Ancontrolled on each betting rouAdThere are two
opponent can exploit any predictable strategy, both iﬁenomlnatlo_ns o_f bets, called the §ma|| bet an_d the big bet
theory and in practice. To be a strong poker playef($2 and $4 in this paper). In the first two betting rounds,
one must model the opponent’s p|ay and adjust to it. all bets and raises are $2, while in the last two rounds,
.they are $4. In general, when it is a player’s turn to act,

.Th's paper dgscnbes and evaluates two types of Iearm%che of five betting options is available: fold, call/check, or
in Loki, First its knowledge-based betting strategy can b‘?aise/bet. There is normally a maximum of three raises

viewed as a static evaluation fuiun. In two-player ilillowed per betting round. The betting option rotates

games, such as chess, the quality O.f the evaIL_Jatlon can B8ckwise until each player has matched the current bet or
improved through search. In poker, imperfect |nformat|or}

makes a search of the full game tree impractical. Instead
simulation that samples from the set of likelgenarios
can beused to enhance an evaluation. We found that
simple evaluation function augmented by search cafin No-limit Texas Hold’em, there are no restrictions on bet sizes.
uncover sophisticated strategies, as has been observed in

perfect-information gamesin other words, search

olded. If there is only one player remaining (all others
h?:lving folded) that player is the winner and is awarded the
%ot without having to reveal their cards.




A minimal opponent model might use a single model for
3. REQUIREMENTS FOR A WORLD- all opponents in a given hand. Opponent modeling may be

CLASS POKER PLAYER improved by modifying those probabilities based on the

. o collected statistics and betting history of each opponent.
We have identified several key components that address . 9 o Y p_p .
some of the required activities of a strong poker pIayerThere are several other identifiable characteristics that

However, these components are not independent. Th&Jay not be necessary to play reasonably strong poker, but
must be continually refined as new capabilities are addé@ay eventually be required for world-class play.
to the program. Opponent modeling isitegral to successful poker play.

Hand strength assesses the strength of a handelation ~ Koller and Pfeffer have proposed a system for
to the other handsThe simplest hand strength constructing a game-theoretic optimal player [13].
computation is a function of the cards in the hand and tHdowever, it is important to differentiate anptimal
current community cards. A better hand strengtiStrategy from anaximizingstrategy. The optimal player
computation takes into account the number of players stil"akes its decisions based on game-theoretic probabilities,
in the game, the position of the player at the table, and tithout regard to specific context. The maximizing player
history of betting for the current game. An even mordakes into account the opponent’s sub-optimal tendencies
accurate calculation considers the probabilities for eacfnd adjusts its play to exploit these weaknesses

possible opponent hand, based on the likelihood of ea¢h poker, a player that detects and adjusts to opponent
hand being played to the current point in the game. weaknesses will win more than a player who does not. For
Hand potential computes the probability that a hand will €x@mple, against a strong conservative player, it would be
improve to win, or that a leading hand will lose, ascorrect to fold the probable second-best hanq. However,
additionalcommunity cards appear. For example, a han@9ainst a weaker player who bluffs too much, it would be
that contains four cards in the same suit may have a lo@) €rror to fold that same hand. In real poker it is very
hand strength, but has good potential to win with a flusgommon for opponents to play sub-optimally. A player
as more community cards are dealt. Conversely, a harWPO fails to detect and exploit these weaknesses will not
with a high pair could decrease in strength and lose to4in @s much as a better player who does. Thus, a
flush as many cards of a common suit appear on tH8aximizing program will out-perform an optimal program
board. At a minimum, hand potential is a functafithe ~ @dainst sub-optimal players.

cards in the hand and the current community cardsAlthough a game-theoretic optimal solution for Hold’em
However, a better calculation could use all of thewould be interesting and provide a good baseline for
additional factors described in the hand strengtlzomparing program (and human) performance, it would in
computation. no way “solve the game.” To produce a world-class poker

Betting strategy determines whether to fold, call/check, Program, strong opponent modeling is essential.

or bet/raise in any given situation. A minimuwtnategyis ,
based on hand strength. Refinements consider haft LOKI'S ARCHITECTURE

potential, pot odds (your winning chances compared 10 thenis section gives a brief overview of the important
expected return from the pot), bluffing, opponentcomponents ot.oki's architecture [4]. Figure 1 illustrates
modeling and trying to play unpredictably. how these components interact. In the diagram, rectangles
Bluffing allows you to make a profit from weak harfds, are major components, rounded rectangles are major data
and can be used to create a false impression about y&ffuctures, and ovals are actions. The data follows the
play to improve the profitability of subsequent handsarrows between components. An annotated arrow
Bluffing is essential for successful play. Game theory caindicates how manyimes data moves between the
be used to compute a theoretically optimal bluffingcomponents for each of our betting actions.

frequency in certain situations. A minimal bluffing systemThe architecture revolves around generating and using
merely bluffs this percentage of hands indiscriminately. ”brobability triples It is an ordered triple of values, PT =
practice, you should also consider other factors (such Bcr], such thatf + ¢ +r = 1.0, representing the
hand potential) and be able to predict the probability thairohapility distribution that the next betting action in a
your opponent will fold in order to identify profitable giyen contexshould bea fold, call, or raise, respectively.
bluffing opportunities. The Triple Generator contains our poker knowledge, and
Unpredictability makes it difficult for opponents to form is analogous to an evaluation function in two-player
an accurate model of your strategy. By varying youigames. The Triple Generator calls the Hand Evaluator to
playing strategy over time, opponents may be induced ®@valuate any two-card hand in the current context. It uses
make mistakes based on an incorrect model. the resulting hand value, the current game state, and
expert-defined betting rules to compute the triple. To
evaluate a hand, the Hand Evaluator enumerates over all
possible opponent hands and counts how many of them
would win, lose or tie the given hand.

Opponent modeling allows you to determine a likely
probability distribution for your opponent’s hidden cards.

2 Other forms of deception (such as calling with a strong hand) are not
considered here.



Each time it idoki's turn to bet, the Action Selector usesAn important advantage of the probability triple

a single probability triple to decide what action to takerepresentation is that imperfect information is restricted ta
For example, if the triple [0.0,0.8,0.2] wegenerated, the Triple Generator and does not affect the rest of the
then the Action Selector wouttever fold, call 80% of the program This is similar to the way that alpha-beta search
time and raise 20% of the time. A random number isestricts knowledge to the evaluation function. The
generated to select one of these actions so that tpeobability triple framework allows the “messy” elements
program varies its play, even in identical situationsof the program to be amalgamated into one component
Although this is analogous to mixed strategyn game which can then be treated as a “black box” by the rest o
theory,the probability triple implicitly contains contextual the system. Thus, aspects like game-specific information
information. complex expert-defined rule systems, and knowledge of

After the flop, the probability for each possible opponenfluman behavior are all isolated from the engine that use
hand is different. For example, the probability that AcetNiS inpPut.

Ace hole cards are held is much higher than the cards 7-2,

since most players will fold 7-2 before the flokhere is a g IMPLICIT LEARNING

weight table for each opponent. Each weight tablgoki's original Action Selector component consisted of
contains one value for each possible two-card hand thakpert-defined rules that used hand strength, hanc
the opponent could hold. The value is the probability thadotential, game conditions, and probabilities to decide or
the hand would be played exactly as that opponent has action. A professional poker player defined the systen
played so far. For example, assume that an opponegé a first approximation of the return on investment for
called before the flop. The updated probability value fokeach betting decision. As other aspecttaki improved,

the hand 7-2 might be 2% since it normally should benis simplistic betting strategy became the limiting factor
folded. Similarly the probability of Ace-King might be tg the playing strength of the program. Unfortunately, any
60% since it would seldom be folded before the flop, butule-based system is inherently rigid, and even simple
is often raised. After an opponent action, the Opponerghanges were difficult to implement and verify for

Modeler updates the Weight Table for that opponent in gorrectness. A more flexible, computation-based approac
process callede-weighting The value for each hand is was needed.

increased or decreased to be consistent with the effect, a knowledge-based betting strategy is equivalen
opponent's action. The Hand Evaluator uses the Weig ' dg . Ing gy IS €q
£ static evaluation function. Given the current state of

Table in assessing the strength of each possible hand, : :
these values are ?n turn use% to updatepthe Weight Ta Ee game and the hole cards, it attempts to determine th

after each opponent actiofihe absolute values of these action that yields the best result. If we use deterministic
probabilities are of little consequence, since only thgerfect information games as a model, the obvious

relative weights affect the later calculations. Teails \3\)/(:1(3231?1?5 'iss tgagddtosziﬁgvéo i;hz e\(/a?;g?tt-l?nr;ofrlrjr?;ttilgg
are discussed in Section 6. y P

game such as chess (consider all possible moves as deef
as resources permit), the same approach is not feasible fi

Pt 08L" Gpponent Modebr' real imperfect information games because there are to
many possibilities to consider [13].

weight table
AT [2 [e TlOSl Having an expert identify all the betting rules necessary tc
krlesedo |3 |7 | K& play world-class poker is time consuming and difficult.
N Triple Generabr Decisions must be based on context, within a game an
1081 entries | Hand Eva'“am;l between games. Covering all eventualities is not practical
_____ In such a system, the expert does the learning, transferrin
(Hana ) y: w | his knowledge into new or modified rules. We prefer a
— Rl S | | Simulator | dynamic computatiolrased approach, where the program
Rule-base VY _ _| does the learning as it plays.
fold, cal PR . : :
Loki's improved betting strategy consists of playing out

many likely scenarios to determine how much money eact
decision will win or lose. Every time it faces a decision,
Loki invokes the Simulator to get an estimate of the
Probability triples are used in three placed oki The expected valu¢EV) of each betting action (see the dashed
Action Selector uses a probability triple to decide on &ox in Figure 1 with the Simulator replacing the Action
course of action (fold, call, raise) as previously describedselector). A simulation consists of playing out the hand a
The Simulator uses probability triples to choose actionspecified number of times, from the current state of the
for simulated opponent hands (see Section 5). Thgame through to the end. Folding is considered to have
Opponent Modeler uses an array of probability triples tgero EV, because we do not make any future profit or
update the model of each opponent (see Section 6). loss. Each trial is played out twice—once to consider the
consequences of a check/call and once to consider

Figure 1. The architecture abki.



bet/raise. In each trial, cards are dealt to each opponeimprove the default values obtained by heuristics,
(based on the probabilities maintained in the Weightesulting in a more accurate estimate.

Table), the resulting game is simulated to the end, and the; seen jnother search domains, the search itself contains
amount of money won or lost is determined. Probabll|ty”.np|icit knowledge. A simulation contains inherent

triples are used to simulate the actions of the opponenist,mation that improves the basic evaluation. For
based on the two cards they are assigned for that trial. TRg,mhje 5 simulation contains implicit knowledge such
average over all of the trials is taken as the EV of each..

action. In the current implementation we simply choose . . .
the action with the greatest expectafifoiding if both ~ ° hand strength (fractlon of trials where our hand is
expectations are negativéf two actions have the same  better than the one assigned to the opponent),
expectation, we opt for the most aggressive one (call over hand potential (fraction of trials where our hand
fold and raise over call)To increase the programs improves to the best, or is overtaken), and
unpredictability, we can randomize the selection of betting ¢ ,.11a implications not addressed in the simplistic

actions whose EVs are close in value. betting strategy (e.g. “implied odds”—extra bets won
Enumerating all possible opponent hands and future after a successful draw).

community cards is analogous to exhaustive game &g 4 ajiows complex strategies to trecovered without
;earch and is 'mpfac“c?" for pokde{rowever, simulation providing additional expert knowledgé&or example,
is analogous to a selective expansion of some branchesstj)if;u|ati0nS can result in the emergence of advanced

a game tree. To geta goc_)d approximation of the expecte tting tactics like a check-raise, even if the basic strategy
value of each betting action, one must have a preferens\ﬁthout simulation is incapable of this pla
for expanding and evaluating the nodes that are mos Y.

likely to occur. To obtain a correctlyeighted average, all At the heart of the simulation is an evaluation function.
of the possibilities must be considered in proportion to thd he better the quality of the evaluation function, the better
underlying probabilitydistribution of the opponent hands the simulation results will be. One of the interesting
and future community cards. The distribution of futureresults of work on alpha-beta has been that even a simple
community cards is uniform across unseen cards, but tialuation function can result in a powerful program. We
probable opponent hands are not! We ussdective S€€ a similar situation in poker. The implicit knowledge

sampling to select the most probable hands for eackontained in the search improves the basic evaluation,
opponent. magnifying the quality of the search. As with alpha-beta,

there are tradeoffs to be made. A more sophisticated

When simulating a hand, we have specific informatiory, - .ation function can reduce the size of the tree, at the
that can be used to bias the selection of cards. Fqr

i ) ost of more time spent on each node. In simulation
example, a player who has been raising is more likely tg

have a strona hand than a olaver who has iust called ev nalysis, we can improve the accuracy of each trial, but at
9 player whc J >0 eVehe expense of the total number of trials performed in real-
bet. For each opponentoki maintains a probability

distribution over the entire set of possible hands (thgme.

Weight Table), and the random generation of eaclyariations of selective sampling have been used in other
opponent’s hole cards is based on those probabilitie§ames, including Scrabble [17], backgammon [20], and
Thus, we are biasing our selection of hole cards for theridge [9]. Selective sampling is similar to the idea of

opponent to the ones that are most likely to occur. likelihood weighting in stochastic simulation [8,16]. In
our case, the goal is different because we need to

Hitferentiate between EVs (for call/check, bet/raise)
Hstead of counting events. Also, poker complicates
atters by imposing tight real-time constraints (typically a
aximum of two seconds). This forces us to maximize the
information gained from a limited number of samples.
Eurther, the problem of handling unlikely events (which is

concern for any sampling-based result) is smoothly
andled by our re-weighting system (Section 6), allowing
oki to dynamically adjust the likelihood of an event
ased on observed actions. An unlikely event with a big
anoff figures naturally into the EV calculations.

between one of three alternatives. Since the choice
strongly correlated to the quality of the cards that the
have, we can use the Triple Generator to compute tl'm
likelihood that the player will fold, check/call, or bet/raise
in each instance. The player’s action is then randoml
selected based on the probability distribution, and th
simulation proceeds. As shown in Figure 1, the SimulatoH
calls the TripleGenerator to obtain each of our bettingL
actions and each of our opponent actions. Where t

actions are equally viable, the resulting EVs should b
nearly equal, so there is little consequence if the “wrong

action is chosen. 6. EXPLICIT LEARNING

It should be obvious that the simulation approach must be . .
; ; dny strategic games like chess, the performance loss by

selective search to augment and refine a static evaluatid®'°fing opponent modeling is small, and hence it is
function. Barring a serious misconception (or bad luck ofSually ignored (although it has been studied [5,11,12]).

a limited sample size), playing out relevant scenarios willl_contrast, not only does opponent modeling have
tremendous value in poker, it can be the distinguishing



feature between players at different skill levels. If a set othis model is quite powerful in that it does a good job of
players all have a comparable knowledge of pokeskewing the hand evaluations to take into account the
fundamentals, the ability to alter decisions based on amost likely opponent holdings.

accurate model of the opponent may have a greater impash,iously, treating all opponents the same is clearly
on success than any other strategic principle. wrong. Each player has a different style, ranging from
To assess a hand, the Hand Evaluator compares thdsese(plays most hands beyond the flap}ight (usually
cards against all possible opponent holdings. Naively, orndays the few hands that have a very high probability of
could treat all opponent hands as equally likely, howevewrinning), and from aggressive to conservative. Knowing
this skews the hand evaluations compared to morthe style of the opponents allows a player to adjust their
realistic assumptions. Many weak hands are likely to haveetting decisions. For example, if a perceived tight player
been folded before the flop, making them less likely to bés betting aggressively, there is a good chance that they
held later in the hand. Similarly, a hand made strong bfiave a strong hand. A loose player will play many
the turn and river cards may have been folded on the flopparginal hands or may bluff a lot. This is useful
Therefore, for each starting hand, we need to define iaformation and may allow you to fold a strong hand or
probability that our opponent would have played that handall with a weak one when it is correct to do so. In
in the observed manner. We call the probabilities for eacpeneral, a bet made by a loose or aggressive player should
of these (52 choose 2) = 1,326 subcaseightssince they not be taken as seriously as one made by a tight or
act as multipliers in the enumeration computatins. conservative player.

The use of these weights is the first step toward oppone8pecific Opponent Modeling (SOMustomizes the
modeling since we are changing our computations basguiobability triple function to represent the playing style of
on the relative probabilities our opponent’s possible holeach opponent. For a given game, the reweighting factor
cards. The simplest approach to determining these weighagplied to the entries of the Weight table is adjusted by
is to treat all opponents the same, calculating a single deg¢tting frequency statistics gathered on that opponent
of weights to reflect “reasonable” behavior, and use therfrom previous hands. This results in a shift of the assumed
for all opponents. An initial set of weights was determinedall and raise thresholds for each player. In the case of a
by ranking the starting hands (as determined by off-linéight player, the call and raise thresholds will increase,
simulations) and assigning a probability commensuratmdicating fewer hands that are likely to be played.
with the average return on investment of each hand. The&wonversely, a loose player’s thresholds will be lowered.
results closely approximate the ranking of hands by stronguring each round of a game, the history of previous
players [18]. actions by the opponent is used to influence the

In Loki, the Opponent Modeler uses probability triples td°roPability triple generated for that opponent.

update the Weight Table after each opponent action. Tla competitive poker, opponent modeling is much more
accomplish this, the Triple Generator is called for eaclcomplex than portrayed here. For example, players can act
possible two-card hand. It then multiplies each weight iio mislead their opponents into constructing an erroneous
the Weight Table by the entry in the probability triple thatmodel. Early in a session a strong poker player may try to
corresponds to the opponent's action. For examplereate the impression of being very conservative, only to
suppose the previous weight for Ace-Ace is 0.7 (meaningxploit that image later in that session when the opponents
that if it has been dealt, there is a 70% chance thare using an incorrect opponent model. A strong player
opponent would have played it in exactly the mannehas to adapt their model to the opponents varying their
observed so far), and the opponent now calls. If thplaying style.

probability triple for the current context is [0.0, 0.2, 0.8],

then the updated weight for this case would be 0.7 x 0.2 . EXPERIMENTS

0.14. The relative likelihood of the opponent holding Ace-S If-ol . ts off ient method for th
Ace hagdecreasedo 14% because they did not raise. ell-play experiments olier a convenient method Tor the

The call value of 0.2 reflects the possibility that thistomparison of two or more versions of the program. Our

particular opponent might deliberately try to mislead us b(};xperlments use a duplicate tournament system, based on

L e : +o s oo o the same principle as duplicate bridge. Since each hand
calling instead of raising. Using a probability d|str|but|onCan be played with no memory of preceding hands, it is

allows us to account for uncertainty in our beliefs. This ssible to replay the same deal but with the particioants
process of updating the weight table is repeated for eaﬂ?)lding a dif?er()a/nt set of hole’ cards each gime pOur

entry. ) tournament system simulates a ten-player game, where
The above corresponds to what we &dneric Opponent each deal is replayed ten times, shuffling the seating
Modeling (GOM).Each hand is viewed in isolation and all arrangement so that every participant has the opportunity
opponents are treated as the same player. Each playegsplay each set of hole cards once. This arrangement
Weight Table is initially identical, and gets modified greatly reduces the “luck element” of the game, since each
based on their bettlng action. A|thOUgh rather SImp|IStICp|ayer will have the same number of good and bad hands.
The differences in the performance of players will

The probability that an opponent holds a particular hand is the weight therefore be based more stronagly on the quality of the
of that subcase divided by the sum of the weights for all the subcases. aly q y




decisions made in each situation. This reduction in naturble some interdependence between GOM and simulations
variance allows meaningful results to be obtained with &@.e. both ideas may exploit the same weaknesses). As
smaller number of trials than in a typical game settingwell, the magnitude of the simulation improvement is
Nevertheless, it is important to not over-interpret thesuch that it hides the effects of combining it with GOM.
results of one experiment. The larger the winning margin, the smaller the

Experiments have been performed wiibki to measure CPPOrtunity there is for demonstrating further
the performance of generic opponent modeling (GOM)MProvement against the same opposition.

simulation (S), and both combined (GOM+S). The result&ach set of improvements reported over the past two years
were obtained by playing a self-play tournamentwere measured against the previous strongest versions of
containing two enhanced versions bbki against 8 Loki. As a result, the magnitude of the change may be
unenhanced versions. A tournament consisted of 2,5@ampened over time, simply because it is being tested
different deals i(e. 25,000 games). Each simulation against generally stronger opposition. For example, if you
consisted of 500 trials, since the results obtained after 50tave three generations of poker-playing programs (A, B,
trials were reasonably stalfle. and C) with B defeating A by 0.1 sb/hand and C is better

The metric used to measure program performance is tftan B by 0.1 sb/hand, it does not follow that C will be .2
average number of small bets won per hand (sb/hand)Sg/hand better than A.

metric that is sometimes used by human players. F@pecific opponent modeling (SOM) is harder to measure,
example, in a game of $10/$20 Hold’em, an improvemerdue in part to the nature of our self-play experiments. In
of +0.10 sb/hand translates into an extra $30 per hogrevious work we demonstrated improvements for both
(based on 30 hands per hour). Anything above +0.060M and SOM against a static default model [2].
small bets per hand is considered a large improvement. klowever, sincehat timeLoki has improved significantly
play on an Internet poker server against human opponen{$pr example, with improved reweighting and
Loki has consistently performed at or above the +0.08imulations). A consequence is that our simplistic SOM
sb/hand level. model has not yet added significantly to the performance

The experiments showed that GOM improvedOf the stronger version dfoki. Improving SOM is our
performance by 0.0310.019 sb/hand, simulations current focus, and some of the ideas we are pursuing are

improved by 0.0930.04 sb/hand, and the combinationd'scussed in the next section.

was worth 0.095:0.045 sb/hand (note that these ard-Oki has been tested in more realistic games against
newer numbers than those appearing in [2,3,4]). ThBUman opposition. For this purpose, the program

results reported hemmay be slightly misleading since Participates in an on-line poker game, running on the
each experiment used two similar programs. As has bedpernet Relay Chat (IRC). Human players connect to IRC

shown in chess, one has to be careful about interpretirf@f!d Participate in games conducted by dedicated server
the results of these types of experiments. programs. No real money is at stake, but bankroll statistics

n each player are maintained. The new versionokf
sing GOM and simulations win consistently when
playing on the IRC server. Although there is a high level
variance in this environment, there is strong evidence

GOM is a significant gain as expected. Given that alﬁ
players in the tournaments were variants @i, the wide
variety of play that is seen in human play is missing

| ; . Jof
Hence, GOM may be of greater benefit against typma{i]at GOM is a major advance in the program’s playing

human opponents. Simulatjons, on th_e other hand, al€sftength against human opposition (as opposed to the self-
huge win in self-play experiments against non—smula’uo:g

-play experiments where the advantage was not as
opponents. As expected, they have a naturally occurringgnificant). The performance of the program depends
higher variance. The use of simulations represents a larg

: . ; _ lal'4¢rongly on which players happen to be playing, and on
improvement in the quality and variety of the betting|pc it ranges from novices to professional players.

strategies employed biyoki (or, possibly, overcome a cqnsequently, it is dangerous to quantify the results of our
serious weakness in the older version of the program)ecent improvements tooki.

Whereas our initial knowledge-based betting strategy
routine [1,14] was limited by the amount of knowledge W& ONGOING RESEARCH

could code and tune, the simulation-based approach has

no such restrictions. The simulations implicitly enableThe work reported here is our first experience with a
advanced betting strategies, with a degree ofetting strategy based on simulations and opponent
unpredictability that makes it harder for the opponents tohodeling. Each area has numerous opportunities for
modelLoki. improvement, some of which are currently being

Note that although each feature is a win by itself, thgddressed. Indeed, the poker project is rich in research

combination is not necessarily additive because there ma por.tunltl.es. There is no shortage of good ideas to
ifvestigate; only a shortage of time and resources.

4 The average absolute difference in expected value in increasing from FOr the simulations, the major problem is variance

500 to 2,000 trials was small and seldom resulted in a significant changgstandard deviation) in the results. We have identified
to an assessment. The difference between 100 trials and 500 trials was : : :
much more significant; the variance with 100 trials was too high. several ways In which the experiments could be conducted




with less noise. Nevertheless, even with these

enhancements, we expect the variance to still be high.
Faster machines and parallel computations might bg

helpful since this will result in a larger sample of
simulation data points. However, this has diminishing

returns and our experiments suggest that beyond a critical

minimum number of simulation data points (in the 100-
500 range) the benefits may be small.

There are tradeoffs in doing the simulations. Currently,
each data point contains a small amount of information
about the expected value. Given the simplicity of the
calculation, one can acquire numerous data points.
Alternatively, one could do fewer simulations, but have

each return a more accurate value. The quantity versus

quality trade-off needs to be explored in more detail. .

For the game of bridge, simulations have successfully
allowed computers to play hands at a world-class level
(GIB [9]). Nevertheless, limitations in the simulation-

amount of money that a player invests per game may
be a good predictor of loose/tight play.

Previous specific opponent modeling was hampered by
the crude method used for collecting and applying
observed statistics. Much of the relevant context was
ignored for simplicity, such as combinations of actions

within the same betting round. A more sophisticated
method for observing and utilizing opponent behavior

would allow for a more flexible and accurate opponent
model. For example, we are currently experimenting
with modifying our model based on sequences of
opponent’s actions. A check followed by a raise

(typically a show of strength) has more meaning than
looking at these two actions in isolation.

Loki does not currently use showdown information.

The cards seen at the showdown reveal clues about
how that opponent perceived each decision during the
hand. These hindsight observations can be used to

based approach and the high variance have prompted the adaptively measure important characteristics like

author of GIB, Matt Ginsberg, to look at other solutions
(including building the entire search tree) [10]. We too

aggressiveness, bluffing frequency, predictability,
affinity for draws, and so forth.

may have to look for new approaches to overcome thg
limits of simulations.

In the area of opponent modeling, there are numerous
avenues that can be explored. One serious limitation of
our current work that needs to be address is the resistance
to change that is built into our system. Our opponen®. CONCLUSIONS
modeling works well in some cases because most of ’t-;g

We have yet to fully explore the variety of techniques
available in the literature for learning in a noisy
domain where one must make inferences based on
limited data.

opponents have a fixed style that does not vary over ti p master the game of poker, one must be adaptive. Any

(certainly the computer opponents that we use in our sel oorcr)rzj %f ditﬁém'nft'?apgynﬁ; iﬂgnw?al t?%?é?'?g%ifg daon
play experiments have this property). However, it does n PP - Aplay 9 Y

necessarily follow that opponent modeling will be a e dynamic game conditions observed over a series of

successful in games against human players as it is in t 8“?0'5. (looking at each hand in isolation is an artificial
closed experiments. Humans are also very good l{mtatmn). Our work has made some progress towards

; d hieving a poker-playing program that can learn and
opponent mod.ellng, and can.be much less predictable thg@apt Lgki s%ccesgfu)llly guspesgopponent modeling to
Fhe pI.ayers In our experiments. We have not yei‘:npm\./e its play. However, it is abundantly clear that
investigated making our opponent models qwckl)) : '

responsive to perceived changes in an opponent’s styl@ese are only the first steps, and there is considerable

For a strong human player, a single data point is oftefPom fgr Improvement. _
sufficient for them to set or alter their model of anPoker is a complex game. Strong play requires the player
opponent. Our models are far too slow to adapt. This mut® excel in many different aspects of the game.

change! DevelopingLoki has been a cyclic process. We improve
- ; Lo - ne aspect of the program until it becomes apparent that
ﬁ;;ﬁgplmg of some of the ideas being IrWesugate@lnother aspect is the performance bottleneck. That

problem is then tackled until it is no longer the limiting
* Use the simulations to refine the opponent modelingiactor, and new weaknesses in the program’s play are
Having done a simulation, record the expectedevealed. We made our initial foray into opponent
reaction for each opponent. If their actions frequentlynodeling and were pleased with the results. With the
differ from what is predicted, thelroki can adjust its success of the new simulation-based betting strategy,
opponent model. opponent modeling is now back on the critical path since
« With opponent modeling, it is easy to gather lots ofit will offer the biggest performance gains. We will now
data. The problem is filtering it and attaching therechus our efforts on that topic, until it too moves off the
appropriate importance to it. Without this, ourcritical path.
modeling will be too slow to react, or base its
decisions on irrelevant information. We are
investigating condensing the data into simpler metricshis research was supported by the Natural Sciences and
that may be better predictors of an opponent's stylgngineering Council of Canada.
and future behavior. For example, measuring the
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