1Learning to Play Strong PokerJonathan Schaeffer, Darse Billings, Lourdes Pe�a, Duane SzafronDepartment of Computing ScienceUniversity of AlbertaEdmonton, Alberta Canada T6G 2H1{jonathan, darse, pena, duane}@cs.ualberta.ca

AbstractPoker is an interesting test-bed for artificialintelligence research. It is a game of imperfectknowledge, where multiple competing agentsmust deal with risk management, opponentmodeling, unreliable information, and deception,much like decision-making applications in thereal world. Opponent modeling is one of themost difficult problems in decision-makingapplications and in poker it is essential toachieving high performance. This paperdescribes and evaluates the implicit and explicitlearning in the poker program . implicitly �learns� sophisticated strategies byselectively sampling likely cards for theopponents and then simulating the remainder ofthe game. The program has explicit learning forobserving its opponents, constructing opponentmodels and dynamically adapting its play toexploit patterns in the opponents� play. The resultis a program capable of playing reasonablystrong poker, but there remains considerableresearch to be done to play at a world-class level.1. INTRODUCTIONThe artificial intelligence community has recentlybenefited from the tremendous publicity generated by thedevelopment of chess, checkers and Othello programs thatare capable of defeating the best human players. However,there is an important difference between these boardgames and popular card games like bridge and poker. Inthe board games, players always have completeknowledge of the entire game state since it is visible toboth participants. This property allows high performanceto be achieved by a brute-force search of the game tree. Incontrast, bridge and poker involve imperfect informationsince the other players� cards are not known, and searchalone is insufficient to play these games well. Dealingwith imperfect information is the main reason whyprogress on developing strong bridge and poker programshas lagged behind the advances in other games. However,it is also the reason why these games promise higherpotential research benefits.Poker has a rich history of scientific investigation.Economists and mathematicians have applied a variety ofanalytical techniques to certain poker-related problems.However, since �real� poker is too complex for thisapproach, they have studied simplified variants ([15] forexample). Other individuals, including expert players witha penchant for mathematics, have gained considerableinsight about �real� poker by using partial mathematicalanalyses, simulation, and expert experience ([18]is a popular example).Until recently, the computing science community haslargely ignored poker. However, poker has a number ofattributes that make it an interesting domain for artificialintelligence (AI) research. These attributes includeimperfect knowledge, multiple competing agents, riskmanagement, opponent modeling, deception, and dealingwith unreliable information. All of these are challengingdimensions to a difficult problem.There are two ways that poker can be used as aninteresting testbed for artificial intelligence research. Oneapproach is to use simplified variants that are easier toanalyze. For example, Findler worked on and off for 20years on a poker-playing program for simplified 5-carddraw poker [7]. He modeled human cognitive processesand built a program that could learn. The danger with thisapproach is that simplification can remove the challengingcomponents of the problem that are of interest to AIresearchers. A variant of this approach is to look at asubset of the game, and try to address each component inisolation. Several attempts have been made to applymachine learning techniques to individual aspects ofpoker (some examples include [19,21,6]).

2The second approach, and the one that we advocate, is totackle the entire problem: choose a real variant of pokerand address all the considerations necessary to build aprogram that performs at a level comparable to that of thebest human players. Clearly this is the most ambitiousapproach, but also the one that promises the most excitingresearch opportunities.Recently, Koller and Pfeffer have been investigatingpoker from a theoretical point of view [13]. They presenta new algorithm for finding optimal randomized strategiesin two-player imperfect information competitive games.This is done in their system, a tool for specifyingand solving problems of imperfect information. Theirsystem builds decision trees to find the optimal game-theoretic strategy. However the tree sizes prompted theauthors to state that �...we are nowhere close to being ableto solve huge games such as full-scale poker, and it isunlikely that we will ever be able to do so.� In theory,their approach could be used to build an optimal pokerplayer for a real variant of poker. In practice, it willrequire too many computational resources unless furtherimprovements are discovered.We are attempting to build a program that is capable ofplaying world-class poker. We have chosen to study thegame of Texas Hold’em, the poker variation used todetermine the world champion in the annual World Seriesof Poker. Hold�em is considered to be the moststrategically complex poker variant that is widely played.Our experiences with our first poker program, called Loki,were positive [1,14]. However, we quickly discovered twolimitations to further performance gains:1The betting strategy�whether to fold, call, or raise ina given situation�was defined using expertknowledge. This became cumbersome, since it wasawkward to define rules to cover all the possiblescenarios. Furthermore, any static strategy is suspect.A successful strategy must depend on changing gameconditions.2Initially, in games played over the Internet, performed quite well. However, some opponentsdetected patterns and weaknesses in Loki�s play, andthey altered their strategy to exploit them. Anopponent can exploit any predictable strategy, both intheory and in practice. To be a strong poker player,one must model the opponent�s play and adjust to it.This paper describes and evaluates two types of learningin . First, its knowledge-based betting strategy can beviewed as a static evaluation function. In two-playergames, such as chess, the quality of the evaluation can beimproved through search. In poker, imperfect informationmakes a search of the full game tree impractical. Instead, asimulation that samples from the set of likely scenarioscan be used to enhance an evaluation. We found that asimple evaluation function augmented by search canuncover sophisticated strategies, as has been observed inperfect-information games. In other words, searchcompensates for a lack of knowledge. In effect, usessimulations to implicitly learn advanced strategies.Second, observes and records the actions of eachopponent and uses this information to build a simplemodel of their play. This model is used to predict eachopponent�s hidden cards. The program adapts to the styleof each opponent and exploits any predictable actions.We have experimentally assessed each of these styles oflearning, both in the laboratory and in play with humanopponents. To the best of our knowledge, is the firstsuccessful demonstration of using real-time learning toimprove performance in a high-performance game-playing program.This paper describes our previous work on [1,2,3,4,14] and outlines some of the future directions weare pursuing. Section 2 provides an overview of TexasHold�em. Section 3 identifies the minimal set ofrequirements necessary to achieve world-class play.Loki�s architecture is described in Section 4. Section 5discusses the implicit learning used in the betting strategy,while Section 6 addresses the explicit opponent modeling.The performance of the program is assessed in Section 7.Section 8 identifies future work, and Section 9 providessome conclusions.2. TEXAS HOLD�EMA hand of Texas Hold�em begins with the , whereeach player is dealt two face down, followedby the first round of betting. Three community cards arethen dealt face up on the table, called the , and thesecond round of betting occurs. On the , a fourthcommunity card is dealt face up and another round ofbetting ensues. Finally, on the , a fifth communitycard is dealt face up and the final round of betting occurs.All players still in the game reveal their two hole cards forthe . The best five-card poker hand formedfrom the two hole cards and the five community cardswins the pot. If a tie occurs, the pot is split. TexasHold�em is typically played with 8 to 10 players.Limit Texas Hold�em uses a structured betting system,where the order and amount of betting is strictlycontrolled on each betting round.1 There are twodenominations of bets, called the small bet and the big bet($2 and $4 in this paper). In the first two betting rounds,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,one of five betting options is available: fold, call/check, orraise/bet. There is normally a maximum of three raisesallowed per betting round. The betting option rotatesclockwise until each player has matched the current bet orfolded. If there is only one player remaining (all othershaving folded) that player is the winner and is awarded thepot without having to reveal their cards.

1 In No-limit Texas Hold�em, there are no restrictions on bet sizes.

33. REQUIREMENTS FOR A WORLD-CLASS POKER PLAYERWe have identified several key components that addresssome of the required activities of a strong poker player.However, these components are not independent. Theymust be continually refined as new capabilities are addedto the program.Hand strength assesses the strength of a hand in relationto the other hands. The simplest hand strengthcomputation is a function of the cards in the hand and thecurrent community cards. A better hand strengthcomputation takes into account the number of players stillin the game, the position of the player at the table, and thehistory of betting for the current game. An even moreaccurate calculation considers the probabilities for eachpossible opponent hand, based on the likelihood of eachhand being played to the current point in the game.Hand potential computes the probability that a hand willimprove to win, or that a leading hand will lose, asadditional community cards appear. For example, a handthat contains four cards in the same suit may have a lowhand strength, but has good potential to win with a flushas more community cards are dealt. Conversely, a handwith a high pair could decrease in strength and lose to aflush as many cards of a common suit appear on theboard. At a minimum, hand potential is a function of thecards in the hand and the current community cards.However, a better calculation could use all of theadditional factors described in the hand strengthcomputation.Betting strategy determines whether to fold, call/check,or bet/raise in any given situation. A minimum strategy isbased on hand strength. Refinements consider handpotential, pot odds (your winning chances compared to theexpected return from the pot), bluffing, opponentmodeling and trying to play unpredictably.Bluffing allows you to make a profit from weak hands,2and can be used to create a false impression about yourplay to improve the profitability of subsequent hands.Bluffing is essential for successful play. Game theory canbe used to compute a theoretically optimal bluffingfrequency in certain situations. A minimal bluffing systemmerely bluffs this percentage of hands indiscriminately. Inpractice, you should also consider other factors (such ashand potential) and be able to predict the probability thatyour opponent will fold in order to identify profitablebluffing opportunities.Unpredictability makes it difficult for opponents to forman accurate model of your strategy. By varying yourplaying strategy over time, opponents may be induced tomake mistakes based on an incorrect model.Opponent modeling allows you to determine a likelyprobability distribution for your opponent�s hidden cards.

2 Other forms of deception (such as calling with a strong hand) are notconsidered here.A minimal opponent model might use a single model forall opponents in a given hand. Opponent modeling may beimproved by modifying those probabilities based on thecollected statistics and betting history of each opponent.There are several other identifiable characteristics thatmay not be necessary to play reasonably strong poker, butmay eventually be required for world-class play.Opponent modeling is integral to successful poker play.Koller and Pfeffer have proposed a system forconstructing a game-theoretic optimal player [13].However, it is important to differentiate an strategy from a strategy. The optimal playermakes its decisions based on game-theoretic probabilities,without regard to specific context. The maximizing playertakes into account the opponent�s sub-optimal tendenciesand adjusts its play to exploit these weaknesses.In poker, a player that detects and adjusts to opponentweaknesses will win more than a player who does not. Forexample, against a strong conservative player, it would becorrect to fold the probable second-best hand. However,against a weaker player who bluffs too much, it would bean error to fold that same hand. In real poker it is verycommon for opponents to play sub-optimally. A playerwho fails to detect and exploit these weaknesses will notwin as much as a better player who does. Thus, amaximizing program will out-perform an optimal programagainst sub-optimal players.Although a game-theoretic optimal solution for Hold�emwould be interesting and provide a good baseline forcomparing program (and human) performance, it would inno way �solve the game.� To produce a world-class pokerprogram, strong opponent modeling is essential.4. LOKI�S ARCHITECTUREThis section gives a brief overview of the importantcomponents of Loki�s architecture [4]. Figure 1 illustrateshow these components interact. In the diagram, rectanglesare major components, rounded rectangles are major datastructures, and ovals are actions. The data follows thearrows between components. An annotated arrowindicates how many times data moves between thecomponents for each of our betting actions.The architecture revolves around generating and usingprobability triples. It is an ordered triple of values, PT =[f,c,r], such that f + + r = 1.0, representing theprobability distribution that the next betting action in agiven context should be a fold, call, or raise, respectively.The Triple Generator contains our poker knowledge, andis analogous to an evaluation function in two-playergames. The Triple Generator calls the Hand Evaluator toevaluate any two-card hand in the current context. It usesthe resulting hand value, the current game state, andexpert-defined betting rules to compute the triple. Toevaluate a hand, the Hand Evaluator enumerates over allpossible opponent hands and counts how many of themwould win, lose or tie the given hand.

4Each time it is Loki�s turn to bet, the Action Selector usesa single probability triple to decide what action to take.For example, if the triple [0.0,0.8,0.2] were generated,then the Action Selector would never fold, call 80% of thetime and raise 20% of the time. A random number isgenerated to select one of these actions so that theprogram varies its play, even in identical situations.Although this is analogous to a mixed strategy in gametheory, the probability triple implicitly contains contextualinformation.After the flop, the probability for each possible opponenthand is different. For example, the probability that Ace-Ace hole cards are held is much higher than the cards 7-2,since most players will fold 7-2 before the flop. There is aweight table for each opponent. Each weight tablecontains one value for each possible two-card hand thatthe opponent could hold. The value is the probability thatthe hand would be played exactly as that opponent hasplayed so far. For example, assume that an opponentcalled before the flop. The updated probability value forthe hand 7-2 might be 2% since it normally should befolded. Similarly the probability of Ace-King might be60% since it would seldom be folded before the flop, butis often raised. After an opponent action, the OpponentModeler updates the Weight Table for that opponent in aprocess called . The value for each hand isincreased or decreased to be consistent with theopponent’s action. The Hand Evaluator uses the WeightTable in assessing the strength of each possible hand, andthese values are in turn used to update the Weight Tableafter each opponent action. The absolute values of theseprobabilities are of little consequence, since only therelative weights affect the later calculations. The detailsare discussed in Section 6.

OpponentModelAAweight table70%KK65%Opponent Modele

Triple Generat

Action Sele r 10811PublicGameSt e 10811081 entries. . .BettingRule

Handfold, callor ra

Hand Evaluator0.2.8.3.70SimulatorNFigure 1. The architecture of Loki.Probability triples are used in three places in . TheAction Selector uses a probability triple to decide on acourse of action (fold, call, raise) as previously described.The Simulator uses probability triples to choose actionsfor simulated opponent hands (see Section 5). TheOpponent Modeler uses an array of probability triples toupdate the model of each opponent (see Section 6).An important advantage of the probability triplerepresentation is that imperfect information is restricted tothe Triple Generator and does not affect the rest of theprogram. This is similar to the way that alpha-beta searchrestricts knowledge to the evaluation function. Theprobability triple framework allows the �messy� elementsof the program to be amalgamated into one component,which can then be treated as a �black box� by the rest ofthe system. Thus, aspects like game-specific information,complex expert-defined rule systems, and knowledge ofhuman behavior are all isolated from the engine that usesthis input.5. IMPLICIT LEARNINGLoki’s original Action Selector component consisted ofexpert-defined rules that used hand strength, handpotential, game conditions, and probabilities to decide onan action. A professional poker player defined the systemas a first approximation of the return on investment foreach betting decision. As other aspects of improved,this simplistic betting strategy became the limiting factorto the playing strength of the program. Unfortunately, anyrule-based system is inherently rigid, and even simplechanges were difficult to implement and verify forcorrectness. A more flexible, computation-based approachwas needed.In effect, a knowledge-based betting strategy is equivalentto a static evaluation function. Given the current state ofthe game and the hole cards, it attempts to determine theaction that yields the best result. If we use deterministicperfect information games as a model, the obviousextension is to add search to the evaluation function.While this is easy to achieve in a perfect-informationgame such as chess (consider all possible moves as deeplyas resources permit), the same approach is not feasible forreal imperfect information games because there are toomany possibilities to consider [13].Having an expert identify all the betting rules necessary toplay world-class poker is time consuming and difficult.Decisions must be based on context, within a game andbetween games. Covering all eventualities is not practical.In such a system, the expert does the learning, transferringhis knowledge into new or modified rules. We prefer adynamic computation-based approach, where the programdoes the learning as it plays.Loki�s improved betting strategy consists of playing outmany likely scenarios to determine how much money eachdecision will win or lose. Every time it faces a decision,Loki invokes the Simulator to get an estimate of theexpected value (EV) of each betting action (see the dashedbox in Figure 1 with the Simulator replacing the ActionSelector). A simulation consists of playing out the hand aspecified number of times, from the current state of thegame through to the end. Folding is considered to have azero EV, because we do not make any future profit orloss. Each trial is played out twice�once to consider theconsequences of a check/call and once to consider a

5bet/raise. In each trial, cards are dealt to each opponent(based on the probabilities maintained in the WeightTable), the resulting game is simulated to the end, and theamount of money won or lost is determined. Probabilitytriples are used to simulate the actions of the opponentsbased on the two cards they are assigned for that trial. Theaverage over all of the trials is taken as the EV of eachaction. In the current implementation we simply choosethe action with the greatest expectation, folding if bothexpectations are negative. If two actions have the sameexpectation, we opt for the most aggressive one (call overfold and raise over call). To increase the programsunpredictability, we can randomize the selection of bettingactions whose EVs are close in value.Enumerating all possible opponent hands and futurecommunity cards is analogous to exhaustive game treesearch and is impractical for poker. However, simulationis analogous to a selective expansion of some branches ofa game tree. To get a good approximation of the expectedvalue of each betting action, one must have a preferencefor expanding and evaluating the nodes that are mostlikely to occur. To obtain a correctly weighted average, allof the possibilities must be considered in proportion to theunderlying probability distribution of the opponent handsand future community cards. The distribution of futurecommunity cards is uniform across unseen cards, but theprobable opponent hands are not! We use selectivesampling to select the most probable hands for eachopponent.When simulating a hand, we have specific informationthat can be used to bias the selection of cards. Forexample, a player who has been raising is more likely tohave a strong hand than a player who has just called everybet. For each opponent, maintains a probabilitydistribution over the entire set of possible hands (theWeight Table), and the random generation of eachopponent�s hole cards is based on those probabilities.Thus, we are biasing our selection of hole cards for theopponent to the ones that are most likely to occur.At each node in the decision tree, a player must choosebetween one of three alternatives. Since the choice isstrongly correlated to the quality of the cards that theyhave, we can use the Triple Generator to compute thelikelihood that the player will fold, check/call, or bet/raisein each instance. The player�s action is then randomlyselected based on the probability distribution, and thesimulation proceeds. As shown in Figure 1, the Simulatorcalls the TripleGenerator to obtain each of our bettingactions and each of our opponent actions. Where twoactions are equally viable, the resulting EVs should benearly equal, so there is little consequence if the �wrong�action is chosen.It should be obvious that the simulation approach must bebetter than the static approach, since it essentially uses aselective search to augment and refine a static evaluationfunction. Barring a serious misconception (or bad luck ona limited sample size), playing out relevant scenarios willimprove the default values obtained by heuristics,resulting in a more accurate estimate.As seen in other search domains, the search itself containsimplicit knowledge. A simulation contains inherentinformation that improves the basic evaluation. Forexample, a simulation contains implicit knowledge suchas:¥hand strength (fraction of trials where our hand isbetter than the one assigned to the opponent),¥hand potential (fraction of trials where our handimproves to the best, or is overtaken), and¥subtle implications not addressed in the simplisticbetting strategy (e.g. �implied odds�extra bets wonafter a successful draw).It also allows complex strategies to be uncovered withoutproviding additional expert knowledge. For example,simulations can result in the emergence of advancedbetting tactics like a check-raise, even if the basic strategywithout simulation is incapable of this play.At the heart of the simulation is an evaluation function.The better the quality of the evaluation function, the betterthe simulation results will be. One of the interestingresults of work on alpha-beta has been that even a simpleevaluation function can result in a powerful program. Wesee a similar situation in poker. The implicit knowledgecontained in the search improves the basic evaluation,magnifying the quality of the search. As with alpha-beta,there are tradeoffs to be made. A more sophisticatedevaluation function can reduce the size of the tree, at thecost of more time spent on each node. In simulationanalysis, we can improve the accuracy of each trial, but atthe expense of the total number of trials performed in real-time.Variations of selective sampling have been used in othergames, including Scrabble [17], backgammon [20], andbridge [9]. Selective sampling is similar to the idea oflikelihood weighting in stochastic simulation [8,16]. Inour case, the goal is different because we need todifferentiate between EVs (for call/check, bet/raise)instead of counting events. Also, poker complicatesmatters by imposing tight real-time constraints (typically amaximum of two seconds). This forces us to maximize theinformation gained from a limited number of samples.Further, the problem of handling unlikely events (which isa concern for any sampling-based result) is smoothlyhandled by our re-weighting system (Section 6), allowingLoki to dynamically adjust the likelihood of an eventbased on observed actions. An unlikely event with a bigpayoff figures naturally into the EV calculations.6. EXPLICIT LEARNINGIn strategic games like chess, the performance loss byignoring opponent modeling is small, and hence it isusually ignored (although it has been studied [5,11,12]).In contrast, not only does opponent modeling havetremendous value in poker, it can be the distinguishing

6feature between players at different skill levels. If a set ofplayers all have a comparable knowledge of pokerfundamentals, the ability to alter decisions based on anaccurate model of the opponent may have a greater impacton success than any other strategic principle.To assess a hand, the Hand Evaluator compares thosecards against all possible opponent holdings. Naively, onecould treat all opponent hands as equally likely, howeverthis skews the hand evaluations compared to morerealistic assumptions. Many weak hands are likely to havebeen folded before the flop, making them less likely to beheld later in the hand. Similarly, a hand made strong bythe turn and river cards may have been folded on the flop.Therefore, for each starting hand, we need to define aprobability that our opponent would have played that handin the observed manner. We call the probabilities for eachof these (52 choose 2) = 1,326 subcases since theyact as multipliers in the enumeration computations.3The use of these weights is the first step toward opponentmodeling since we are changing our computations basedon the relative probabilities our opponent�s possible holecards. The simplest approach to determining these weightsis to treat all opponents the same, calculating a single setof weights to reflect �reasonable� behavior, and use themfor all opponents. An initial set of weights was determinedby ranking the starting hands (as determined by off-linesimulations) and assigning a probability commensuratewith the average return on investment of each hand. Theseresults closely approximate the ranking of hands by strongplayers [18].In Loki, the Opponent Modeler uses probability triples toupdate the Weight Table after each opponent action. Toaccomplish this, the Triple Generator is called for eachpossible two-card hand. It then multiplies each weight inthe Weight Table by the entry in the probability triple thatcorresponds to the opponent�s action. For example,suppose the previous weight for Ace-Ace is 0.7 (meaningthat it has been dealt, there is a 70% chance theopponent would have played it in exactly the mannerobserved so far), and the opponent now calls. If theprobability 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 =0.14. The relative likelihood of the opponent holding Ace-Ace has decreased to 14% because they did not raise. The call value of 0.2 reflects the possibility that thisparticular opponent might deliberately try to mislead us bycalling instead of raising. Using a probability distributionallows us to account for uncertainty in our beliefs. Thisprocess of updating the weight table is repeated for eachentry.The above corresponds to what we call Generic OpponentModeling (GOM). Each hand is viewed in isolation and allopponents are treated as the same player. Each player�sWeight Table is initially identical, and gets modifiedbased on their betting action. Although rather simplistic,

3 The probability that an opponent holds a particular hand is the weightof that subcase divided by the sum of the weights for all the subcases.this model is quite powerful in that it does a good job ofskewing the hand evaluations to take into account themost likely opponent holdings.Obviously, treating all opponents the same is clearlywrong. Each player has a different style, ranging from (plays most hands beyond the flop) to (usuallyplays the few hands that have a very high probability ofwinning), and from aggressive to conservative. Knowingthe style of the opponents allows a player to adjust theirbetting decisions. For example, if a perceived tight playeris betting aggressively, there is a good chance that theyhave a strong hand. A loose player will play manymarginal hands or may bluff a lot. This is usefulinformation and may allow you to fold a strong hand orcall with a weak one when it is correct to do so. Ingeneral, a bet made by a loose or aggressive player shouldnot be taken as seriously as one made by a tight orconservative player.Specific Opponent Modeling (SOM) customizes theprobability triple function to represent the playing style ofeach opponent. For a given game, the reweighting factorapplied to the entries of the Weight table is adjusted bybetting frequency statistics gathered on that opponentfrom previous hands. This results in a shift of the assumedcall and raise thresholds for each player. In the case of atight player, the call and raise thresholds will increase,indicating fewer hands that are likely to be played.Conversely, a loose player�s thresholds will be lowered.During each round of a game, the history of previousactions by the opponent is used to influence theprobability triple generated for that opponent.In competitive poker, opponent modeling is much morecomplex than portrayed here. For example, players can actto mislead their opponents into constructing an erroneousmodel. Early in a session a strong poker player may try tocreate the impression of being very conservative, only toexploit that image later in that session when the opponentsare using an incorrect opponent model. A strong playerhas to adapt their model to the opponents varying theirplaying style.7. EXPERIMENTSSelf-play experiments offer a convenient method for thecomparison of two or more versions of the program. Ourexperiments use a duplicate tournament system, based onthe same principle as duplicate bridge. Since each handcan be played with no memory of preceding hands, it ispossible to replay the same deal, but with the participantsholding a different set of hole cards each time. Ourtournament system simulates a ten-player game, whereeach deal is replayed ten times, shuffling the seatingarrangement so that every participant has the opportunityto play each set of hole cards once. This arrangementgreatly reduces the �luck element� of the game, since eachplayer will have the same number of good and bad hands.The differences in the performance of players willtherefore be based more strongly on the quality of the

7decisions made in each situation. This reduction in naturalvariance allows meaningful results to be obtained with asmaller number of trials than in a typical game setting.Nevertheless, it is important to not over-interpret theresults of one experiment.Experiments have been performed with Loki to measurethe performance of generic opponent modeling (GOM),simulation (S), and both combined (GOM+S). The resultswere obtained by playing a self-play tournamentcontaining two enhanced versions of against 8unenhanced versions. A tournament consisted of 2,500different deals (i.e. 25,000 games). Each simulationconsisted of 500 trials, since the results obtained after 500trials were reasonably stable.4The metric used to measure program performance is theaverage number of small bets won per hand (sb/hand), ametric that is sometimes used by human players. Forexample, in a game of $10/$20 Hold�em, an improvementof +0.10 sb/hand translates into an extra $30 per hour(based on 30 hands per hour). Anything above +0.05small bets per hand is considered a large improvement. Inplay on an Internet poker server against human opponents,Loki has consistently performed at or above the +0.05sb/hand level.The experiments showed that GOM improvedperformance by 0.031 0.019 sb/hand, simulationsimproved by 0.093 0.04 sb/hand, and the combinationwas worth 0.095 0.045 sb/hand (note that these arenewer numbers than those appearing in [2,3,4]). Theresults reported here may be slightly misleading sinceeach experiment used two similar programs. As has beenshown in chess, one has to be careful about interpretingthe results of these types of experiments.GOM is a significant gain as expected. Given that allplayers in the tournaments were variants of , the widevariety of play that is seen in human play is missing.Hence, GOM may be of greater benefit against typicalhuman opponents. Simulations, on the other hand, are ahuge win in self-play experiments against non-simulationopponents. As expected, they have a naturally occurringhigher variance. The use of simulations represents a largeimprovement in the quality and variety of the bettingstrategies employed by Loki (or, possibly, overcome aserious weakness in the older version of the program).Whereas our initial knowledge-based betting strategyroutine [1,14] was limited by the amount of knowledge wecould code and tune, the simulation-based approach hasno such restrictions. The simulations implicitly enableadvanced betting strategies, with a degree ofunpredictability that makes it harder for the opponents tomodel Loki.Note that although each feature is a win by itself, thecombination is not necessarily additive because there may

4 The average absolute difference in expected value in increasing from500 to 2,000 trials was small and seldom resulted in a significant changeto an assessment. The difference between 100 trials and 500 trials wasmuch more significant; the variance with 100 trials was too high.be some interdependence between GOM and simulations(i.e. both ideas may exploit the same weaknesses). Aswell, the magnitude of the simulation improvement issuch that it hides the effects of combining it with GOM.The larger the winning margin, the smaller theopportunity there is for demonstrating furtherimprovement against the same opposition.Each set of improvements reported over the past two yearswere measured against the previous strongest versions ofLoki. As a result, the magnitude of the change may bedampened over time, simply because it is being testedagainst generally stronger opposition. For example, if youhave three generations of poker-playing programs (A, B,and C) with B defeating A by 0.1 sb/hand and C is betterthan B by 0.1 sb/hand, it does not follow that C will be .2sb/hand better than A.Specific opponent modeling (SOM) is harder to measure,due in part to the nature of our self-play experiments. Inprevious work we demonstrated improvements for bothGOM and SOM against a static default model [2].However, since that time Loki has improved significantly(for example, with improved reweighting andsimulations). A consequence is that our simplistic SOMmodel has not yet added significantly to the performanceof the stronger version of Loki. Improving SOM is ourcurrent focus, and some of the ideas we are pursuing arediscussed in the next section.Loki has been tested in more realistic games againsthuman opposition. For this purpose, the programparticipates in an on-line poker game, running on theInternet Relay Chat (IRC). Human players connect to IRCand participate in games conducted by dedicated serverprograms. No real money is at stake, but bankroll statisticson each player are maintained. The new versions of using GOM and simulations win consistently whenplaying on the IRC server. Although there is a high levelof variance in this environment, there is strong evidencethat GOM is a major advance in the program�s playingstrength against human opposition (as opposed to the self-play experiments where the advantage was not assignificant). The performance of the program dependsstrongly on which players happen to be playing, and onIRC it ranges from novices to professional players.Consequently, it is dangerous to quantify the results of ourrecent improvements to Loki.8. ONGOING RESEARCHThe work reported here is our first experience with abetting strategy based on simulations and opponentmodeling. Each area has numerous opportunities forimprovement, some of which are currently beingaddressed. Indeed, the poker project is rich in researchopportunities. There is no shortage of good ideas toinvestigate; only a shortage of time and resources.For the simulations, the major problem is variance(standard deviation) in the results. We have identifiedseveral ways in which the experiments could be conducted

8with less noise. Nevertheless, even with theseenhancements, we expect the variance to still be high.Faster machines and parallel computations might behelpful since this will result in a larger sample ofsimulation data points. However, this has diminishingreturns and our experiments suggest that beyond a criticalminimum 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 informationabout the expected value. Given the simplicity of thecalculation, one can acquire numerous data points.Alternatively, one could do fewer simulations, but haveeach return a more accurate value. The quantity versusquality trade-off needs to be explored in more detail.For the game of bridge, simulations have successfullyallowed computers to play hands at a world-class level(GIB [9]). Nevertheless, limitations in the simulation-based approach and the high variance have prompted theauthor of GIB, Matt Ginsberg, to look at other solutions(including building the entire search tree) [10]. We toomay have to look for new approaches to overcome thelimits of simulations.In the area of opponent modeling, there are numerousavenues that can be explored. One serious limitation ofour current work that needs to be address is the resistanceto change that is built into our system. Our opponentmodeling works well in some cases because most of theopponents have a fixed style that does not vary over time(certainly the computer opponents that we use in our self-play experiments have this property). However, it does notnecessarily follow that opponent modeling will be assuccessful in games against human players as it is in theclosed experiments. Humans are also very good atopponent modeling, and can be much less predictable thanthe players in our experiments. We have not yetinvestigated making our opponent models quicklyresponsive to perceived changes in an opponent�s style.For a strong human player, a single data point is oftensufficient for them to set or alter their model of anopponent. Our models are far too slow to adapt. This mustchange!A sampling of some of the ideas being investigatedinclude:¥Use the simulations to refine the opponent modeling.Having done a simulation, record the expectedreaction for each opponent. If their actions frequentlydiffer from what is predicted, then Loki can adjust itsopponent model.¥With opponent modeling, it is easy to gather lots ofdata. The problem is filtering it and attaching theappropriate importance to it. Without this, ourmodeling will be too slow to react, or base itsdecisions on irrelevant information. We areinvestigating condensing the data into simpler metricsthat may be better predictors of an opponent�s styleand future behavior. For example, measuring theamount of money that a player invests per game maybe a good predictor of loose/tight play.¥Previous specific opponent modeling was hampered bythe crude method used for collecting and applyingobserved statistics. Much of the relevant context wasignored for simplicity, such as combinations of actionswithin the same betting round. A more sophisticatedmethod for observing and utilizing opponent behaviorwould allow for a more flexible and accurate opponentmodel. For example, we are currently experimentingwith modifying our model based on sequences ofopponent�s actions. A check followed by a raise(typically a show of strength) has more meaning thanlooking at these two actions in isolation.¥Loki does not currently use showdown information.The cards seen at the showdown reveal clues abouthow that opponent perceived each decision during thehand. These hindsight observations can be used toadaptively measure important characteristics likeaggressiveness, bluffing frequency, predictability,affinity for draws, and so forth.¥We have yet to fully explore the variety of techniquesavailable in the literature for learning in a noisydomain where one must make inferences based onlimited data.9. CONCLUSIONSTo master the game of poker, one must be adaptive. Anyform of deterministic play can and will be exploited by agood opponent. A player must change their style based onthe dynamic game conditions observed over a series ofhands (looking at each hand in isolation is an artificiallimitation). Our work has made some progress towardsachieving a poker-playing program that can learn andadapt. Loki successfully uses opponent modeling toimprove its play. However, it is abundantly clear thatthese are only the first steps, and there is considerableroom for improvement.Poker is a complex game. Strong play requires the playerto excel in many different aspects of the game.Developing has been a cyclic process. We improveone aspect of the program until it becomes apparent thatanother aspect is the performance bottleneck. Thatproblem is then tackled until it is no longer the limitingfactor, and new weaknesses in the program�s play arerevealed. We made our initial foray into opponentmodeling and were pleased with the results. With thesuccess of the new simulation-based betting strategy,opponent modeling is now back on the critical path sinceit will offer the biggest performance gains. We will nowrefocus our efforts on that topic, until it too moves off thecritical path.AcknowledgmentsThis research was supported by the Natural Sciences andEngineering Council of Canada.

9References[1]Billings, D., Papp, D., Schaeffer, J. and Szafron, D.(1997). Poker as a testbed for machine intelligenceresearch. Advances in Artificial Intelligence, R.Mercer and E. Neufeld (editors), Springer Verlag,pp. 1-15.[2]Billings, D., Papp, L., Schaeffer, J. and Szafron, D.(1998). Opponent modeling in poker, AAAI, pp.493-999.[3]Billings, D. Papp, D., Pe�a, L., Schaeffer, J. andSzafron, D. (1999). Using selective-samplingsimulations in poker, AAAI Spring Symposium onSearch Techniques for Problem Solving underUncertainty and Incomplete Information, pp. 13-18.[4]Billings, D., Pe�a, L., Schaeffer, J. and Szafron, D.(1999). Using probabilistic knowledge andsimulation to play poker, AAAI, to appear.[5]Carmel, D. and Markovitch, S. (1995). Incorporatingopponent models into adversary search. AAAI, pp.120-125.[6]Cheng, C. (1997). Recognizing poker hands withgenetic programming and restricted iteration.Genetic Algorithms and Genetic programming atStanford, J. Koza (editor), Stanford, California.[7]Findler, N. (1977). Studies in machine cognitionusing the game of poker. Communications of theACM 20(4):230-245.[8]Fung, R. and Chang, K. (1989). Weighting andintegrating evidence for stochastic simulation inBayesian networks, Uncertainty in ArtificialIntelligence, Morgan Kaufmann.[9]Ginsberg, M. (1999). GIB: Steps towards an expert-level bridge-playing program, IJCAI, to appear.[10]Ginsberg, M. (1999) Personal communication, April13.[11]Iida, H., Uiterwijk, J., van den Herik, J. andHerschberg, I. (1995). Thoughts on the applicationof opponent-model search. In Advances in ComputerChess 7, University of Maastricht, pp. 61-78.[12]Jansen, P. (1992). Using knowledge about theopponent in game-tree search. Ph.D. thesis,Department of Computer Science, Carnegie-MellonUniversity.[13]Koller, D. and Pfeffer, A. (1997). Representationsand solutions for game-theoretic problems. ArtificialIntelligence 94(1-2), 167-215.[14]Papp, D. (1998). Dealing with Imperfect Informationin Poker, M.Sc. thesis, Department of ComputingScience, University of Alberta.[15]Sakaguchi, M. and Sakai, S. (1992). Solutions ofsome three-person stud and draw poker.Mathematics Japonica, 6(37):1147-1160.[16]Shacter, R. and Peot, M. (1989). Simulationapproaches to general probabilistic inference onbelief networks, Uncertainty in ArtificialIntelligence, Morgan Kaufmann.[17]Sheppard, B. (1998). Email communication, October23.[18]Sklansky, D. and Malmuth, M. (1994). Poker for Advanced Players. Two Plus TwoPublishing.[19]Smith, S. (1983). Flexible learning of problemsolving heuristics through adaptive search. IJCAI,pp. 422-425.[20]Tesauro, G. (1995). Temporal difference learningand TD-Gammon, Communications of the ACM38(3):58-68.[21]Waterman, D. (1970). A generalization learningtechnique for automating the learning of heuristics.Artificial Intelligence, vol. 1, pp. 121-170.