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Abstract.

Weaddressheproblemof advice-takindn agivendomain,in par
ticularfor building agame-playingprogram Ourapproacho solving
it strivesfor theapplicationof machindearningtechniqueshrough-
out, i.e., for avoiding knowledgeelicitation by ary othermeansas
muchaspossible.In particular we build uponexisting work on the
operationalizatiorof adviceby machineand assumehat adviceis
alreadyavailablein operationaform. Therelative importanceof this
adviceis, however, not yet known andcanthereforenot be utilized
well by a program.This paperpresentsan approachto determine
the relative importancefor a given situationthroughreinforcement
learning.We implementedhis approactfor the gameof Heartsand
gatheredsomeempirical evidenceon its usefulnesghroughexper
iments. The resultsshawv that the programsbuilt accordingto our
approacHearnedo makegooduseof thegiven operationabdvice.

1 INTRODUCTION

One of the major problemsof building “intelligent” machiness to
makeknowledgeof the givendomainavailablefor their use.For hu-
manapprenticesi is oftensufiicientto provide high-level advice.ln
contrastto humanshowever, it is muchmoredifficult for machines
to operationalizesuchadvice.Evenif it is (made)operational the
problemremainsof how to determindherelative importanceof such
piecesof advicefor a given situation. Thatis, how cana machine
makeuseof operationahdvice?

We focus on this problemin the contet of building a game-
playing program.In orderto makethe role of given advicemore
transparentve chosethegameHearts> Ourapproaclioesnotmake
useof deepsearchesApart from programminghe rulesof a given
game we distinguishtwo subtaskénvolvedin building suchagame-
playingprogram:

1. acquiringimportantknowledgefor playingthegame;
2. determiningthe relative importanceof the piecesof knowledge
for agivenstateof agame.

Subtaskl is mostly dealtwith by hand-craftingcomponentf an
evaluation function or featuresof a neuralnet, subtask2 by tun-
ing parametersn the senseof relative weightseither manually or
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throughsomeform of machinelearning.However, the overall prob-
lemisrarely, if ever, addressedompletelythroughmachindearning.

In this paper we build on previous work in machinelearningfor
both subtasksand shav how it canbe combinedsuccessfullyFor
subtaskl we taketheresultsof FOO(First OperationaDperational-
izer)[9, 10] asgiven:advicefor thegameof Hearts transformednto
operationalform. In the remainderof the paper we simply usethe
terms“advice” or (interchangeably)heuristics"to referto advicein
operationaform.

Note, however, that suchoperationabdvicedoesnot includein-
formationabouthow to combineandrelatepiecesof adviceto each
other In particular someof themcomputeimportantpropertiesof
the gamestate,but no informationis given abouthow to usethese
propertiedor selectinga goodmove. Otherpiecesof advicesuggest
certainsubset®f thelegal moves,but no informationis given about
whenit is reasonabléo follow thesesuggestionandwhatto dowith
conflictingand/oroverlappingsuggestions.

We arenot awareof any game-playingprogramthat madeuseof
thisoperationahdvicefor reallyplayingHeartslt is notimmediately
obvious how a programshouldmakea non-randonselectionfrom
theproposedetof cards whichmayevencomprisethecompleteset
of legalmovesto beplayed We addresshisissueby determininghe
relative importanceof the variouspiecesof advicefor a given state
of a game,i.e., viewing it assubtask? above. This subtaskis dealt
with in this paperthroughreinforcementearning.

This paperis organizedin the following manner First, we have
a closerlook at the operationaladvice given from FOO. Thenwe
explain our approachto learningfor makinggooduseof suchoper
ationaladvice.In orderto provide someevidencefor its usefulness,
we presentexperimentalresults.Finally, we discussour approach
moregenerallyandbriefly suney relatedwork.

2 A CLOSERLOOK AT THE AVAILABLE
KNOWLEDGE

In AppendixD of [9], operationalizationsf 11 piecesof advicefor
thegameof Heartsarederived.We reusethis knowledgefor demon-
stratingthe feasibility of our approachln orderto makeit easierto
understandhis approactor learninghow to makegooduseof such
advice, let us have a closerlook at this available knowledgefirst.
In AppendixA we describethe individual piecesof advicein more
detail.
We distinguishtwo classe®f advice:

1. Advicefor moveselection
Eachof thesepiecesof advicesuggestsnovesto be selectedn
the senseof (a setof) cardsto be playednext. A simpleexample
is “Get the Lead”, while the muchmoreintricate“Avoid Taking
Points(Search)”is in its operationaform a heuristicsearchpro-
cedurg(its derivationis alsoexplainedin [10]).



2. Advicefor stateabstraction
Eachof thesepiecesof advicemakesa certainabstractiorof the
currentgamestate.They useinformation of the given stateas
known, suchasthe cardsof the players own handaswell asin-
formationof the pasthistory of the gamesofar, in orderto make
predictionsaboutthe cardsof the otherplayers’hands A simple
examplethatusesbothkindsof informationis “QueenOut”.

Both classeof adviceare usefulfor playingthe gameof Hearts
well and,in fact, both areinvolved in our learningapproachpre-
sentedn this paper However, it shouldbe clearthatfor playingthis
gamereally well, morepiecesof advicewould be neededhanthose
reusedhere.For instancethe first of theseclassedacksadvicefor
move selectiorto copewith importantaspectsike takingthe Jackof
diamondsand“shootingthe moon”. The seconctlassabstractgrom
someimportantpropertiesof the currentstateof the game,e.g.,the
players cards.Still, we foundthis given adviceusefulandsuficient
asabasisfor our experiment.Moreover, it is availableto the public,
which facilitatesreproducibility

It is alsoimportantfor understandingur approacho reflectmore
closelyoncertainpropertieof theclassof advicefor move selection.
Applying thosepiecesof advicein a given situationmay in general
proposeseveralmoves,sometimesven all of the legal moves. The
setsof cardssuggestedor beingplayedby thevariouspiecesof ad-

vice canbedisjoint,whichmeansaconflictof themove suggestions.

In general thesesetsare not necessarilydisjoint but will overlap,
andthe cardinalityof their intersectioris typically greatetthanone.
In addition,one setmay subsumenotherset,i.e., one pieceof ad-
viceis moregenerathananothermorespecificone.ln summarythe
classof advicefor move selectiorshouldbeinterpretecasa “plausi-
ble move generator'tatherthana meandor makinga cleardecision
for asingle“best” move.

3 LEARNING THE RELATIVE IMPORTANCE
OF ADVICE

As discussedh the previoussection therearetwo differenttypesof
advice:advicefor stateabstractiorand advicefor move selection.
We have to addresshefollowing problems:

¢ How dowe integratethetwo differenttypesof advice?
e How dowe dealwith conflictingandoverlappingadvice?

We addresdoth problemsby learninga function that mapsab-
stractedstatesto weightsof the move selectionheuristics(seeFig-
ure 1). So,thetaskof the learningalgorithmis to learnthe relative
importanceof the differentmove selectionheuristicsin the current
stateswhich arerepresenteih anabstractway. Corventionalrein-
forcementearningtechniquedearnavaluefunctionthatmapsstate
representationto actionvalues.In our approacha value function
is learnedwhich mapsthe abstractstatedescriptionsproducedby
the operationaktateabstractiorheuristicgo weightsfor theabstract
move selectionheuristics.Theseactionsare “abstract”in the sense
that they are not directly movesto be played,but ratherheuristics
for move selection.This is novel in reinforcementearning,where
usually“abstractactions’refersto temporallyabstractctions.

Whenthe learnerconsidersa move, it addsup the weightsof all
heuristicsthat suggestthis particularmove (possiblyamongother
alternatves). Among the moves that have the highestcumulatve
weight, oneis chosenrandomly(with equalprobability). Note that
althoughthesdearnedweightscanbeinterpretecasexpecteduture
rewards(seebelow), we foundthatmaximizingthis expectedreward

Abstract State Weighted Move Advice
Queen Out false Learner 0.3 Get the Lead
Count Cards Out Hearts 7 0.9 Get Void Spades
Opponent Void Hearts ~ false 0.5 Flush the Queel

State Move Move
Abstraction Selection Selection
Advice Advice

Action

Figure1. Ourlearningarchitecture.

by following the advisorwith the highestweight did actually hurt
performanceWe believe that the reasonfor this is that weightsof
the individual advisorscannotbe treatedindependentlywhich is a
topic for furtherwork.

Beforelearning,all weightsareinitialized equallyandthe system
playslike theVOTING benchmarlplayer(seesectiord). Thisfacil-
itatesthe evaluationof the learningprogress.

We experimentedvith two straightforwardepresentationfor the
valuefunction: a simplelook-uptableanda neuralnetwork.In both
caseswe trainedthe learnerusing a simple TD(0) reinforcement
learningapproach.

Theadjustmenbf estimate®f therewardworksasfollows: after
eachtrick, the currentestimatesare usedto adjustthe estimateof
thoseheuristicghatproposedhe chosermove in the previousstate.
At the end of eachgame,the final reward is simply the total num-
ber of pointsthatthe learningplayerhasaccumulatedn thatgame.
This final reward is mappednto theintenal [0, 1], where1 reflects
the bestpossibleoutcomeand0 theworst. The weightsof the move
selectionheuristicshatdid not suggesthe lastmove playedareleft
unchangedEventually with thistrainingmethodtheweightsshould
corvemgeto theexpectedrewardof the correspondingnove selection
advicein the currentsituation,whichis representethroughtheval-
uesof the stateabstractiorheuristics.

The look-up-tablelearnerLEARNER-T doesnot useall avail-
ablestateabstractiorheuristicsthe card-countingheuristics(Count
CardsOut, seeAppendixA) are omitted becauseghey would lead
to a hugenumberof differentabstracstates Furthermorethe eight
opponent-vid (behaior/past)heuristicshave beencombinedwith
the correspondindour opponent-wid (distribution) heuristicsvia a
logical’or’ (seeAppendixA). Theresultingeightheuristicgplusthe
Queen-Oundviceareall Booleanyielding only 512abstracstates.
For eachstatethe expectedutility of eachof the nine move selec-
tion heuristicss estimatedseparatelyThusatotal of 4,608numeric
estimateslefinethe mappingof abstracstateso abstractactions.

For the temporalupdatesf the weightsin the tablewe usedthe
following simpleundiscountedemporaldifferencerule:

w) — wi 4+ a(wt

wherew! denoteshevalueof the:-th weightattime¢. We arbitrarily
pickedthevalue0.1 for the step-sizgparametety [14].

The designof the neural-netearnerLEARNER-N is asfollows.
We train aneuralnetworkwith seventeerinputunits(eachrepresent-
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Figure 2. Resultsof LEARNER-T (trainedagainstwo RANDOM
players)againsRANDOM andVOTING players.

ing one stateabstractioradvice)and nine outputunits (eachrepre-
sentingone move selectionadvice). Thirteenof the input units are
Boolean(encodedas0 and1) andfour of themencodedntegersin
therangeof [0,13], whicharelinearlymappedo [0,1]. Inputandout-
put layersarefully connectedo a hiddenlayer with thirteenunits.

After eachtrick, thenetworklearnsvia onestepof backpropagation.

The weightsw!, which werepredictedfor eachmove selectionad-
vice at the currenttrick, areadjustedowardsthe WeightSwf“, the
predictionsfor the next trick (or the final resultof the game,in the
caseof thelasttrick). This is realizedby usingthe weightsw!*' as
training signalsfor theweightsw!.

For implementingthis networkwe usedJudeShavlik’ s and Ray
Mooney’s publicly available LISP-codeand relied on the default
paramenterprovided therein(seehttp://wwu.cs.utexas.edu/
users/ml/ml-progs.html). We did not makeary attemptgo op-
timize thelearningparametersr thenetworkarchitecturebut relied
on the defaultsettingswhich we believe were sufficient to demon-
stratethevalidity of ourapproach.

4 EXPERIMENTAL RESULTS

We made several experiments with both LEARNER-T and
LEARNER-N. For both learningand performancecomparisonwe
neededtherHeartsplayingprogramsaswell:

¢ aRANDOM playerthat playsrandomlyin the sensethat one of
thelegal movesis choserwith equalprobability;

e aVOTING playerthatdirectlyusegheoperationamove selection
advicethatwe reusein our approach— eachadvicevotesfor all
cardsit suggestandamongthe cardsreceving the highestnum-
berof votes,oneis selectedandomlywith equalprobabilities.

Whereashedesignof theformeris straightforwardthatof thelat-
teris thebestthatmakesuseof the given operationabdvicewithout
ary learningandwithout introducingary additionaldomainknowl-
edge.In particular it wasnot clearhow it could utilize the advice
for stateabstractionlt shouldalsobenoted,thatthebehavior of the
VOTING playeris identicalto that of alearnerwhich is initialized
with identicalvaluesfor all tagetweights.

Sincewe wantedto monitor progressduring learning,we inter
leaved learningandtestingthe performancerunsof 1,000learning
gamesalternatedvith runsof 1,000testinggamesagainstdifferent
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Figure 3. Testresultsof LEARNER-N (trainedagainstwo independently
learningcopiesof itself) againstwo VOTING players.

opponentsFor thesetestinggameghe parametersf the respectie
learnermwere“frozen” andlearningwasturnedoff.

Figure 2 shows testresultsof LEARNER-T(RANDOM), anin-
stanceof LEARNER-T thatis trainedby playingagainstwo RAN-
DOM players,testedby playing againstRANDOM and VOTING.
Thez-axisof thegraphdenoteshelogarithmof thenumberof train-
ing gamesplayed,while the y-axis denoteghe cumulatie average
of the pointsscoredby eachplayerpergameonthe samenumberof
testgames.

After 1,000gamestheperformancef LEARNER-Tis below that
of VOTING (i.e., it getsmore points), althoughboth clearly out-
perform RANDOM. In the next several thousandgamesthe per
formanceof LEARNER-T increasesteadilyat the expenseof the
respectre performance®f RANDOM and VOTING. After about
10,000gameshowever, the performanceeaks.The corresponding
resultsof LEARNER-N aresimilar. Much asexpected however, its
learningratewasslower, andits peakperformancavasslightly better
thanthatof LEARNER-T.

In addition, we performedself-training experiments:three in-
stancef a learner which were initialized with differentrandom
weights,learnedindependentlyby playing againsteachother Fig-
ure 4 shavstheresultsof onesuchexperimentwith LEARNER-N,
wherewe arbitrarily pickedoneof the threelearnersandmonitored
its progresdy testingit againstwo VOTING players.The axesare
the sameasin the previousfigure, exceptthatthe gamesareplotted
on a non-logarithmicscalebecausghe variancefor thefirst 50,000
gamess considerablhigherin experimentsvith LEARNER-N.

While the three playersare about equalin the beginning, the
learnersteadilyimprovesuntil it hasreachedcertainmaximumper
formancelt is interestingto notethatalthoughthe learneris evalu-
atedagainstwoidenticalVOTING playersjt apparenthjhaslearned
to exploit certaincharacteristienistakeghatdependon its position
relative to thelearnerthe VOTING playerthatplaysafterthelearner
performssubstantiallyworsethanthe VOTING playerthat sits be-
forethelearnef®

Table1 shavsthe resultsof threetournament®f 100,000games
that were playedwith eachof the three independeninstancesof

6 Notethatthis effectis not dueto an absoluteorderof the players because
the playerthat opensa gameis choserrandomlyin the beginning(who-
ever hasthelowestclub card),thewinnerof the previoustrick openingthe
nexttrick. Insteadjt merelydepend®n therelative orderof the playersto
eachother:it canmakea significantdifferencewhethera goodplayersits
immediatelybeforeor behinda badplayet



Table1l. Tournamentesultsof threeinstance®f LEARNER-N trainedby
playingagainstachother Eachplayedin atournamentgainstVOTING
andRANDOM. Thelinesof thetableshav theaveragenumberof pointsper
gamethatwerescoredby thethreeparticipants.

i | LEARNER-N<+ VOTING RANDOM
1 3.86 4.17 6.90
2 3.45 4.36 7.22
3 3.59 4.26 6.97

LEARNER-N (with frozenweights)resultingfrom the self-training
experimentagainsaVOTING andaRANDOM testpartnerThetwo
opponentxhangedheir seatsafter50,000gamesso thatthe order
effect discussedn footnote2 averagesout. All of our learnerscon-
sistentlyachiezedbetterresultsthantheir opponents.

Again, the resultsfor LEARNER-N and LEARNER-T are simi-
lar. A comparisorof theirrespectre resultsshovsthatLEARNER-T
reachests performancgeakmuchearlierthanLEARNER-N. This
is mostly due to the simpler learning schemeand the smaller
statespaceof LEARNER-T. Interestingly in someof the experi-
mentswith LEARNER-N (althoughin noneof the experimentswith
LEARNER-T) we noteda small but systematialegradationin per
formanceafter the optimumhasbeenreachedWe do not have an
explanationfor this overtrainingphenomenomyet.

We have also seenevidencethat LEARNER-N can learn faster
from a RANDOM training partnerthan from a VOTING training
partneror from self-play We interpretthis in the way that self-
training (andevenmoresolearningfrom VOTING) seemgo be af-
fectedby the explorationvs. exploitationtrade-of.

In summary our experimentsprovide someempirical evidence
that our approachworks. Both throughsimple table-basednd de-
fault neural-netearning,it was possibleto clearly improve on the
performanceof an otherwiseidentical player that doesnot know
aboutthe relative importanceof the given advice.Apparently the
learnerscameup with reasonableveights,that allow makinggood
useof theadvice.

5 DISCUSSION

It shouldbe notedthat we did not (yet) attemptto build a strong
Heartsplaying program.In orderto makethe point, we only used
straightforwardreinforcementlearning approachesWe restricted
ourselesto TD(0) learning,andmadeno attemptsto optimizethe
parametesettingsof thelearningalgorithmswe used.

Still, in orderto makereinforcementearningfeasiblein our new
framework thatresultedfrom integrating stateabstractiorandmove
selectioradviceinto thelearningprocessywe cameupwith thenovel
approaclhof learningweightsfor abstracstatesandtheir relationto
abstractctionsin the senseof move selectiorheuristics.

Similarly, we madenoattemptto improve theperformancéy pro-
viding additionalpiecesof advice We chosethis particularsubsebf
usefuladvicefor the gameof Heartsin orderto be consistentvith
the previouswork [9] thatwe build upon.However, someaspectof
thegame(like capturinghe Jackof diamondsor shootingthemoon)
arenot explicitly addressethy theseheuristics(althoughtakeninto
accountin the evaluation).We believe thatthe fact thatwe achieved
almostidenticalperformanceeaksin variouslearningsettingscan
be interpretedasevidencethatthe provided heuristicknowledgeal-
lows only for a certainamountof improvement.

Regardingthe experimentaldesign,more sophisticatedzariants
couldbechosenln particular variationcould be addedby learning
againswariouspartnersassuggestedh [3]. Despitesomeamountof

randomnesg thegamedueto thedealingof cardsin thebeginning,
the playing stratgiesaredeterministic.Thus,sucha mixedtraining
approachmaybe a betterchoicethanself-training[3, 11] andtrain-
ing againsrandomplayers.

A challengingresearclproblemis to find a solutionfor the rein-
forcementlearningtraining of multiple advisors.In principle, each
weight of a move selectionadvicepredictsthe expectedreward for
applyingthis operatorin the currentsituation.Hence the mostrea-
sonableplayingstratgy shouldbeto pick the operatothatpromises
the maximumreward. However, dueto the inherentuncertaintyin
theseestimatesye believe thata stratgy which takesinto account
the adviceof morethanoneadvisorshouldbe preferableto onethat
alwaysfollows theadvisorwith the maximumweight. Althoughpre-
liminary experimentswhich shavedthatvoting actuallyperformed
betterthanmaximizing,confirmedusin this belief, this playingstrat-
egy is notyet reflectedin the learningprocedurewhich still learns
theexpectedrewardfor eachadvisorindependently

6 RELATED WORK

Ever since Samuels seminalwork [12, 13], machinelearningwas
appliedto building game-playingprograms.Due to lack of space,
we cannotgive a comprehensie overview here,but for computer
chesse.g. letusreferto[5]. Reinforcemenkearning[14] — already
presentin Samuels program— is one of the main techniquesor
learningthe weightsof evaluationfunctions. TD-Gammon,a very
strongBackgammorprograntrainedby reinforcementearning[15,
16] is one of the major successstoriesin this area.Naturally, this
approachasbeentriedfor othergamesincluding Hearts[7].

Samuel[12] hasalreadynotedthat the main deficieny of such
approachegs their dependeneon carefullyselectedeaturesWhile
otherauthordriedto automaticallyconstrucnew featurefrom afew
basicfeatureq1, 17], advice-takingnaybeviewedasanattemptto
solve this problemby human-machineollaborationMoston’swork
on operationalizincthumanadvice[9, 10] is one approactinto this
direction.In this context, we view our contribution asanautomated
approacHor integratingdifferent,contradictingpiecesof adviceinto
acoherenplaying strat@y.

Therehave beenseveral otherapproachewith similar goals.For
onetheHoY LEgame-playingysteni4] consistof avarietyof gen-
eral,game-independemtdvisorswhoseutility for a particulargame
is adaptedy learningtechniquesLike in ourapproachthedifferent
piecesof advicearecombinedy voting. Themaindifferencego our
approacharethattheweightsarelearnedby supervisedearning[2]
andthateachadvisorcanonly votefor or against singlemove.

In a non-gameplaying setting,Maclin & Shavlik [8] assumean
external obsener who provides advice (in additionto the external
reward signal)to the learner Technically they compile advicefirst
representeadsrule-setdnto additionalhiddenunits of a neuralnet-
work usingthe KBANN (Knowledge-Basedhrtificial Neural Net-
works) approachThey do not addresghe issueof overlappingor
conflictingadvice.

Gordon& Subramaniaf6] createda systenthatfirst operational-
izeshigh-level adviceinto rulesconnectingspecificstateswith prim-
itive actions.A secondphaseemployinga geneticalgorithmfor re-
inforcementiearningfurtherrefinestheserule sets.Refinementsn-
cludethedeterminatiorof appropriateule strengthaswell assym-
bolic modificationsof the rule set.Even thoughthe first part might
seemsimilarto Moston’swork thatwe build upon,Moston’s notion
of adviceis much broaderincluding advice on both good actions
(move-selectionandusefulstatedescriptiongstate-abstraction).



In summary our suggestedarchitecturediffers from other ap-
proachedvy its separatiorof stateabstractionand move selection
advice,and the learningframevork that proposego relate one to
the other Moreover, while several of the previous approachesise
reinforcementearningfor refining advice,our approachearnsthe
relative weight of piecesof advicein orderto addresghe issueof
overlappingor conflictingadvice.

7 CONCLUSION

In summarythis work shovsa completealternatve to hand-crafting
evaluation functions through utilizing (known) machinelearning
techniquedor makinggivenadviceuseful:

1. makingthe adviceoperationathroughlearning(reusedfrom [9,
10Q)), insteadof “manual”knowledgeacquisition;

2. makinguseof this operationabdviceby automaticallydetermin-
ing therelatve importanceof thegivenpiecesf advicefor agiven
situationthroughreinforcementearning.

Themajorcontrikution of this papelis anapproachhatmakeghis
combinatiorfeasible Insteadf learningparametersf anevaluation
function, we let the machinelearnthe relative importanceof given
advicefor proposingmoves.Our experimentaldataconfirmthatthe
resultingprogramslefeatotharandomplayerandaplayerthattries
to use(theavailable)operationaknowledgedirectly (throughvoting,
i.e., without extra knowledgeabouttherelative importance).

Usingour approacha game-playingorrogramcanbe built by just
implementingherulesandproviding advice Assumingthatthepro-
gramcanmakethis adviceoperationaljt alsoutilizesit well in the
sensethatit automaticallylearnsquantitatve knowledgeaboutthe
relative importanceof several piecesof advice.In this senseijt in-
deedlearnsto makeuseof operationahdvice.

A THE OPERATIONAL ADVICE REUSED

Theoperationahdvicereusedrom [9] canbeintuitively paraphrased
in naturallanguageasfollows.

If applicable,eachmoveselectionadviceselectsa subsetof the
legal movesthatit suggests$o be playedin thecurrentstate.

Avoid Taking Points (Search): Avoid to takepointsduringthecur
rent trick. This heuristicis implementedby a searchprocedure
suggestingardsthatwill definitelyavoid takingpointsduringthe
currenttrick.

Flush the Queen: As long asthe Queenof spadess not out, open
with spades.

SafelyFlush the Queen: AslongastheQueerof spadess notout,
openwith a spadehatis lowerthanthe Queen.

Avoid Taking Points (Low card): If the currenttrick has points,
play acardthatis lowerthanthe currenthighestcard.

Getthe Lead: Playacardthattakesthecurrenttrick.

GetVoid: Try to getrid of all cardsof a suit. As the advicedoes
notspecifywhich suit, we expandedhis heuristicinto four pieces
of advice,onefor eachof the four suits.Note that eachof these
heuristicssuggestsill legal movesin this suitwhenevertheplayer
opengheroundor is void in the suitled.

Eachstate abstraction advice computessomepotentially useful
propertyof thecurrentgamestate.

QueenOut: Decidewhetherthe Queenis in your cardsor already
out.

OpponentVoid (Distribution): Decide whether your opponents
arevoid in acertainsuitby computingwhetherall cardsof agiven
suitareoutorin theplayershand Again,weencodehiswith four
piecesof advice,onefor eachsuit.

OpponentVoid (Behavior/Past): Decide whetheran opponentis
void in a given suit becauséhe hasin a previous round not fol-
lowedthis suit. This setof eightheuristicgfour suitsfor two op-
ponentstomprisegwo of Mostow's original heuristics.

Count Cards Out: For eachsuit,countthenumberof cardsthatare
alreadyoutin this suit. Thisinformationis encodedsfour pieces
of advicewith avaluerangeof [0,13] each.
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