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Intr oduction

Statisticallearninghasbecomea centralthemein computationabktudiesof intelligence,with
importantbut largely independentievelopmentsn perceptuataskslik e objectrecognitionand
in conceptuakeasoningMitchell (1997)). Typically, the former involves clusteringandre-
gressionover quantitatve representationsasedon real linear spacegR "), whereaghe latter
involvessymbolicproceduresver qualitatve representationthatemphasiseéhe relationships
betweenobjects(e.g. next-to, occuis-befoe, overlaps, similar-shapg. Integratinglearning
acrosshesetwo levels of abstractiorpresentsa numberof challengesparticularlyin relating
guantitatve andqualitative representations.

We proposeasystenfor integratingstandardpproaches perceptuahndconceptualearn-
ing within the simple domainof table-topgames(full detailswill appearin Needhamet al.
(2005)).Ourtamgetscenarids of anintelligentagentbeingintroducedinto anunfamiliar ervi-
ronmentfrom which it mustlearnto distinguishbetweernthe game-objectge.g. playingcards,
die) andalsolearnhow to playthegame- correspondingo theperceptuahndconceptualevels
respectrely. In anoff-line learning phase the agentpassvely obsenestwo playersengaged
in playingthe gamefrom a singlecamerdooking down ontothetable(thetraining datg). In a
subsequergxecutionphase the syntheticagentsubstitutegor oneof the players.

A variationof the familiar gameof snapwill be usedby way of illustration - we call this
"GSnap'. Thegameis for two playerswho areeachdealtcardscontaininga variety of simple
shapesn differentcolours. In repeatedlays,eachplayerlays a cardon the table simultane-
ously If the cardshave the sameshapeandcolour, a playersaysthe word same.Otherwise jf
only thecolouror theshapearethe samethey saytheword“colour” or “shape”asappropriate.
If thetableis empty a playersaystheword “play”.

The System

Both learningandexecutionphasestartwith anidenticalattentionalprocessn which theraw
visual datais segmentednto objectsusinga generictracker (Magee(2004))andthe auditory
waveform is sggmentedinto soundsby thresholding. Thesecorrespondo the objects(e.g.
playingcards)andspolenutterancege.g.“same”) of thegame.

Many table-topgamesareinherentlycyclic, consistingof a seriesof plays. We capturethe
necessarynformationfrom eachcycle by focusingattentionon the stationaryperiodsbetween
the movementf objectsoverthetable-top(in GSnapthis happen®achtime cardsareplayed
ontothetable).



The learningphasenow occursin two stagegFigure1). In the rst stage,featuremea-
surementgaken from the visual objects(when stationary)are clusteredto produceattribute
categoriesof colour, shapeandposition(Needhanetal. (2005)). Similarly, a x ed numberof
soundcategoriesareproducedoy clusteringa spectralanalysisof the segmentedsounds.
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Figurel: Thetwo stagesf thelearningphasefollowedby the executionphase.

In the secondstageof learning,objectsandsounddsrom thetrainingdataare rst classi ed
accordingto the learntcateyories,usingthe nearest-neighbouwlgorithm (Webb (1999)). The
resultis atime seriesof qualitative statesgachdescribingthe objectson the table-topandary
utterancemadeduring a stationaryperiod. The qualitative statesare represente@s setsof
logical atoms. Figure 2 showns a seriesof ve qualitatve statesfrom a gameof GSnap.Each
containsa “state'predicategiving the texture, colour and position categyoriesassignedo each
visible object,an "action' predicatagiving the cateyory of the spolenutteranceand time' and
“successorpredicategle ning a sequentiabrderingof the time-stampsassociatedvith each
gualitative state.

Logical inductionis now usedto generalisehe relationshipbetweenutteranceg action'
predicate)andthe attributesof objectsappearingn thetablein the currentandpreviousqual-
itative stateg("state'and "successorpredicates).This generalisations usedin the execution
phaseo generateappropriatautterancesn placeof oneof the players.

For induction,we usethe Progolinductive logic programmingystemMuggletonandFirth
(2001))to inducea simplePrologprogramH which whencombinedwith the “state'and suc-
cessor'atoms(from thetrainingdata)B, entails(mostof) the “action' atomsE .

BAHEE

A Prologprogramconsistof anorderedsetof logical formulaeof theformp;q;:::;r ) s
(known asHorn clausesandrepresenteth Prologass :- p;q;:::;r:). To constrainthe search
for H, the predicategshat canappeaiin the headandtail of Horn clauseqi.e. to theleft and
right of the implication respectrely) mustbe speci ed in adwvance. Progol's taskis therefore
to con gure the predicatesandvariableswithin a setof Horn clausesobeying this constraint.

Theresultingprogramshouldboth be simpleanddealcorrectlywith thetrainingdatameaning
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thattheappropriateactionsaregeneratedn eachsituation. Thesecriteriaarecapturedn a cost
function that combinegwith otherfactors)the numberof examplesdealtwith correctly with
the neggatedlengthof the Horn clause(numberof literals). Progoladdsasmary Horn clauses
to the programasnecessaryo dealwith all of thetrainingdata.

From a gameof GSnaplastingfor 50 plays (illustratedin Figure 2), Progolinducedthe
following setof rules(re-orderedrom the mostto the leastspeci c):

(1) action(utt4,t65).

(2) action(utt5,t198).
3) action(utt1,t237).

(4) action(utt6,A) .- state([[B,C,D],[B,C,E]],A).

(5) action(utt10,A) .- state([[B,C,D],[E,C,F]],A).

(6) action(utt1,A) .- state([[B,C,D],[B,E,F]],A).

@) action(utt4,A) .- state([[B,C,D],[E,F,G]],A).

(8) action(utt9,A) - state([],A).

9 action(utt8,A) - state([],A).

(10) action(utt2,A) - state([],A).

(11) action(utt3,A) - state([],A).

(12) action(utt7,A) .- successor(B,A), state([[C,D,E],[F,G,H]],B).

Themappingfrom constantgo utterancesvasasfollows:

utté =*“same”,uttl0 =*“colour”, uttl =*“shape”,utt4 ="“nothing”
utt2 ,utt3 ,utts ,utt7 ,utt8 ,utt9 ="play”.

Clausesl-3 and 12 arethe result of isolated noise' events. Theseclausesdo not cause
problemsin the executionphase.Clausest-7 implementthe essentialogic of GSnapthrough
judicioususeof variableidentity. Clauses8-11implementthe sameconceptuahction(to utter
the sound“play”). They arisebecausdhe “play” soundsfrom the training datahave been
clusteredinto six separatecateyories. Noticing the identicalform of the right-handsidesof
theseclauseswe areableto identify automaticallythe six soundsasequwvalentand simplify
the programaccordingly In principleit shouldbe possibleto updatethe soundcategory model
to megethe six cateyoriesinto one.

In the executionphase pur syntheticagentsubstitutegor the voice of oneof the players-
both original playersthenremainsilent. As in the secondphaseof learning,the attentionand
classi cation procedureproducea streamof qualitative states.The learntProlog programis
thenusedto querythe actionthat shouldbe takenfollowing eachplay. In our experimentson
avariety of gamegincluding paperscissors-stonejhelogic of the gameis normally obtained
exactly, with errorsarisingonly throughmisclassi cationof game-objectsluring execution-
this canarisefrom changesn lighting for example.

Conclusions

Theproposedntegrationof perceptuabndconceptuaimodesof learninghasprovidedground-
ing for the logical termsappearingn inducedactuities. More unexpectedly we have found

thatobjectandsoundcateyoriesmaythemselesbere ned by theiremegentrole within these
inducedactuities. The notion of a time seriesof qualitatve stateshasprovided a workable
interfacebetweenquantitatve and qualitatve modesof learningand executionfor a rangeof

simpletable-topgames.
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Figure2: A seriesof qualitative statefrom the gameof GSnap.
References

MageeD.R. Tracking multiple vehiclesusing foreground, backgroundand motion models.

Mitchell T. MachineLearning McGraw-Hill, New York; London(1997).

MuggletonS. and Firth J. CProgol4.4:a tutorial introduction. S. Dzeroskiand N. Lavrac,
editors,RelationalData Mining, 160—-188.SpringefVerlag(2001).

Needhant.J.,SantosPE., MageeD.R., Devin V., HoggD.C. andCohnA.G. Protocolsfrom

perceptuabbserations. Arti cial Intelligence to appea2005).

4

WebbA. StatisticalPatternRecanition. Arnold, London(1999).



