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Intr oduction

Statisticallearninghasbecomea centralthemein computationalstudiesof intelligence,with
importantbut largely independentdevelopmentsin perceptualtaskslikeobjectrecognitionand
in conceptualreasoning(Mitchell (1997)). Typically, the former involvesclusteringand re-
gressionover quantitative representationsbasedon real linearspaces(R n ), whereasthe latter
involvessymbolicproceduresover qualitative representationsthatemphasisetherelationships
betweenobjects(e.g. next-to, occurs-before, overlaps,similar-shape). Integrating learning
acrossthesetwo levelsof abstractionpresentsa numberof challenges,particularlyin relating
quantitativeandqualitativerepresentations.

Weproposeasystemfor integratingstandardapproachestoperceptualandconceptuallearn-
ing within the simpledomainof table-topgames(full detailswill appearin Needhamet al.
(2005)).Our targetscenariois of anintelligentagentbeingintroducedinto anunfamiliar envi-
ronmentfrom which it mustlearnto distinguishbetweenthegame-objects(e.g.playingcards,
die)andalsolearnhow to playthegame- correspondingto theperceptualandconceptuallevels
respectively. In an off-line learning phase, the agentpassively observestwo playersengaged
in playingthegamefrom a singlecameralooking down ontothetable(thetrainingdata). In a
subsequentexecutionphase, thesyntheticagentsubstitutesfor oneof theplayers.

A variationof the familiar gameof snapwill be usedby way of illustration - we call this
`GSnap'.Thegameis for two playerswho areeachdealtcardscontaininga varietyof simple
shapesin differentcolours. In repeatedplays,eachplayerlaysa cardon the tablesimultane-
ously. If thecardshave thesameshapeandcolour, a playersaystheword same.Otherwise,if
only thecolouror theshapearethesame,they saytheword“colour” or “shape”asappropriate.
If thetableis empty, aplayersaystheword “play”.

The System

Both learningandexecutionphasesstartwith anidenticalattentionalprocessin which theraw
visualdatais segmentedinto objectsusinga generictracker (Magee(2004))andtheauditory
waveform is segmentedinto soundsby thresholding. Thesecorrespondto the objects(e.g.
playingcards)andspokenutterances(e.g.“same”)of thegame.

Many table-topgamesareinherentlycyclic, consistingof a seriesof plays.We capturethe
necessaryinformationfrom eachcycleby focusingattentionon thestationaryperiodsbetween
themovementsof objectsover thetable-top(in GSnapthishappenseachtimecardsareplayed
ontothetable).
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The learningphasenow occursin two stages(Figure1). In the �rst stage,featuremea-
surementstaken from the visual objects(whenstationary)are clusteredto produceattribute
categoriesof colour, shapeandposition(Needhamet al. (2005)).Similarly, a �x ednumberof
soundcategoriesareproducedby clusteringaspectralanalysisof thesegmentedsounds.

Figure1: Thetwo stagesof thelearningphase,followedby theexecutionphase.

In thesecondstageof learning,objectsandsoundsfrom thetrainingdataare�rst classi�ed
accordingto the learntcategories,usingthenearest-neighbouralgorithm(Webb(1999)). The
resultis a time seriesof qualitativestates,eachdescribingtheobjectson thetable-topandany
utterancemadeduring a stationaryperiod. The qualitative statesare representedas setsof
logical atoms.Figure2 shows a seriesof � ve qualitative statesfrom a gameof GSnap.Each
containsa `state'predicategiving the texture,colourandpositioncategoriesassignedto each
visible object,an`action' predicategiving thecategory of thespokenutterance,and`time' and
`successor'predicatesde�ning a sequentialorderingof the time-stampsassociatedwith each
qualitativestate.

Logical induction is now usedto generalisethe relationshipbetweenutterances(`action'
predicate),andtheattributesof objectsappearingon thetablein thecurrentandpreviousqual-
itative states(`state'and`successor'predicates).This generalisationis usedin the execution
phaseto generateappropriateutterancesin placeof oneof theplayers.

For induction,weusetheProgolinductivelogic programmingsystem(MuggletonandFirth
(2001))to inducea simplePrologprogramH which whencombinedwith the`state'and`suc-
cessor'atoms(from thetrainingdata)B , entails(mostof) the`action' atomsE.

B ^ H j= E

A Prologprogramconsistsof anorderedsetof logical formulaeof theform p;q; : : : ; r ) s
(known asHorn clauses,andrepresentedin Prologass :- p;q; : : : ; r:). To constrainthesearch
for H , thepredicatesthat canappearin theheadandtail of Horn clauses(i.e. to the left and
right of the implication respectively) mustbe speci�ed in advance. Progol's taskis therefore
to con�gure thepredicatesandvariableswithin a setof Horn clausesobeying this constraint.
Theresultingprogramshouldbothbesimpleanddealcorrectlywith thetrainingdatameaning
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thattheappropriateactionsaregeneratedin eachsituation.Thesecriteriaarecapturedin acost
function that combines(with otherfactors)thenumberof examplesdealtwith correctly, with
thenegatedlengthof theHorn clause(numberof literals). Progoladdsasmany Horn clauses
to theprogramasnecessaryto dealwith all of thetrainingdata.

From a gameof GSnaplasting for 50 plays(illustratedin Figure2), Progol inducedthe
following setof rules(re-orderedfrom themostto theleastspeci�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).

(7) 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 constantsto utteranceswasasfollows:

utt6 = “same”,utt10 = “colour”, utt1 = “shape”,utt4 = “nothing”
utt2 , utt3 , utt5 , utt7 , utt8 , utt9 = “play”.

Clauses1-3 and12 are the result of isolated`noise' events. Theseclausesdo not cause
problemsin theexecutionphase.Clauses4-7 implementtheessentiallogic of GSnapthrough
judicioususeof variableidentity. Clauses8-11implementthesameconceptualaction(to utter
the sound“play”). They arisebecausethe “play” soundsfrom the training datahave been
clusteredinto six separatecategories. Noticing the identical form of the right-handsidesof
theseclauses,we areableto identify automaticallythe six soundsasequivalentandsimplify
theprogramaccordingly. In principleit shouldbepossibleto updatethesoundcategorymodel
to mergethesix categoriesinto one.

In theexecutionphase,our syntheticagentsubstitutesfor thevoiceof oneof theplayers-
bothoriginal playersthenremainsilent. As in thesecondphaseof learning,theattentionand
classi�cationproceduresproducea streamof qualitative states.The learntPrologprogramis
thenusedto querytheactionthatshouldbetakenfollowing eachplay. In our experimentson
a varietyof games(includingpaper-scissors-stone),thelogic of thegameis normallyobtained
exactly, with errorsarisingonly throughmisclassi�cationof game-objectsduring execution-
this canarisefrom changesin lighting for example.

Conclusions

Theproposedintegrationof perceptualandconceptualmodesof learninghasprovidedground-
ing for the logical termsappearingin inducedactivities. More unexpectedly, we have found
thatobjectandsoundcategoriesmaythemselvesbere�ned by their emergentrolewithin these
inducedactivities. The notion of a time seriesof qualitative stateshasprovided a workable
interfacebetweenquantitative andqualitative modesof learningandexecutionfor a rangeof
simpletable-topgames.
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“colour” state([[tex0,col1,pos0],[tex1,col1, pos1] ],t513 ).

action(utt10,t513).

time(t513).

successor(t510,t513).

greenlightningandgreenstar

“play” state([],t518).

action(utt9,t518).

time(t518).

successor(t513,t518).

emptytable

“shape” state([[tex2,col2,pos0],[tex2,col1, pos1] ],t521 ).

action(utt1,t521).

time(t521).

successor(t518,t521).

bluering andgreenring

“play” state([],t524).

action(utt9,t524).

time(t524).

successor(t521,t524).

emptytable

“same” state([[tex1,col0,pos0],[tex1,col0, pos1] ],t530 ).

action(utt6,t530).

time(t530).

successor(t524,t530).

redstarandredstar

Figure2: A seriesof qualitativestatesfrom thegameof GSnap.
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