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Abstract

A framework for autonomoughuman-lile) learningof
object, event and protocol modelsfrom audio-visual
data,for useby an arti cial “cognitive agent”,is pre-
sented.This is motivatedby the aim of creatinga syn-
thetic agentthat can obsere a scenecontainingun-
known objectsand agents,operatingunder unknavn
spatio-temporamotion protocols,andlearn modelsof
theseobjectsand protocolssufcient to actin accor
dancewith the implicit protocolspresentedo it. The
framewvork supportslow-level (continuous)statistical
learningmethodsfor objectlearning,andhigherlevel
(symbolic)learningfor sequencesf eventsrepresent-
ing implicit temporalprotocols(analogougo grammar
learning). Symbolic learningis performedusing the
“Progol” Inductive Logic ProgrammindILP) systento
generalisea symbolicdataset,formedusingthe lower
level (continuous)methods.The subsumptioriearning
approactemplo/edby thelLP systemallows for gener
alisationsof conceptssuchasequality transitvity and
symmetry not easily generalisedising standardstatis-
tical techniquesandfor theautomaticselectionof rele-
vantcon gural andtemporainformation. Thesystenis
potentiallyapplicableto a wide rangeof domains,and
is demonstratedn multiple simple gameplaying sce-
narios,in which theagent rst obsenesa humanplay-
ing agame(includingvocalfacialexpression)andthen
attemptsgameplaying basedon the low level (contin-
uous)and high level (symbolic) generalisation&t has
formulated.

Intr oduction

The perceved world may be thoughtof asexisting on two
levels; the sensorylevel (in which meaningmust be ex-
tractedfrom patternsin continuousobsenations),andthe
conceptualevel (in whichtherelationshipdetweenvarious
discreteconceptsare represente@dnd evaluated). We sug-
gestthatmakingthelink betweerthesetwo levelsis key to
the developmentof arti®cial cognitive systemghatcanex-
hibit human-lile qualitiesof perception)earningandinter-
action. This is essentiallythe classicAl problemof @8Sym-
bol Grounding®(Harnad1990). The ultimate aim of our
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work is truly autonomougearningof both continuousmod-
els, representingbjectproperties and symbolic (grammar
like) modelsof temporakvents,de®ningtheimplicit tempo-
ral protocolspresentn mary structuredrisualscenesMuch
work hasbeencarriedout in the separateareasof pattern
recognitionandmodelbuilding in continuousdata(seefor
example(Duda,Hart, & Stork2000))andsymboliclearning
in variousdomainssuchas robotics/naigation (Bryant et
al. 1999), bioinformatics(Sternbeg et al. 1994)and lan-
guage(Kazalov & Dobnik 2003). Several systemshave
beenpresentedhat link low-level video analysissystems
with high-level (symbolic) event analysisin an end-to-end
systemsuchasthework of Siskind(Siskind2000)thatuses
a hand-craftedsymbolic model of “Pickup' and "Putdavn'
events. This is extendedin (Fern,Givan, & Siskind2002)
to includea supervisedsymboliceventlearningmodule,in
whichexampleof particulareventtypesarepresentedo the
learner MooreandEssaMoore& Essa2002)presentisys-
temfor recognisingemporaleventsfrom video of the card
game ‘blackjack'. Multiple low level continuoustemporal
models(HiddenMarkov Models),and objectmodels(tem-
plates)arelearnedusinga supervisegrocedureandactiv-
ity is recognisedisinga handde®nedStochasticContext-
FreeGrammar A similar approachis usedby Ivanos and
Bobick (lvanos & Bobick 2000)in gesturerecognitionand
suneillance scenarios. However, none of thesesystems
is capableof autonomougunsupervised)earningof both
continuouspatternsand symbolic concepts. The motiva-
tion behindour researchs to learnboth low level contin-
uousobjectmodelsandhigh-level symbolic(grammaiik e)
modelsfrom datain an arbitrary scenariowith no human
interaction. Systemscapableof unsupervisedearning of
both continuousmodelsof imagepatchesandgrammaslike
(spatial) relations betweenimage patcheshave beenpre-
sentedby the staticimageanalysiscommunity (e.g. (Ak-
soy etal. 2003)). Theseinvolve the useof general(non-
scenespeci®c) backgroundknowledge of the type of re-
lations that may be important (e.g near far, leftof etc.).
It is our aim to develop conceptuallysimilar approaches
for the analysisof dynamicvideo data. Thesewould be
similar to the grammarsusedin (Moore & Essa2002;
Ivanor & Bobick 2000), which are currently manuallyde-
®ned.

We separatdearninginto two parts:i) Low level learning



of patternsin continuousinput streamsandii) High level
(symbolic)learningof spatialandtemporalkconceptelation-
ships.This separatiorof low level andhighlevel processing
is motivatedby our understandingf the humanbrain. The
visual cortex, and associategbartsof the brain, areknown
to provide initial pre-processingf continuousvisual input
(Petlov 1995). The structureof this pre-processinglevel-
opsasa child growvs basedn experience Thisis very much
analogougo unsupervised self-oiganisingpatternrecogni-
tion methods. Thereis also evidence,from the (possible)
existenceof mirror neurons(Stameng & Gallese2002),
thatperceptiorof simpletemporalevents(e.g. smiling) and
the correspondingctionare associateét a very low (sub-
conscious)evel of brainprocessingfar remosedfrom high
level conceptuakeasoningand control. In our framewvork
this relationshipbetweensimple (vocal) action perception
andrepetitionis explicit. How muchthis relationshipis in-
nateor learnedn humanss unclear However, in ourframe-
work theimportantthingis thatthis relationshipexistsatthe
low level. Currentlythisrelationshigs hardcoded however
it is possibleto learnthesetypeof relationshipsin thework
of (Fitzpatricketal. 2003),thelink betweervisual percep-
tion of actionandgeneratiorof the sameactionis learned
for a humanoidrobot performingsimpletasks. Initially the
actionis performedby a human. The robot subsequently
learnsto mimic this actionby experimentation.It canthen
copy anactionobseredatalatertime. Suchlearningwould
beavaluableadditionto our systembput is beyondthescope
of this paper

We proposea learning frameawvork that consistsof three
elements;an attentionmechanismunsupervisedow-level
(continuous) object learning, and high-level (symbolic)
learningof temporalprotocols. Egocentriclearningis car
ried out, meaningthe modelsbuilt arebasedon linking the
behaiour of an agent(e.g. a vocal utterance)to the ob-
sened scenario,rather than being holistic modelsof the
completescenario. This allows the modelsto easily drive
the behaiour of a syntheticagentthatcaninteractwith the
realworld in a nearnaturalway. Multiple derived features
for eachobjectidenti®ed by the attentionmechanismare
groupedinto semanticgroupsrepresentingeal-world cat-
egoriessuchas position, texture and colour  Clustersare
formedfor eachsemanticfeaturegroup separatelyusing a
clusteringalgorithm. Classifyingmodelsarethenbuilt us-
ing clustermembershipas supervision. Thesemodelsal-
low novel objects(identi®ed by the attentionmechanism)
to be assigneda classlabel for eachsemanticgroup (tex-
ture, position, etc.). Thesesymboliclabelsare augmented
by an annotationof the correspondingrocal utteranceof
the player(s),andusedasinput for symboliclearning(gen-
eralisation)basedon the Progol Inductive Logic Program-
ming system(Muggleton1995). The outputof the contin-
uousclassi®catiommethodscanbe presentedn sucha way
thatinstance®f conceptsuchasequality transitvity, sym-
metryetc. maybegeneralisedn additionto generalisations
aboutthe protocolsof temporalchange. The adwantageof
Progolslearningapproachs thatlearningcanbeperformed
basedon noisy (partially erroneousylata,usingpositive ex-
amplesonly.

Our prototypeimplementationhas beenapplied to the
learning of the objects,and protocolsinvolved in various
simple gamesincluding a versionof 2@Snap® playedwith
dice, and a version of the game2Paper Scissors,Stone®
playedwith cards. Typical visualinput is shavn in Figure
1. It isacommonargument(Hamgreaves-Hea® Varoufkis
1995)thatmary real-world socialinteractionscenariognay
be modelledasgameswhich suggest®ur systemis appli-
cablebeyondthis domain.We would make this argument.

Figurel: Typical inputdata

Learning framework

Our framework divides learninginto two parts; low-level
(continuous)bjectlearning,andhigh-level (symbolic)pro-
tocol and relationshiplearning. To facilitate autonomous
(fully unsupervised)earning, a spatio-temporakttention
mechanismis requiredto determine’where' and ‘when'
signi®cant object occurrencesand interactionstake place
within the input video streamof the scenariato be learned
from. Theobjectmodelsproducediuringlow-level learning
areusedto producea symbolic streamfor usein the high-
level learning. This symbolicstreamis augmentedvith the
vocal utterancesssuedby the player(s)participatingin the
game. Thesevocal utterancesnay eithertake the form of
passie reactions(e.g. @snap®)or active statement®f in-
tent(e.g. 2pickup-lavest®). Thelattergeneratesinimplicit
link betweenthe vocal utteranceandthe subsequenaction
in thedatastream.Our high-level systemcanlearnthislink,
and thus an agentbasedon the learnedmodel can gener
atetheseutterancessa commando actively participatein
its ervironment(ascurrentlyour framework is implemented
on a software only platform, with no robotic component).
It shouldbe notedthat this approactrelieson a directlink
betweenthe perceptionof a given vocal utteranceandthe
generatiorof this utteranceby the agent.In the currentim-
plementatiorof our framework the vocal utterances 2per
ceived®by the agentvia handannotatiorof facial video se-
guencesand thus the link betweenthe agentsperception
and generationof an actionis trivial. Automationof this



processould be performedusingstandardspeechrecogni-
tion software, with the link betweenaction perceptionand

action generation(generationof speechusing a standard
speechgeneratorpeingmadevia a pre-de®nedsocalulary
of words. Our eventualaim is to learnour own vocalulary

of utterancesutonomouslyrom theaudio-visuaFacedata.
Suchasystemwould have to make its own link betweerac-

tion perceptionand action generation. This is the subject
of currentresearchput is beyond the scopeof this paper

Figure?2 providesanoverview of ourlearningframework.
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Figure2: Overview of thelearningframewnork

It shouldbe notedthat conceptuallythe framewvork does
notlimit the perceptiorandgeneratiorof actionto vocalut-
teranceshowever alink is requiredbetweerthe perception
andgeneratiorof individual agentactionsfor learnedmod-
elsto be usedin aninteractive agent. Vocal utterancesre
a goodexampleof anactionthatcanbe perceved andgen-
eratedwithout specialisechardvare. It wasfor this reason
they werechoserfor our exampleimplementation.There-
mainderof this sectionwill be dividedinto sub-section®n
attentioncontinuousbjectmodellearning,andhigherlevel
symboliclearningusingInductive Logic Programming.

Spatio-temporal attention

Videostreamf dynamicscenegontainlarge quantitiesof
data,muchof which is irrelevantto scendearningandin-
terpretation An attentionmechanisnis requiredto identify
“interesting'partsof the stream|in termsof spatiallocation
(‘where") andtemporallocation("'when'). For autonomous
learning,modelsor heuristicsarerequiredto determinavhat
is of interest,andwhatis not. Suchmodelscould be based
on motion, novelty, high (or low) degree of spatialvaria-
tion, or a numberof otherfactors. In our framework it is
merelyimportantthatanattentionmechanisnexiststo iden-
tify interestingareasof spaceandtime. For this reasonwe
have chosento usemotionin our exampleimplementation,
asthis is straightforvard to work with. We make no claim
thatattentionbasedon motiononly is suitablein all scenar
ios, however it is appropriatan our chosendomains. It is
highly likely thatno singlefactorcouldprovide agenericat-

tentionmechanisnfor learningandinterpretatiorin all sce-
narios.In theview of theauthorst is muchmorelik ely that
multiple attentionmechanismsvould be requiredfor fully

genericlearning.

The spatialaspectof our attentionmechanisnis based
arounda genericblob tracker (Magee2004) that works on
theprincipleof multi-modal(Gaussiamixture)background
modelling, and foregroundpixel grouping. This identi®es
the centroidlocation,boundingbox andpixel segmentation
of ary separablanoving objectsin the scenein eachframe
of thevideosequencelf multiple objectsarenon-separable
from the point of view of the camerathey aretracked asa
single object, until suchtime asthey are separable.This
is not a signi®cantdravbackin the examplescenariosve
presentn this paper(and mary others),howvever thereare
situationswherea more compl spatial attentionmethod
would berequired.

The temporalaspectof our attentionmechanismdenti-
®eskey-frameswherethereis qualitatvely zeromotion for
a numberof frames(typically 3), which are precededy a
numberof frames(typically 3) containingsigni®cantmo-
tion. Motion is de®nedas a changein ary objects' cen-
troid or boundingbox above a thresholdvalue (typically 5
pixels, determinedrom obsered tracker positionalnoise).
This methodfor temporalattentionis basedon the assump-
tion that all objectsremainmotionlessfollowing a change
in state(andthatthe processof changeis notin itself im-
portant). Thisis valid for the examplescenariosve present
within this paper howvever we areactively researchingnore
comple temporalattentionmechanismghat do not make
theseassumptions.

Continuous object learning and classi cation

In autonomougearningit is notin generapossibleto know
a-priori what typesof visual (and other) object properties
are importantin determiningobject context within a dy-
namic scene. For this reasonthe use of multiple (in fact
large numbersof) featuressuchas colour, texture, shape,
positionetc. is proposedWe groupsetsof featuredogether
into manuallyde®nedsemantigyroupsrepresentingexture,
positionetc! In this way (initial) featureselectionwithin
thesesemantigroupsis performedduringcontinuoudearn-
ing, andfeatureselectionandcontet identi®cationbetween
thegroupsis performedduringthe symboliclearningstage.
For eachsemanticgroupa setof examplefeaturevectors
is partitionedinto classesisinga graphpartitioningmethod
(an extensionof (Strehl & Ghosh2002)), which also acts
as a feature selectionmethod within the semanticgroup
(see(Magee,Hogg, & Cohn2003)for details). The num-
ber of clustersis chosenautomaticallybasedon a cluster
compactnesseuristic. In otherwork (Santos,Magee, &
Cohn2004)the numberof clustersis deliberatelyselected
asoverly large and clusterequialenceis determineddur
ing symboliclearning. This will be our preferredapproach

In this paperwe usea 96D rotationally invarianttexture de-
scriptionvector(basedn the statisticsof banksof Gaborwavelets
andotherrelatedconvolution basedperations)anda 2D position
vectoronly.



in future work, astemporalcontet (in additionalto spatial
appearancanformation)is takeninto account.

Once a set of examplesis partitioned, the partitions
may be usedas supervisionfor a corventionalsupervised
statistical learning algorithm such as a Multi-layer per
ceptron, Radial Basis Function or Vector Quantisation
basednearesneighbourclassi®er(we usethe latterin our
implementation)This allows for the constructiorof models
thatencapsulat¢he informationfrom the clusteringin such
a way that they can be easily and ef®ciently applied to
novel data. Thesemodelsareusedto generatdraining data
suitablefor symboliclearning.For eachobjectidenti®edby
the attentionmechanisma propertyis associatedvith it for
eachsemantigyroup. For example:

state([obj0,0bj1],t1).
property(objo0,tex0).
property(objl,tex1).
property(obj0,posl).
property(obj1,pos0).

indicatesthat there are two objectspresentat time t1 .
The ®rst belongsto texture classtex0 and position class
posl, andthe secondto texture classtexl and position
classposO . Thesesymbolicstreamsarea goodrepresen-
tation of the input stream however they arenot noisefree.
A fuller explanationof the symbolicrepresentationisedis
givenin section.

Symbolic learning using Inducti ve Logic
Programming

The previous sectionsdescribedhov modelsare learned
that can corvert continuoussensoryinput into a symbolic
datastreamin anunsupervisedvay. We alsowish to learn
models of the spatio-temporalstructure of the resultant
(possiblynoisy) symbolicstreamsbtained.l.e. we wish to
learna modelof ary implicit temporalprotocolspresented
by the scene. (This is directly analogougo learningthe
grammarof a languageby example.) Structurein such
streamsdiffers greatly from the structurelearnedby our
lower level processesin that the dataconsistsof variable
numbersof objects(andthusa variablelengthlist of state
descriptionsis available). In addition, conceptssuch as
equality symmetryand transitivity exist in such streams.
Purely statisticallearningmethods suchas thoseusedfor
lower level learning, are not well suitedto learningsuch
concepts. We employ a subsumptiondata generalisation
approach, implementedas the Progol Inductive Logic
Programmingsystem (Muggleton 1995). Progol allows
a set of noisy positve examplesto be generalisedby
inductively subsumingthe data representationdy more
generaldatarepresentations/ruldsvith the aim of reducing
representationalcompleity, without over-generalising).
Crucial in ary inductive learning approachis the way
in which data is represented. Progol aims to reduce
representationatompleity using a searchprocedure. In
realistic scenariosa searchof all possibledatarepresen-
tations is not possible, and Progol must be guided by
rules that de®nethe generalform of the solution, and a

suitable presentationof the datato be generalised. We
representhe datain a scenarioindependent/neutrdbrm
using the generally applicable symbolic conceptsof i)
time points (time() ), ii) objectinstanceqobject() ),
iii) object properties(proptype() ), iv) actions/gents
(actiontype(),actionparametertype() ),

and v) relations betweeni)-iv). Each object instance
is unique in spaceand time?. Relationsused in this
work are: temporal succession(successor(t2,t1) ,
indicating t2 directly follows t1), object-time rela-
tions (state([objO,obj1],t1) , indicating obj0
and objl occur at time tl1), action-time relations
(action(actl,[param1],t1) , indicating action
actl , with parameterparaml occurredat time t1),
and object-property relations (property(objo,p0) ,
indicating obj0 haspropertyp0). It is also possibleto
use object-objectrelations(e.g. rel(leftof, obj1,
obj2) , indicating object objl is to the left of object
obj2 ), however theseare not usedin this paper A short
exampleof this representatiois givenbelow:

proptype(tex2).

proptype(tex3).

proptype(posl).

proptype(pos2).
actiontype(utterance).
actionparametertype(roll).
actionparametertype(pickuplowest).

time(t10).

object(obj0).
state([obj0],t10).
property(objO,tex3).
property(objO,pos1).
action(utterance,[roll],t10).

time(t20).

successor(t20,t10).

object(objl).

object(obj2).

state([obj2,0bj3],t20).
property(obj1,tex3).
property(obj1,posl).
property(obj2,tex2).
property(obj2,p0s2).
action(utterance, [pickuplowest],t20).

The ®nal elementrequiredfor Progolto generalisehe
datais a setof instructions(known as 'modedeclarations')
on the generalform of the data generalisationrequired.
These mode declarationsseparatelyconstrain the sorts
of predicatesin the head and body of generalisations
made (and how thesepredicatesmay be combined). As
we wish to use the generalisationto generatefacial be-

2In this paperthefactthattwo objectinstancestdifferenttimes
arethe sameobjectis not explicitly representedThisis notneces-
saryin mary learningscenariosHowever, it is possibleto encode
this informationusinganobject-objectelation.



haviour it is desirableto force the generalisatiorio contain
action(utterance,...) in the head of all rules,
suchthatgeneralisationsill beof theform:

action(utterance,...) -

In this way the resultantgeneralisatiorcan be fed (with
very minor, automatablemodi®cation)into a Prologinter
preteraspartof aprogramfor aninteractve cognitive agent
(seelater). We currentlyput little restrictionon the form of
thebodiesof therules.

The remainderof this sectiondescribesvarious exper
iments carried out using variations on the approachde-
scribed. Appropriatevocal utterancesrelearnedby obser
vation of examplesof thegames.

Experiment 1 We de®nea simple,singleplayer two dice
gamebasedon the cardgamesnap.Thetwo dicearerolled
oneatatime. If thetwo dice shawv the samefacethe player
shouts’snap@ndutterstheinstruction?pickup-both®Both
dice are picked up. Otherwisethe player utters2pickup-
lowest® andthediceshaving thelowestvaluefaceis picked
up. Beforerolling the player uttersthe instruction@roll-
both®or @roll-one®,dependingon if thereis a dice already
onthetable.Thisis illustratedin Figure3.

. Snap
Pick y
Roll Both ickup Roll One Pickup Both

Figure3: Exampleof thegameusedin Exp. 1

Experiment 2 In thisexperimentheutteranceselatingto
thegamein experimentl aremademorespeci®chy stating
thefaceof signi®canceasa secondutterancege.g. @pickup
three®or 2roll six®). Vocal utterancesrerepresente@dsa
one or two parameteutterance(dependingon the number
of wordsin theutterance)e.g.
action(utterance,[pickup,one],tN).
action(utterance,[snap],tN).

An exampleof this gameis illustratedin Figure4.

Snap,
Roll Both Pickup | Roll 4 Pickup Both

Figure4: Exampleof the gameusedin Exp. 2

Experiment 3 An alternatve game is used basedon
the game "Paper Scissors,Stone', in which two players
simultaneouslyselectone of theseobjects. Paper beats
(wraps)stone,scissorsheats(cuts) paper and stonebeats

(blunts) scissors. Our versionof this gameis playedwith

picture cards, rather than hand gesturesfor simplicity.

Utterances('l win', “drav' and "go') are representeds
a different action for eachplayer Learningis performed
for one player only, and ®xed absoluteplaying positions
provide the link betweenplayersand cards. E.g. output
rulesareof theform:
action(playerl

Figure5 illustratesan exampleof this game.

_utterance,[...],tN) -

Player 1 T'Win [ Win

Draw

Player 2 ['Win Draw

Figure5: Exampleof the gameusedin Exp. 3

Agent behaviour generation

Therulesgeneratedby thelLP learning,andtheobjectmod-
els,areusedto drive aninteractve cognitive agentthatcan
participatein its environment. With a small amountof ad-
ditional Prologcodethis programhasbeenmadeto take its

input from the lower level systemsusing network soclets,
andoutputits results(via a soclet) to a faceutterancesyn-
thesismodule (which simply replaysa processedideo of

the appropriateresponse)Figure6 illustratesthe operation
of theinteractve cognitive agentwith the objectsin thereal
world scene.A humanparticipantis requiredto follow the
instructionsutteredby the syntheticagent(asthereis cur

rently no roboticelemento our system).

Figure 6: Using learnedcontinuousmodelsand symbolic
rulesto drive a cognitive agent

Currently the rules producedby Progol (orderedfrom



most speci®cto mostgeneralif necessaty directly form
part of a prolog program. We imposea limit of a single
action generationper timestepin the (automatic)formula-
tion of this program.We areworking on anrule interpreter
which canhandlea wider rangeof scenariogdmultiple si-
multaneousactions,non-deterministic/stochastmutcomes
etc.), however this is not necessaryor the scenariogre-
sentedn this paper

Evaluation and results

Several minutesof footageof eachgamedescribedprevi-
ously (experimentsl-3) wasrecordedor training purposes,
with separatesequencesecordedfor evaluationpurposes.
Trainingsequencewerehandannotatedvith theactualvo-
calutterancesnade.Tablel givestrainingandtestsetsizes.

# utterances|# utterances
(TrainingSet) | (TestSet)

exp la/lh 61 35
exp 2a/2h 223 41
exp 3a/3h 176 105

Tablel: Trainingandtestsetsizes

Continuousobject, and symbolic protocol modelswere
learnedrom eachtrainingsequencandusedto drive anar
ti®cial cognitive agent. The performanceof the agentwas
evaluatedusingthe (unseengvaluationsequencesEachex-
perimentwas repeatedwice, oncewith a perfectannota-
tion of thevocalutterancegor thetrainingsequencéexper
iment Na), and oncewith 10% of the utterancesandomly
replacedwith erroneousutteranceso simulateerrorin a
speechrecognitionsystem(experimentNb). The number
of correctand incorrectutterancegeneratedor the eval-
uationsequencesvasrecordedfor eachexperiment/model
with respecto the actualutterancemade(table 2, column
5), andwith respecto the utterancehatwould be expected
basednthe (possiblyerroneousjow-level classi®catiorof
objects(table 2, column6). Theseresultsare presentedn
Table?2, with the (intermediate)ow-level classi®catiorper
formance(column4) includedfor reference.

Although the low-level object classi®cationmodelsare
imperfect,a perfectrule-setis generatedor experimentl
when object noise, and when object noise plus utterance
noise,is presentin the training data. A perfectrule-setis
generatedor experiment3 with objectnoise however some
rulesarelost with the introductionof utterancenoise. Ex-
periment2 is morecomple, dueto the increaseditterance
possibilities,andso requiresmorerulesthanthe othertwo.
Somerulesaremissingin both partsof this experiment,al-
thoughperformancss still reasonable However, anaccu-
raterule-setfor experiment2 wasobtainedusingnoise-free
(synthetic)training data, indicating that it is noisein the

3In the casethat the body of onerule is a specialisatiorof an-
other themostgeneratuleis movedbelon themostspeci c onein
theordering(if notthe casealready).This maybe determinedau-
tomaticallyusinga subsumptiortheckon eachpair of rule bodies.
Otherwiserule orderingis asoutputby Progol.

Exp.| framesclassied | correctutterances correctutteranceps

completelycorrectlycomparedo actual| comparedo
classi cation

la 29(83%) 32(91%) 35(100%)

1b 29(83%) 32(91%) 35(100%)

2a 38(93%) 31(76%) 32(78%)

2b 38(93%) 31(76%) 32(78%)

3a 105(100%) 105(100%) 105(100%)

3b 105(100%) 71(68%) 71(68%)

Note: ExperimentNa: Objectidentity noise,
ExperimentNb: Objectidentity + Vocal Utterancenoise

Table2: Evaluationresults

symbolic datathat resultsin the loss of rules (ratherthan
the structureof the problem). Theseresultsdemonstrat¢he
gracefuldegradationof the ILP generalisatiorwith noise.
Lessgeneralrules are lost, ratherthan the entire process
failing, whennoiseis introduced. This is essentiafor fu-
turework involving incrementabnditerative learning. It is
worth examiningthe rule-setgeneratedy experimentl to
illustrate the generalisatiorof the training dataperformed
(Figure7).

action(utterance,[rollboth],A) state([],A).
action(utterance,[rollone],A) state([B],A).
action(utterance,[pickuplowest],A) state([B,C],A).
action(utterance,[snap],A) state([B,C],A),
property(B,D), property(C,D).

Figure7: Progoloutputfor experimentla

It canbe seenfrom the snap rule in Figure 7 that the
conceptof propertyequalityhasbeenusedin the generali-
sationof the training data. The rule-setperfectlyand con-
ciselyrepresentshe protocolof this game,despiteerrorsin
the classi®cationof objectsin the training data. This may
be partially dueto mostof the erroneouglassi®cation®it-
ting thegeneralisationdueto the natureof the utterancesit
shouldbe notedthatthe "snap'rule is a specialisatiorof the
“pickuplowest' rule. Currentlyrulesareorderedfrom most
speci®cto mostgeneralfor interpretationby the cognitive
agent,allowing only the mostspeci®crule to be activated.
Thisis ®nefor thescenariopresentedh thispaperhowever
work hascommencednastochasticule-interpretethatse-
lectsoverlappingrulesbasedon statisticsfrom the training
data. This will enablethe modellingof morecomple sit-
uationsandnon-deterministioutcomes Figure 8 givesthe
generalisatiorirom experimentlb,

It isinterestingo notethatthegeneralisatiogivenin Fig-
ure8isidenticalto thegeneralisatiolin Figure7, apartfrom
theadditionof termsrelatingto (someof) the erroneousn-
puts'. Theseextratermshave no effectontheoperatiorof a
cognitive agentbecauseas grounded-assertionthey refer
to speci®ctimes(which by de®nitionwill neverrecur).

“4Progolretainsthesetermssothatthegeneralisatiomepresents
theentiredataset



action(utterance,[rollboth],t600).
action(utterance,[rollone],t663).
action(utterance,[rollboth],t686).
action(utterance,[pickuplowest],t902).
action(utterance,[pickuplowest],t1072).
action(utterance,[rollboth],t1089).

action(utterance,[rollboth],A) state([],A).
action(utterance,[rollone],A) state([B],A).
action(utterance,[pickuplowest],A) state([B,C],A).
action(utterance,[snap],A) state([B,C],A),

property(B,D), property(C,D).

Figure8: Progoloutputfor experimentlb

Discussioncurr ent and futur e work

A framework for theautonomousgearningof bothlow level
(continuous)and high level (symbolic) modelsof objects
and actiity hasbeenpresented.lt hasbeendemonstrated
that a set of objectand temporalprotocol modelscan be
learnedautonomouslythat may be usedto drive a cogni-
tive agentthat caninteractin a natural (human-lile) way
with the realworld. The applicationof this two stageap-
proachto learningmeansthe symbolicrepresentatiomsed
is explicitly groundedo the (visual) sensordata. Although
our syntheticagenthasno roboticcapability it canissuevo-
cal instructionsand participatein simplegames.The com-
bination of low-level statisticalobject modelswith higher
level symbolicmodelshasbeenshavn to be a very power
ful paradigm.lIt allows the learningof qualitative concepts
andrelationssuchasequality symmetryandtransitvity as
well asrelative spatialandtemporalconcepts.

While what is presentedn this paperrepresents sub-
stantialbody of work, we arestill a long way from where
we want to be in terms of developing an agentwith true
human-lile learningand interactioncapabilities. Our sys-
tem currently views the world it percevesasa whole, and
cannottcompartmentalisdifferentexperiencesnto different
catgyories.As anexample,if thetrainingdatacontainedwo
(or more)differentgameghe systemwouldtry to generalise
themasa singletheory While this will eliminatea lot of
potentialredundany, this may not bethe best,or mostef®-
cient, way of representingdhis information. We would like
to investicate learningin multiple scenarioswhile allow-
ing somegeneralisatiobetweerdifferentscenariogi.e. an
ideaof sharedconceptdetweerscenarios)We wish to use
thenon-generalisettaininginstancesrom Progoloutputto
feedbacko, andimprove, the lower level objectmodels.In
mary scenarioghis is essentiahssomeobjectsmay not be
easilydiscriminatedusingspatialappearancalone.In such
casegemporalcontet is essential. The currentsystemis
basedaroundsingle-shot obsere andgeneraliselearning.
In orderfor temporalinformationto be usefully included,
learningmustbe extendedto be iterative or incrementain
nature. This is alsoan importantgoal if learningis to be
morehuman-like (humanlearningcontinueshroughoutour
entirelife). We would like to make this naturalextension
to our systemin due course. An advantageof incremental

learningis thatthereis an existing modelduring (muchof)
thelearningphase Thisallowslearningby experimentation,
or 2closed-loopfearning. This would requirethe formula-
tion of alearninggoal or motivation (e.g. the desireto map
an ervironmentin robotics(Bryantetal. 1999)). Our cur
rent systemhasno suchexplicit motivation. However, the
implicit motivation of accuratemimicry could be madeex-
plicit. Thisis aninterestingavenuefor research.

The practicalitiesof the ILP approactmeanthatthe pre-
sentationof the symbolicdata,andthe outputspeci®cation
rules, determinethe typesof generalisationsnade. Infor-
mal experimentshave shovn usthatdifferentrulesandin-
put formulationsmay be requiredto learndifferenttypesof
generalisationdHow differentoutputrule setsarecombined
in the context of a cognitive agentis a subjectof current
research(Santos Magee,& Cohn2004). We believe such
combinationof multiple generalisations essentialf learn-
ing in unconstrainedcenarioss to bepossible.In addition,
we are are currently building a rule-interpreterthat deals
with non-deterministic/stochastscenariogwherea given
input resultsin one of a rangeof actions)and overlapping
rule sets(whereonerule takes precedencever anothey as
in experimentl). Thisis basedon recordingstatisticsfrom
thetrainingset.

We planto extendour systemto includemoreobjectfea-
ture types (colour, spatial relationships,global and local
shapeetc.). It shouldbepossiblefor the ILP systento learn
which objectfeaturesarerelevantin a givenscenario.

Conclusion

We have developeda framework that combineslow level
(continuous)earningof objectandgesturanodelswith high
level (symbolic)learningof temporalprotocolsandconcep-
tual relationshipausingInductive Logic Programming.We
believe this is the ®rst applicationof this form of symbolic
learningto visual protocollearning. Our prototypesystem
hasbeenappliedto learningof the multiple elementof var
ious simple games. The modelslearnedare usedto drive
a syntheticcognitive agentthat caninteractnaturally with
theworld. Currently oncelearningis performedthe cogni-
tive agentactsin a fully autonomousvay. We aim to make
our systemfully autonomousn the nearfuture,andarede-
veloping an audio-visualfacial gesturelearning systemto
remove the requirementfor manualvocal utteranceanno-
tation. We have shavn the combinationof continuousand
symbolicmodelsto beapowerful paradigmwhichwill open
up mary furtheravenuesf researctover thecomingyears.
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