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Abstract

A framework for autonomous(human-like) learningof
object, event and protocol models from audio-visual
data,for useby an arti�cial “cognitive agent”, is pre-
sented.This is motivatedby theaim of creatinga syn-
thetic agent that can observe a scenecontainingun-
known objectsand agents,operatingunder unknown
spatio-temporalmotion protocols,andlearnmodelsof
theseobjectsand protocolssuf�cient to act in accor-
dancewith the implicit protocolspresentedto it. The
framework supportslow-level (continuous)statistical
learningmethods,for objectlearning,andhigher-level
(symbolic) learningfor sequencesof eventsrepresent-
ing implicit temporalprotocols(analogousto grammar
learning). Symbolic learning is performedusing the
“Progol” InductiveLogic Programming(ILP) systemto
generalisea symbolicdataset,formedusingthe lower
level (continuous)methods.Thesubsumptionlearning
approachemployedby theILP systemallowsfor gener-
alisationsof conceptssuchasequality, transitivity and
symmetry, not easilygeneralisedusingstandardstatis-
tical techniques,andfor theautomaticselectionof rele-
vantcon�gural andtemporalinformation.Thesystemis
potentiallyapplicableto a wide rangeof domains,and
is demonstratedin multiple simple gameplaying sce-
narios,in which theagent�rst observesa humanplay-
ing agame(includingvocalfacialexpression),andthen
attemptsgameplaying basedon the low level (contin-
uous)and high level (symbolic) generalisationsit has
formulated.

Intr oduction
The perceived world may be thoughtof asexisting on two
levels; the sensorylevel (in which meaningmust be ex-
tractedfrom patternsin continuousobservations),and the
conceptuallevel (in whichtherelationshipsbetweenvarious
discreteconceptsarerepresentedandevaluated). We sug-
gestthatmakingthelink betweenthesetwo levels is key to
thedevelopmentof arti®cial cognitive systemsthatcanex-
hibit human-like qualitiesof perception,learningandinter-
action. This is essentiallytheclassicAI problemof ªSym-
bol Groundingº(Harnad1990). The ultimate aim of our
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work is truly autonomouslearningof bothcontinuousmod-
els, representingobjectproperties,andsymbolic(grammar
like)modelsof temporalevents,de®ningtheimplicit tempo-
ral protocolspresentin many structuredvisualscenes.Much
work hasbeencarriedout in the separateareasof pattern
recognitionandmodelbuilding in continuousdata(seefor
example(Duda,Hart,& Stork2000))andsymboliclearning
in variousdomainssuchas robotics/navigation (Bryant et
al. 1999),bioinformatics(Sternberg et al. 1994)andlan-
guage(Kazakov & Dobnik 2003). Several systemshave
beenpresentedthat link low-level video analysissystems
with high-level (symbolic)event analysisin an end-to-end
system,suchasthework of Siskind(Siskind2000)thatuses
a hand-craftedsymbolicmodelof `Pickup' and`Putdown'
events. This is extendedin (Fern,Givan, & Siskind2002)
to includea supervisedsymbolicevent learningmodule,in
whichexamplesof particulareventtypesarepresentedto the
learner. MooreandEssa(Moore& Essa2002)presentasys-
temfor recognisingtemporaleventsfrom videoof thecard
game`blackjack'. Multiple low level continuoustemporal
models(HiddenMarkov Models),andobjectmodels(tem-
plates)arelearnedusinga supervisedprocedure,andactiv-
ity is recognisedusinga handde®nedStochasticContext-
FreeGrammar. A similar approachis usedby Ivanov and
Bobick (Ivanov & Bobick 2000)in gesturerecognitionand
surveillance scenarios. However, none of thesesystems
is capableof autonomous(unsupervised)learningof both
continuouspatternsand symbolic concepts. The motiva-
tion behindour researchis to learnboth low level contin-
uousobjectmodelsandhigh-level symbolic(grammarlike)
modelsfrom datain an arbitrary scenariowith no human
interaction. Systemscapableof unsupervisedlearningof
bothcontinuousmodelsof imagepatchesandgrammar-like
(spatial) relationsbetweenimage patcheshave beenpre-
sentedby the static imageanalysiscommunity(e.g. (Ak-
soy et al. 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 grammarsused in (Moore & Essa2002;
Ivanov & Bobick 2000),which arecurrentlymanuallyde-
®ned.

Weseparatelearninginto two parts:i) Low level learning



of patternsin continuousinput streams,and ii) High level
(symbolic)learningof spatialandtemporalconceptrelation-
ships.Thisseparationof low level andhigh level processing
is motivatedby our understandingof thehumanbrain. The
visual cortex, andassociatedpartsof the brain, areknown
to provide initial pre-processingof continuousvisual input
(Petkov 1995). The structureof this pre-processingdevel-
opsasachild growsbasedonexperience.This is verymuch
analogousto unsupervised/ self-organisingpatternrecogni-
tion methods. Thereis also evidence,from the (possible)
existenceof mirror neurons(Stamenov & Gallese2002),
thatperceptionof simpletemporalevents(e.g.smiling) and
thecorrespondingactionareassociatedat a very low (sub-
conscious)level of brainprocessing,far removedfrom high
level conceptualreasoningandcontrol. In our framework
this relationshipbetweensimple (vocal) action perception
andrepetitionis explicit. How muchthis relationshipis in-
nateor learnedin humansis unclear. However, in ourframe-
work theimportantthingis thatthisrelationshipexistsat the
low level. Currentlythisrelationshipis hardcoded,however
it is possibleto learnthesetypeof relationships.In thework
of (Fitzpatricket al. 2003),thelink betweenvisualpercep-
tion of actionandgenerationof the sameactionis learned
for a humanoidrobotperformingsimpletasks.Initially the
action is performedby a human. The robot subsequently
learnsto mimic this actionby experimentation.It canthen
copy anactionobservedata latertime. Suchlearningwould
beavaluableadditionto oursystem,but is beyondthescope
of thispaper.

We proposea learningframework that consistsof three
elements;an attentionmechanism,unsupervisedlow-level
(continuous) object learning, and high-level (symbolic)
learningof temporalprotocols. Egocentriclearningis car-
ried out, meaningthemodelsbuilt arebasedon linking the
behaviour of an agent(e.g. a vocal utterance)to the ob-
served scenario,rather than being holistic modelsof the
completescenario. This allows the modelsto easilydrive
thebehaviour of a syntheticagentthatcaninteractwith the
real world in a near-naturalway. Multiple derived features
for eachobject identi®ed by the attentionmechanismare
groupedinto semanticgroupsrepresentingreal-world cat-
egoriessuchas position, texture and colour. Clustersare
formedfor eachsemanticfeaturegroupseparatelyusinga
clusteringalgorithm. Classifyingmodelsarethenbuilt us-
ing clustermembershipas supervision. Thesemodelsal-
low novel objects(identi®edby the attentionmechanism)
to be assigneda classlabel for eachsemanticgroup (tex-
ture, position,etc.). Thesesymbolic labelsareaugmented
by an annotationof the correspondingvocal utterancesof
theplayer(s),andusedasinput for symboliclearning(gen-
eralisation)basedon the Progol Inductive Logic Program-
ming system(Muggleton1995). The outputof the contin-
uousclassi®cationmethodscanbepresentedin sucha way
thatinstancesof conceptssuchasequality, transitivity, sym-
metryetc.maybegeneralised,in additionto generalisations
aboutthe protocolsof temporalchange.The advantageof
Progol's learningapproachis thatlearningcanbeperformed
basedon noisy(partially erroneous)data,usingpositive ex-
amplesonly.

Our prototypeimplementationhas beenapplied to the
learningof the objects,and protocolsinvolved in various
simple gamesincluding a versionof ªSnapº,playedwith
dice, and a versionof the gameªPaper, Scissors,Stoneº
playedwith cards. Typical visual input is shown in Figure
1. It is acommonargument(Hargreaves-Heap& Varoufakis
1995)thatmany real-world socialinteractionscenariosmay
bemodelledasgames,which suggestsour systemis appli-
cablebeyondthisdomain.Wewouldmake thisargument.

Figure1: Typical inputdata

Learning framework
Our framework divides learning into two parts; low-level
(continuous)objectlearning,andhigh-level (symbolic)pro-
tocol and relationshiplearning. To facilitate autonomous
(fully unsupervised)learning, a spatio-temporalattention
mechanismis required to determine`where' and `when'
signi®cantobject occurrencesand interactionstake place
within the input video streamof the scenarioto be learned
from. Theobjectmodelsproducedduringlow-level learning
areusedto producea symbolicstreamfor usein the high-
level learning.This symbolicstreamis augmentedwith the
vocalutterancesissuedby theplayer(s)participatingin the
game. Thesevocal utterancesmay either take the form of
passive reactions(e.g. ªsnapº),or active statementsof in-
tent(e.g. ªpickup-lowestº).Thelattergeneratesanimplicit
link betweenthevocalutteranceandthesubsequentaction
in thedatastream.Ourhigh-level systemcanlearnthis link,
and thus an agentbasedon the learnedmodel can gener-
atetheseutterancesasa commandto actively participatein
its environment(ascurrentlyour framework is implemented
on a softwareonly platform, with no robotic component).
It shouldbe notedthat this approachrelieson a direct link
betweenthe perceptionof a given vocal utteranceand the
generationof this utteranceby theagent.In thecurrentim-
plementationof our framework thevocalutteranceis ªper-
ceivedºby theagentvia handannotationof facialvideose-
quences,and thus the link betweenthe agentsperception
and generationof an action is trivial. Automationof this



processcouldbeperformedusingstandardspeechrecogni-
tion software,with the link betweenactionperceptionand
action generation(generationof speechusing a standard
speechgenerator)beingmadevia a pre-de®nedvocabulary
of words. Our eventualaim is to learnour own vocabulary
of utterancesautonomouslyfrom theaudio-visualfacedata.
Suchasystemwouldhave to make its own link betweenac-
tion perceptionand action generation. This is the subject
of currentresearch,but is beyond the scopeof this paper.
Figure2 providesanoverview of our learningframework.

Figure2: Overview of thelearningframework

It shouldbe notedthat conceptuallythe framework does
not limit theperceptionandgenerationof actionto vocalut-
terances;however a link is requiredbetweentheperception
andgenerationof individual agentactionsfor learnedmod-
els to be usedin an interactive agent. Vocal utterancesare
a goodexampleof anactionthatcanbeperceivedandgen-
eratedwithout specialisedhardware. It wasfor this reason
they werechosenfor our exampleimplementation.There-
mainderof this sectionwill bedivided into sub-sectionson
attention,continuousobjectmodellearning,andhigherlevel
symboliclearningusingInductive Logic Programming.

Spatio-temporalattention
Videostreamsof dynamicscenescontainlargequantitiesof
data,muchof which is irrelevant to scenelearningandin-
terpretation.An attentionmechanismis requiredto identify
`interesting'partsof thestream,in termsof spatiallocation
(`where') andtemporallocation(`when'). For autonomous
learning,modelsor heuristicsarerequiredto determinewhat
is of interest,andwhat is not. Suchmodelscouldbebased
on motion, novelty, high (or low) degreeof spatialvaria-
tion, or a numberof other factors. In our framework it is
merelyimportantthatanattentionmechanismexiststo iden-
tify interestingareasof spaceandtime. For this reasonwe
have chosento usemotion in our exampleimplementation,
asthis is straightforward to work with. We make no claim
thatattentionbasedon motiononly is suitablein all scenar-
ios, however it is appropriatein our chosendomains. It is
highly likely thatnosinglefactorcouldprovideagenericat-

tentionmechanismfor learningandinterpretationin all sce-
narios.In theview of theauthorsit is muchmorelikely that
multiple attentionmechanismswould be requiredfor fully
genericlearning.

The spatialaspectof our attentionmechanismis based
arounda genericblob tracker (Magee2004)that works on
theprincipleof multi-modal(Gaussianmixture)background
modelling,and foregroundpixel grouping. This identi®es
thecentroidlocation,boundingbox andpixel segmentation
of any separablemoving objectsin thescenein eachframe
of thevideosequence.If multipleobjectsarenon-separable
from the point of view of the camerathey aretracked asa
single object, until suchtime as they are separable.This
is not a signi®cantdrawback in the examplescenarioswe
presentin this paper(andmany others),however thereare
situationswherea more complex spatialattentionmethod
wouldberequired.

The temporalaspectof our attentionmechanismidenti-
®eskey-frameswherethereis qualitatively zeromotionfor
a numberof frames(typically 3), which areprecededby a
numberof frames(typically 3) containingsigni®cantmo-
tion. Motion is de®nedas a changein any objects' cen-
troid or boundingbox above a thresholdvalue(typically 5
pixels,determinedfrom observed tracker positionalnoise).
This methodfor temporalattentionis basedon theassump-
tion that all objectsremainmotionlessfollowing a change
in state(andthat the processof changeis not in itself im-
portant).This is valid for theexamplescenarioswe present
within thispaper, howeverweareactively researchingmore
complex temporalattentionmechanismsthat do not make
theseassumptions.

Continuousobject learning and classi�cation
In autonomouslearningit is not in generalpossibleto know
a-priori what typesof visual (andother)objectproperties
are important in determiningobject context within a dy-
namic scene. For this reasonthe useof multiple (in fact
large numbersof) featuressuchas colour, texture, shape,
positionetc. is proposed.Wegroupsetsof featurestogether
into manuallyde®nedsemanticgroupsrepresentingtexture,
positionetc.1 In this way (initial) featureselectionwithin
thesesemanticgroupsis performedduringcontinuouslearn-
ing, andfeatureselectionandcontext identi®cationbetween
thegroupsis performedduringthesymboliclearningstage.

For eachsemanticgroupa setof examplefeaturevectors
is partitionedinto classesusinga graphpartitioningmethod
(an extensionof (Strehl & Ghosh2002)), which also acts
as a featureselectionmethodwithin the semanticgroup
(see(Magee,Hogg, & Cohn2003)for details). The num-
ber of clustersis chosenautomaticallybasedon a cluster
compactnessheuristic. In other work (Santos,Magee,&
Cohn2004)the numberof clustersis deliberatelyselected
as overly large and clusterequivalenceis determineddur-
ing symboliclearning.This will beour preferredapproach

1In this paperwe usea 96D rotationally invariant texture de-
scriptionvector(basedon thestatisticsof banksof Gaborwavelets
andotherrelatedconvolution basedoperations),anda 2D position
vectoronly.



in futurework, astemporalcontext (in additionalto spatial
appearanceinformation)is takeninto account.

Once a set of examples is partitioned, the partitions
may be usedas supervisionfor a conventionalsupervised
statistical learning algorithm such as a Multi-layer per-
ceptron, Radial Basis Function or Vector Quantisation
basednearestneighbourclassi®er(we usethe latter in our
implementation).Thisallowsfor theconstructionof models
thatencapsulatetheinformationfrom theclusteringin such
a way that they can be easily and ef®ciently applied to
novel data.Thesemodelsareusedto generatetrainingdata
suitablefor symboliclearning.For eachobjectidenti®edby
theattentionmechanism,a propertyis associatedwith it for
eachsemanticgroup.For example:

state([obj0,obj1],t1).
property(obj0,tex0).
property(obj1,tex1).
property(obj0,pos1).
property(obj1,pos0).

indicatesthat thereare two objectspresentat time t1 .
The ®rst belongsto texture classtex0 andpositionclass
pos1 , and the secondto texture classtex1 andposition
classpos0 . Thesesymbolicstreamsarea goodrepresen-
tation of the input stream,however they arenot noisefree.
A fuller explanationof the symbolicrepresentationusedis
givenin section.

Symbolic learning using Inducti veLogic
Programming
The previous sectionsdescribedhow modelsare learned
that can convert continuoussensoryinput into a symbolic
datastreamin anunsupervisedway. We alsowish to learn
models of the spatio-temporalstructureof the resultant
(possiblynoisy)symbolicstreamsobtained.I.e. we wish to
learna modelof any implicit temporalprotocolspresented
by the scene. (This is directly analogousto learning the
grammarof a languageby example.) Structurein such
streamsdiffers greatly from the structurelearnedby our
lower level processes,in that the dataconsistsof variable
numbersof objects(andthusa variablelength list of state
descriptionsis available). In addition, conceptssuch as
equality, symmetryand transitivity exist in such streams.
Purelystatisticallearningmethods,suchas thoseusedfor
lower level learning, are not well suited to learningsuch
concepts. We employ a subsumptiondata generalisation
approach, implemented as the Progol Inductive Logic
Programmingsystem(Muggleton 1995). Progol allows
a set of noisy positive examples to be generalisedby
inductively subsumingthe data representationsby more
generaldatarepresentations/rules(with theaim of reducing
representationalcomplexity, without over-generalising).
Crucial in any inductive learning approachis the way
in which data is represented. Progol aims to reduce
representationalcomplexity using a searchprocedure. In
realistic scenariosa searchof all possibledata represen-
tations is not possible, and Progol must be guided by
rules that de®ne the generalform of the solution, and a

suitable presentationof the data to be generalised. We
representthe data in a scenarioindependent/neutralform
using the generally applicable symbolic conceptsof i)
time points (time() ), ii) object instances(object() ),
iii) object properties(proptype() ), iv) actions/events
(actiontype(),actionparametertype() ),
and v) relations between i)-iv). Each object instance
is unique in spaceand time2. Relations used in this
work are: temporal succession(successor(t2,t1) ,
indicating t2 directly follows t1 ), object-time rela-
tions (state([obj0,obj1],t1) , indicating obj0
and obj1 occur at time t1 ), action-time relations
(action(act1,[param1],t1) , indicating action
act1 , with parameterparam1 occurred at time t1 ),
and object-property relations (property(obj0,p0) ,
indicating obj0 haspropertyp0). It is also possibleto
useobject-objectrelations(e.g. rel(leftof, obj1,
obj2) , indicating object obj1 is to the left of object
obj2 ), however thesearenot usedin this paper. A short
exampleof this representationis givenbelow:

proptype(tex2).
proptype(tex3).
proptype(pos1).
proptype(pos2).
actiontype(utterance).
actionparametertype(roll).
actionparametertype(pickuplowest).

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

time(t20).
successor(t20,t10).
object(obj1).
object(obj2).
state([obj2,obj3],t20).
property(obj1,tex3).
property(obj1,pos1).
property(obj2,tex2).
property(obj2,pos2).
action(utterance,[pickuplowest],t20).

The ®nal elementrequiredfor Progol to generalisethe
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 thispaperthefactthattwo objectinstancesatdifferenttimes
arethesameobjectis notexplicitly represented.This is notneces-
saryin many learningscenarios.However, it is possibleto encode
this informationusinganobject-objectrelation.



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

action(utterance,...) :- ....

In this way the resultantgeneralisationcanbe fed (with
very minor, automatable,modi®cation)into a Prologinter-
preteraspartof aprogramfor aninteractivecognitiveagent
(seelater). We currentlyput little restrictionon theform of
thebodiesof therules.

The remainderof this sectiondescribesvarious exper-
iments carried out using variations on the approachde-
scribed.Appropriatevocalutterancesarelearnedby obser-
vationof examplesof thegames.

Experiment 1 We de®nea simple,singleplayer, two dice
gamebasedon thecardgamesnap.Thetwo dicearerolled
oneat a time. If thetwo diceshow thesamefacetheplayer
shoutsªsnapºandutterstheinstructionªpickup-bothº.Both
dice are picked up. Otherwisethe player uttersªpickup-
lowestº,andthediceshowing thelowestvaluefaceis picked
up. Before rolling the player utters the instruction ªroll-
bothºor ªroll-oneº,dependingon if thereis a dicealready
on thetable.This is illustratedin Figure3.

Figure3: Exampleof thegameusedin Exp. 1

Experiment 2 In thisexperimenttheutterancesrelatingto
thegamein experiment1 aremademorespeci®cby stating
the faceof signi®canceasa secondutterance(e.g. ªpickup
threeºor ªroll sixº). Vocal utterancesarerepresentedasa
oneor two parameterutterance(dependingon the number
of wordsin theutterance),e.g.
action(utterance,[pickup,one],tN).
action(utterance,[snap],tN).
An exampleof thisgameis illustratedin Figure4.

Figure4: Exampleof thegameusedin Exp. 2

Experiment 3 An alternative game is used basedon
the game `Paper, Scissors,Stone', in which two players
simultaneouslyselect one of theseobjects. Paper beats
(wraps)stone,scissorsbeats(cuts) paper, and stonebeats

(blunts)scissors.Our versionof this gameis playedwith
picture cards, rather than hand gesturesfor simplicity.
Utterances(`I win', `draw' and `go') are representedas
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(player1 utterance,[...],tN) :-
.....
Figure5 illustratesanexampleof thisgame.

Figure5: Exampleof thegameusedin Exp. 3

Agent behaviour generation
Therulesgeneratedby theILP learning,andtheobjectmod-
els,areusedto drive an interactive cognitive agentthatcan
participatein its environment. With a small amountof ad-
ditional Prologcodethis programhasbeenmadeto take its
input from the lower level systemsusingnetwork sockets,
andoutputits results(via a socket) to a faceutterancesyn-
thesismodule(which simply replaysa processedvideo of
theappropriateresponse).Figure6 illustratestheoperation
of theinteractive cognitive agentwith theobjectsin thereal
world scene.A humanparticipantis requiredto follow the
instructionsutteredby the syntheticagent(as thereis cur-
rentlyno roboticelementto oursystem).

Figure 6: Using learnedcontinuousmodelsand symbolic
rulesto driveacognitive agent

Currently the rules producedby Progol (orderedfrom



most speci®cto most generalif necessary3) directly form
part of a prolog program. We imposea limit of a single
actiongenerationper timestepin the (automatic)formula-
tion of this program.We areworking on anrule interpreter
which canhandlea wider rangeof scenarios(multiple si-
multaneousactions,non-deterministic/stochasticoutcomes
etc.), however this is not necessaryfor the scenariospre-
sentedin thispaper.

Evaluation and results
Several minutesof footageof eachgamedescribedprevi-
ously(experiments1-3) wasrecordedfor trainingpurposes,
with separatesequencesrecordedfor evaluationpurposes.
Trainingsequenceswerehandannotatedwith theactualvo-
calutterancesmade.Table1 givestrainingandtestsetsizes.

# utterances # utterances
(TrainingSet) (TestSet)

exp 1a/1b 61 35
exp 2a/2b 223 41
exp 3a/3b 176 105

Table1: Trainingandtestsetsizes

Continuousobject, and symbolic protocol modelswere
learnedfrom eachtrainingsequenceandusedto driveanar-
ti®cial cognitive agent. The performanceof the agentwas
evaluatedusingthe(unseen)evaluationsequences.Eachex-
perimentwas repeatedtwice, oncewith a perfectannota-
tion of thevocalutterancesfor thetrainingsequence(exper-
iment Na), andoncewith 10% of the utterancesrandomly
replacedwith erroneousutterancesto simulateerror in a
speechrecognitionsystem(experimentNb). The number
of correctand incorrectutterancesgeneratedfor the eval-
uationsequenceswasrecordedfor eachexperiment/model
with respectto the actualutterancemade(table2, column
5), andwith respectto theutterancethatwould beexpected
basedon the(possiblyerroneous)low-level classi®cationof
objects(table2, column6). Theseresultsarepresentedin
Table2, with the(intermediate)low-level classi®cationper-
formance(column4) includedfor reference.

Although the low-level object classi®cationmodelsare
imperfect,a perfectrule-setis generatedfor experiment1
when object noise, and when object noise plus utterance
noise,is presentin the training data. A perfectrule-setis
generatedfor experiment3 with objectnoise,howeversome
rulesarelost with the introductionof utterancenoise. Ex-
periment2 is morecomplex, dueto the increasedutterance
possibilities,andsorequiresmorerulesthantheothertwo.
Somerulesaremissingin bothpartsof this experiment,al-
thoughperformanceis still reasonable.However, an accu-
raterule-setfor experiment2 wasobtainedusingnoise-free
(synthetic)training data, indicating that it is noise in the

3In thecasethat thebodyof onerule is a specialisationof an-
other, themostgeneralruleis movedbelow themostspeci�c onein
theordering(if not thecasealready).This maybedeterminedau-
tomaticallyusingasubsumptioncheckoneachpairof rulebodies.
Otherwiseruleorderingis asoutputby Progol.

Exp. framesclassi�ed correctutterances correctutterances
completelycorrectlycomparedto actual comparedto

classi�cation
1a 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: Objectidentitynoise,
ExperimentNb: Objectidentity+ VocalUtterancenoise

Table2: Evaluationresults

symbolic datathat resultsin the loss of rules (ratherthan
thestructureof theproblem).Theseresultsdemonstratethe
gracefuldegradationof the ILP generalisationwith noise.
Lessgeneralrules are lost, rather than the entire process
failing, whennoiseis introduced. This is essentialfor fu-
turework involving incrementalanditerative learning.It is
worth examiningthe rule-setgeneratedby experiment1 to
illustrate the generalisationof 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 experiment1a

It can be seenfrom the snap rule in Figure 7 that the
conceptof propertyequalityhasbeenusedin the generali-
sationof the training data. The rule-setperfectlyandcon-
ciselyrepresentstheprotocolof this game,despiteerrorsin
the classi®cationof objectsin the training data. This may
bepartially dueto mostof theerroneousclassi®cations®t-
ting thegeneralisation,dueto thenatureof theutterances.It
shouldbenotedthatthe`snap'rule is aspecialisationof the
`pickuplowest' rule. Currentlyrulesareorderedfrom most
speci®cto mostgeneralfor interpretationby the cognitive
agent,allowing only the mostspeci®crule to be activated.
Thisis®nefor thescenariospresentedin thispaper;however
work hascommencedonastochasticrule-interpreterthatse-
lectsoverlappingrulesbasedon statisticsfrom the training
data. This will enablethe modellingof morecomplex sit-
uationsandnon-deterministicoutcomes.Figure8 givesthe
generalisationfrom experiment1b.

It is interestingto notethatthegeneralisationgivenin Fig-
ure8 is identicalto thegeneralisationin Figure7,apartfrom
theadditionof termsrelatingto (someof) theerroneousin-
puts4. Theseextra termshavenoeffecton theoperationof a
cognitive agentbecause,asgrounded-assertions,they refer
to speci®ctimes(whichby de®nitionwill never recur).

4Progolretainsthesetermssothatthegeneralisationrepresents
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 experiment1b

Discussion,curr ent and futur ework
A framework for theautonomouslearningof bothlow level
(continuous)and high level (symbolic) modelsof objects
andactivity hasbeenpresented.It hasbeendemonstrated
that a set of object and temporalprotocol modelscan be
learnedautonomously, that may be usedto drive a cogni-
tive agentthat can interact in a natural (human-like) way
with the real world. The applicationof this two stageap-
proachto learningmeansthe symbolicrepresentationused
is explicitly groundedto the(visual)sensordata.Although
oursyntheticagenthasnoroboticcapability, it canissuevo-
cal instructionsandparticipatein simplegames.Thecom-
bination of low-level statisticalobject modelswith higher
level symbolicmodelshasbeenshown to bea very power-
ful paradigm.It allows the learningof qualitative concepts
andrelationssuchasequality, symmetryandtransitivity as
well asrelativespatialandtemporalconcepts.

While what is presentedin this paperrepresentsa sub-
stantialbody of work, we arestill a long way from where
we want to be in termsof developing an agentwith true
human-like learningand interactioncapabilities. Our sys-
tem currentlyviews the world it perceivesasa whole, and
cannotcompartmentalisedifferentexperiencesinto different
categories.As anexample,if thetrainingdatacontainedtwo
(or more)differentgamesthesystemwouldtry to generalise
themasa single theory. While this will eliminatea lot of
potentialredundancy, this maynot bethebest,or mostef®-
cient,way of representingthis information. We would like
to investigate learningin multiple scenarios,while allow-
ing somegeneralisationbetweendifferentscenarios(i.e. an
ideaof sharedconceptsbetweenscenarios).We wish to use
thenon-generalisedtraininginstancesfrom Progoloutputto
feedbackto, andimprove, thelower level objectmodels.In
many scenariosthis is essentialassomeobjectsmaynot be
easilydiscriminatedusingspatialappearancealone.In such
casestemporalcontext is essential.The currentsystemis
basedaroundsingle-shot̀ observe andgeneralise'learning.
In order for temporalinformation to be usefully included,
learningmustbe extendedto be iterative or incrementalin
nature. This is also an importantgoal if learningis to be
morehuman-like (humanlearningcontinuesthroughoutour
entire life). We would like to make this naturalextension
to our systemin duecourse.An advantageof incremental

learningis that thereis anexisting modelduring(muchof)
thelearningphase.Thisallowslearningby experimentation,
or ªclosed-loopºlearning.This would requirethe formula-
tion of a learninggoalor motivation(e.g. thedesireto map
anenvironmentin robotics(Bryantet al. 1999)). Our cur-
rent systemhasno suchexplicit motivation. However, the
implicit motivationof accuratemimicry couldbemadeex-
plicit. This is aninterestingavenuefor research.

Thepracticalitiesof theILP approachmeanthat thepre-
sentationof thesymbolicdata,andtheoutputspeci®cation
rules,determinethe typesof generalisationsmade. Infor-
mal experimentshave shown us that differentrulesandin-
put formulationsmayberequiredto learndifferenttypesof
generalisations.How differentoutputrulesetsarecombined
in the context of a cognitive agentis a subjectof current
research(Santos,Magee,& Cohn2004). We believe such
combinationof multiplegeneralisationsis essentialif learn-
ing in unconstrainedscenariosis to bepossible.In addition,
we are are currently building a rule-interpreterthat deals
with non-deterministic/stochasticscenarios(wherea given
input resultsin oneof a rangeof actions)andoverlapping
rule sets(whereonerule takesprecedenceover another, as
in experiment1). This is basedon recordingstatisticsfrom
thetrainingset.

We planto extendour systemto includemoreobjectfea-
ture types (colour, spatial relationships,global and local
shapeetc.).It shouldbepossiblefor theILP systemto learn
whichobjectfeaturesarerelevantin agivenscenario.

Conclusion

We have developeda framework that combineslow level
(continuous)learningof objectandgesturemodelswith high
level (symbolic)learningof temporalprotocolsandconcep-
tual relationshipsusingInductive Logic Programming.We
believe this is the®rst applicationof this form of symbolic
learningto visual protocol learning. Our prototypesystem
hasbeenappliedto learningof themultipleelementsof var-
ious simple games. The modelslearnedareusedto drive
a syntheticcognitive agentthat can interactnaturallywith
theworld. Currently, oncelearningis performed,thecogni-
tive agentactsin a fully autonomousway. We aim to make
our systemfully autonomousin thenearfuture,andarede-
veloping an audio-visualfacial gesturelearningsystemto
remove the requirementfor manualvocal utteranceanno-
tation. We have shown the combinationof continuousand
symbolicmodelsto beapowerful paradigmwhichwill open
upmany furtheravenuesof researchover thecomingyears.
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