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Abstract

This paper preseris a cognitive vision system capable of autonomously learning
protocolsfrom perceptual obsenations of dynamic scenesThe work is motivated by
the aim of creating a synthetic ager that canobsene a scenecortaining interactions
between unknown objects and agerts, and learn models of these su cient to act
in accordancewith the implicit protocols presern in the scene.Discrete concepts
(utterances and object properties), and temporal protocolsinvolving theseconcepts,
are learnedin an unsupervisedmanner from contin uous sensorinput alone. Crucial
to this learning processare methods for spatio-temporal attention applied to the
audio and visual sensordata. Theseidentify subsetsof the sensordata relating to
discrete concepts.Clustering within cortin uousfeature spacess usedto learn object
property and utterance models from processedsensordata, forming a symbolic
description. The pr ogol Inductiv e Logic Programming systemis subsequetly used
to learn symbolic modelsof the temporal protocolspreseried in the presenceof noise
and over-represemation in the symbolic data input to it. The models learned are
usedto drive a synthetic agert that can interact with the world in a semi-natural
way. The system has beenevaluated in the domain of table-top game playing and
has beenshown to be successfulat learning protocol behaviours in suc real-world
audio-visual environments.
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1 Intro duction

This paper preserts a cognitive vision systemcapableof autonomouslylearn-

ing protocolsinvolving rudimentary languageand visual objects. In this sys-
tem, models of visual objects and utterancesare obtained from unsupervised
statistical learningalgorithms. In orderto form symbolic data for input into an

inductive logic programming (ILP) system,the cortinuous perceptual obser-
vations are transformedusingthe modelslearned.Perceptual obsenations are

takento be any sensoryinput; hereacousticand visual inputs are used.The

conceptof qualitative time is introduced,sinceonly key framesare deemedto

be of importance. The direct link betweenperceptionand action is exploited;

a changein what is perceived can only be brough about by an action. The

ILP systemis usedto construct setsof de nite clauseghat expressulesof be-

haviour for the perceived actions from the symbolic description of the scenes.
In particular, the protocolslearnedencale the connectionbetweenutterances
with visual objects that occur in the scene.This is intrinsically a solution to

the anchoring problem [8] which is an instanceof the synbol grounding prob-

lem [15]. The setsof de nite clausesobtained are further usedby a syrthetic

agen to perform actions in the world. Therefore, in this work we explore
closingthe loop betweenlearning the connectionbetweenperceptionand ac-

tion via bridging the gap between computer vision, pattern recognition and

symbolic knowledgediscovery.

The framework preserted below is evaluated in the domain of simple table-top
games.In this domain the systemwasableto learn completeprotocolsfor the
rulesof the gameswhendi erent verbal utterancesare madeand alsosomeas-
pectsof the dynamicsinvolved in playing the game(for instance,whenobjects
should be placedon the table). The ertire learning processis executedwith

minimal human intervention and assumesninimal domain speci ¢ knowledge
of the scener of gameconcepts.In earlier work [22], we demonstratedthat

the sameapproad is capableof learning simple mathematical conceptssud

as numerical ordering and equality.

1.1 The domain of table-topgames

We have chosento work in the domain of simple table-top gamesinvolving
interaction of one or two players with a small number of visual objects and
incorporating spoken utterances. The reasonfor choosing sud scenariosis
that gamescontain rich protocolsand their "‘complexity' can be cortrolled by
adding, excluding or modifying rules, actions and/or objects in the domain.
Moreover, it may be arguedthat many real-world scocial-interaction scenarios
may be modelled as games[14], which suggeststhat our framework may be



relevant to the dewelopmen of a fully autonomoussystemthat could learn
how to behare in the real world.

Experimenrtal data is collectedusing two standard PCs, two webcams,and a
microphonein the arrangemen shown in Figure 1. The gamesusedin this
work are descrilked in greater detail in Section4. Brie y, the following three
gamesare played:

(1) SNAP1. A generalisedgame of snap where two cards are played simul-
taneously followed by an utterance dependert upon the gures on the
cards. The utterancesare either \colour" (when only the coloursin the
gures are the same),\shape" (when only the shapesin the gures are
the same),\same" (when shape and colour match) or \nothing" (if no
feature in the gures match to ead other). The cardsare removed, and
\play" is then uttered indicating to play the next two cards.

(2) SNAP2. A variation of the above gamewherecardsare placedoneon top
of another and the resulting utterance is dependen upon the card which
is visible, and the card at the previoustime step.

(3) Paper-scissors-ston€¢PSS). Played with two setsof three cardsead de-
picting oneof paper, scissorsor stone. Two players simultaneously select
one of the object cards and placethem on the table. When the two g-
uresin the cardsare perceiwed, utterances\win", \lose" and \draw" are
spoken by one of the players (the oneto be simulated by the syrthetic
ager). This player says \win" whenits card beats the one shovn by the
other player - paper beats (wraps) stone, scissorsbeats (cuts) paper, and
stone beats (blunts) scissors A \play" is uttered whenthere are no cards
on the table.

Fig. 1. Example of the data collection phase.A gameis played on the table between
two players. One camerapoints down at the table, and another captures the face
of the participant to be replacedby the synthetic agent. The audio is captured by
a microphone worn by this participant.



1.2 Overview

An overview of the framework is illustrated in Figure 2. Firstly, attention
mechanismsare necessaryo pick out saliert (interesting) sounds,objects and
featuresfrom the audio and visual input streamsobtained in a setup similar
to that shown in Figure 1.
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Fig. 2. Overview of the learning framework for the synthetic agen.

There are two phasesof operation of our system:training and execution.

In the training (or learning) phase,the syrthetic agern obsenesthe world,

without participating. In this phase,classinduction is performed on the

blobs and soundsthat are perceived, and class madels are formed, which

are usedfor classi cation of all the perceptual objects that have beenseen
in training. Theseare usedto form a symtwlic data description of the input

signals.Protocol induction is then performedon this symbolic data stream,
from which a set of protocol maodels (or rules) is formed.

In the exesution (or play) phase,the syrthetic agert participates in games
using the learned protocol models. An inferenceengineis usedfor protocol

instantiation to infer the synthetic agent's (vocal) responseto the currert

symbolic description of the world.

We assumeno knowledge about the type of objects or soundspreserted to
the system. Therefore, unsupervised clustering of both the audio and visual
feature vectors is performed. Models are learned, basedon this clustering,
which can classifythe perceptualinputs into classesThis providesa symiwmlic
description of the input signals.

Protocol models are represetted as ordered setsof de nite clausesexpressed
in Prolog syntax. This provides the necessaryexibilit y to represen the re-

lations between objects and actions that we require. Others have previously

demonstratedthe utilit y of (subsetsof) rst-order predicatelogicin high-lewel

sceneinterpretation (e.g. Neumannand Weiss[30]).



Inductive Logic Programming (ILP) in the form of pr ogol [28]is usedfor
protocol induction. The reasonfor choosing pr ogol residesin its capabil-
ity to construct theories from only (possibly noisy) positive examples.This
coincideswith our aim to learn protocol behaviour from obsenation in an un-
supervisedway. Moreover, ILP enablesconcept genealisation (e.g.to extend
rules learned from obsenation of certain objects to unseenertities) and for
the knowledgelearnedto be presetned in a format that allows us to assess
its “complexity' and accuracy besidesserving as tools for further reasoning
- the symbolic theories obtained are usedin this work to construct equiva-
lence classesdhetween utterancesin order to cope with over-clustering of the
utterancesin the audio signal.

Once learning is complete, the syrthetic agent can processthe perceptual
inputs and infer the appropriate action responseto the state of the world
in real-time. The interactive agent grounds learned perceptual models and
learned protocolsto descriptionsof objects in the real world, and plays badk
a suitable utterance.

The experimerts reported in this paper are evaluated using new de nitions
of soundnessand completenesghat are inspired by their homornyms usedto
assesshe semartics of inferencesystems.Soundnessccourts for the extent to
which the intended protocol (intended sematics) is represeted by the rules
obtained. In cortrast, completenessneasureshow many of the rules found do
not agreewith the intended semartics.

The remainder of this paper is structured as follows: Section 2 reviews pre-
vious work on learning from audio-visualinput. Section3 details the system,
discussingthe application of the ideaspreseted above. Section4 descritesthe
methods usedfor evaluation, beforepresening the experimerts and resultsin
detail. Discussionof our approad is presettied in Section5 alongsidefuture
researb directions, before conclusionsare drawn in Section6.

2 Background

Most previous work on modelling the connection of languageto the world
through vision has not included the capacity for learning. Typically the aim
has beento designa su ciently rich conceptual framework with which to
characterisethe activities in a target domain [4,20,41].Nagel [29] for exam-
ple usesmotion verbs as a conceptual framework to mediate between video
sequenceslepicting trac scenesand natural languagedescriptionsof those
scenesMore recerly, Siskind has proposedthe useof an ewvert logic to map
from visual input to singlemotion verbssud aspick up, stackand move[38].



A key issue has beenthe scalability of conceptual frameworks designedby
hand to go beyond a prototype domain. This has motivated the use of learn-
ing proceduresto populate a conceptual framework automatically through
generalisation from extended obsenation of a target audio-visual (or lan-
guage+visual) domain. Cangelosiand Parisi [6] adopt this approad within
a perception-action setting in which visual input and a languagecommand
together determinean action sud asthe movemern of a robotic arm. By rep-
reseting this mapping as a feed-forvard neural network, a standard learning
procedureis usedto setthe parametersof the network from examplesof visual
and languageinputs paired with the resulting actions.

For a simpler domain involving only visual and languageinput, Barnard et
al. [5] model the relationship between features of image regions and single
words naming those regions (e.g. sky, water) as a joint probability distribu-
tion. This distribution is learnt usingan EM algorithm and can subsequetty
be usedfor various purposesthrough probabilistic inference,for examplegen-
erating the conditional distribution for the name of a given region.

Roy and Pertland [35] demonstratethe use of mutual information between
audio and video streamsto segmeh words from a corpuscortaining phoneme
sequenceassaiated with simultaneousvisual situations. The corpusis a video
and sound recording of care-giwers interacting with infants playing with a
variety of objects. The system works from raw speet utterances and pro-
ducesphonemesequencessingatrained recurrert neural network and hidden
Markov model.

Our work addresseshe generalproblem of unsupervisedlearning of gamepro-
tocolsfrom a corpusof raw visual and acousticdata depicting target scenarios.
A problem not tackled in earlier work is the likely generationof too many or
too few acousticor visual object classesduring unsupervisedlearning. With
few exceptions(e.g. Roy and Pertland [35]), either an ideal categorisation
is imposedby supervised learning or by prior design, or early processingis
by-passedaltogether and replacedby symbols denoting the acousticor visual
objects.

If during unsupervisedlearningtoo few classesre generated,t will beimpos-
sibleto learn structural conceptsthat dependonamorere ned categorisation.
If too many classesare generatedand this is uncorrected,redundart concepts
will be generatedwhich although identical in structure involve distinguished
but semanically equivalert objects - this will impedelearning astraining ex-
ampleswill be required for ead separateinstance. A related problem is the
misclassi cation of objects.

Within a learning cortext, earlier work integrating languagewith vision has
addressedh number of audio-visualtasksinvolving di erent levelsof language



complexity. At its simplest, there is the task of naming visual objects, in-
volving single words in isolation [5]. At the other end of the spectrum, Roy
[34] addresseghe task of describing objects using noun phraseswhich op-
tionally cortain a shorter constituent noun phrase(e.g. the pink square;the
greenrectanglebelow the pead rectangle). From word sequencesegmeited
from the acousticsignal, the joint probability distribution of consecutie words
(bigrams) is estimated from relative frequenciesand usedin turn to generate
legalutterancesdescribingnovel visual situations. This bigram model is equiv-
alert to a stochastic regular grammar and could in principle be extendedto a
higher order languagemodel using instead a stochastic cortext free grammar,
although learning the grammar rules would then be more challenging.

Interestingly, stochastic grammars have also beenusedto model visual ac-
tivities [2,17,25]when these can be characterisedas a temporal sequenceof
visual primitiv es. However, they are not ideally suited to many other visual
modelling taskswhich involve essetially non-sequetial data, for examplethe
spatial relationshipsin a singlevisual image.

One way forward for the learning paradigmis to adopt a represetational for-
malism that is su cien tly powerful to model the conceptsof a target domain,
sud asthe ewert logic usedby Fern et al. [11], and then attempt to learn the
necessarpadkground knowledge connectinglanguageand vision within this
formalism. In our work, we have adopted logic programsexpressedn Prolog
syrntax as our high-level formalism, and inverseertailment enmbodied in the
progol systemasthe learning procedure.A limitation of Prolog in this con-
text is the absenceof a medanism for represeting uncertainty, for example
in the spatial relationship betweentwo objects or the action takenin a given
situation. Recen proposalsfor combining predicate logic with probabilistic
inferencecould overcomethis limitation, assumingequivalert inductive infer-
enceprocedurescan be deweloped [33]. For example, Markov networks have
beenusedsuccessfullyfor learning and reasoningabout spatial and temporal
uncertairties in physical situations that can be represeted by a xed con-
junction of binary predicates[16].

Pr ogol infers setsof Horn clausesusing a statistical optimisation procedure
and thereby dealswith occasionalmisclassi edobjects. Like Roy [34], we work
directly from raw acoustic and visual data, although our languagedomain
contains only single word utterances. A key challengefor the future will be
to automate learning of richer conceptualdescriptions,sut asthosethat are
currently hand-crafted (e.g. Nagel[29]).



3 Learning perceptual categories and symbolic proto cols

In this section we presen the details of our implemerted system, wherely
models of visual objects and utterances, as well as a symbolic description of
the protocol, arelearnedin a purely unsupervisedmanner.Figure 3 illustrates
the overall learning scheme.
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Fig. 3. Overview of the learning framework.

3.1 From continuousto symhlic data

Video streamsof dynamic scenescortain huge quartities of data, much of
which may be irrelevant to scenelearning and interpretation. An attention

medanism is required to idertify ‘interesting' parts of the stream, in terms
of spatial location ("where") and temporal location (‘'when'). For autonomous
learning, models or heuristics are required to determine what is of interest,
and what is not. Sudr modelscould be basedon motion, novelty, high (or low)

degreeof spatial variation, or a number of other factors. It is highly likely that

no singlefactor could provide a genericattention medanismfor learning and
interpretation in all scenarios.It is our view that attention from multiple

cuesis required for fully genericlearning. This section details the attention

medanisms used to segmeh the cortinuous audio and video streams, and
describtesthe algorithms usedto classifythe featuresextracted from the input

signalsin order to create synmbolic data for protocol learning. Our aim has
beento dewelop methods that are su ciently robust to handle environments

outside the laboratory.

3.1.1 Attention, learning and classi cation for visual objects

For our implemertation in the game-plging domain, an attention medanism
which canidertify saliert areasof spaceand time is necessaryWe have cho-
senmotion asit is straight-forward to work with. The spatial aspect of our
attention medanismis basedaround a genericblob tracker [23]that works on



the principle of multi-modal (Gaussianmixture) badkground modelling, and
foregroundpixel grouping. This iderti es the certroid location, bounding box
and pixel segmetation of any separablemoving object in the scenein eat

frame of the video sequenceThe temporal aspect of our attention medanism
identi es key-frameswhere there is qualitatively zero motion for a number
of frames (typically three), which are precededby a number of frames (typ-

ically three) cortaining signi cant motion. Motion is de ned as a changein

any object's certroid or bounding box above a threshold value (three standard
deviations of tracker positional noise,typically v e pixelsin our experimerts).

This method for temporal attention is basedon the domain limiting assump-
tion that all objects remain motionlessfollowing a changein state (and that

the processof changeitself is not important). Figure 4 shovs an example
sequencef key-framesidenti ed by the attention medanism.

fH e

Fig. 4. Sequenceof key-framesidenti ed by the spatio-temporal attention meda-
nism. Intermediate frameswhere the objects are in motion, or subsequetly remain
stationary, are ltered out by the attention medanism.

Featuresof the objectsiderti ed by the blob tracker (at the key-framesiden-
tied by the attention medanism) are extracted and clustered. Currently

three groupsof featuresare extracted, correspnding to the attributes of tex-

ture, colour and position. The texture feature is usedto classify global shape
(e.g. a star) in addition to convertional textures. The remainder of this sec-
tion discusseshe methods usedfor unsupervisedclustering and formation of
classi ersfor high dimensionalfeature vectors, describingcolour and texture,

which couldindeedbe appliedto many other featuresthat we may wishto use,
for exampleglobal shape, local shape, or local textures. For our experimerts,

position is divided into two classesposO for objects on the left of the image,
and pos1 for objects on the right of the image.This hasbeendonefor simplic-
ity (asit suces for the domainsin question and demonstratesthat spatial
position may be incorporated in the subsequen symbolic learning process).
Position could be learnedin a similar way to the other groupsof features.

Rotationally invariant texture features

The texture feature setusedin this paper wasbasedon the Gabor wavelet [9]
and other corvolution basedtextural descriptions(Figure 5). Thesewere ap-
plied at the object certroid provided by the object tracker, to form a 94 dimen-
sionalfeature vector. To make thesefeaturesrotationally invariant (wherethey
were not already) setsof featuresat multiple orientations were applied to the



imagesand the statistics (mean, minimum, maximum and maximum/mean) of

thesefeature sub-setsusedasthe feature description, rather than the raw val-

ues.The featuresusedwere: Gabor wavelets (various scales) equal covariance
Gaussians(various scales),non-equal covariance Gaussians(various scales)
and polar wavelet-like featuresde ned by cornvolution masksof the form:

K(r; )= G(r; )sin(Ky + Kp); (1)

wherer is the distanceof a pixel in the mask from the object certroid, the
anglethat aline from the object certroid to a pixel in the masksubtendswith
the horizontal axis, G(r; ) is a Gaussiandistribution with standard deviation

(certred on the object certroid), K, relatesto angularfrequency(K, = 1;2
or 4 in our experimerts) and K , relatesto the Iter orientation (typically four
valuesof K , werechosenin orderto form abank of Iters). Cornvolution kernels
of the form in Equation 1 were applied at various scales(by altering ). The
scaleschosenfor all feature descriptor typeswere selectedas (approximately)
ewenly distributed betweensensiblelimits, soasto be asgeneralas possible.

e
LA

Fig. 5. Example wavelet and cornvolution basedtextural feature descriptors used.

Colour features

The colour feature set usedin this paper consistsof the binsof a5 5 Hue-
Saturation (HS) colour histogram. The blob tracker usedas part of the atten-
tion medanism provides a binary pixel maskde ning the pixels belongingto
eah object identi ed. The (RGB) colour valuesof eat of thesepixel is pro-
jectedinto Hue-Saturation-Intensity (HSI) colour-spacqd39] and the Hue and
Saturation (Intensity independen) dimensionsof this spaceusedto build a
2D histogram of the object pixel colour distribution. Each dimensionis quan-
tised into 5 levels (a compromisebetweenthe generality and speci city of the
represemation) to give a histogram with 25 bins (used as a 25 dimensional
feature description).

Clustering and feature seletion

For ead attribute (texture/colour) wewishto form clustersof featuresvectors
which de ne the di erent classeglenotedby attribute labels.Sinceour system
hasno knowledgeof which classead feature description belongsto, an unsu-
pervisedclustering approad must be taken. There are a number of methods

10



in the literature for unsupervisedclustering sud asK-means[13], agglomera-
tive methods [1,37]and graph partitioning basedmethods [18]. Sud methods
generallywork by asseiating similar data items in an n-dimensionalfeature
space.All featuresare usedin this clustering processand feature selection
is usually seenas a supervised pre-processingstep (if performedat all). An

alternative approad is to combine the results of multiple clusterings (either

multiple methods on a single feature set or a single method on multiple data
sets)[40].

In the high dimensionalfeature vectors (texture responsesfrom a variety of
convolution masksand colour histogrambins), only a subsetof the featureswill
be important in the task of classifyingthe visual objects. More importantly,
di erent descriptorswill be important in di erent scenariosdepending upon
the visual objectsused.lt is for this reasonthat avariety of textural descriptors
are usedto form the 94 dimensionaltexture feature vector. We usea feature
selection method basedon agreemenh between features to selectthe most
important. Firstly, clustering is performed independerily in eadt dimension
of the feature space(1D sub-spaces)n order to induce N, clusteringsof the
feature vectors. These clusteringsare combined to form weights for edgesin
a graph with data items as nodes. This graph is then partitioned to form
clustersof data items. Finally, supervisedlearning of a classi er is performed,
using the cluster membership of data items from the graph partitioning.

We use agglomerative clustering on ead sub-space,basedloosely on that

presened in [1]. To beginwith, the data in ead sub-spaceas normalisedsothat

it haszeromeanand unit standard deviation. This is performedsothe same
stopping criterion (below) for the sub-spaceclustering can be applied across
all sub-spacesOne cluster per data item is initialised. For all cluster pairs C;,

C; (containing N; and N; menbers respectively) we calculate D (C;; C;): the
meandistance betweeneat menber of C; and eah member of C;.

1 X X

D(Ci;Cy) = W
s2C;j

is (2)

t2C;

lteratively the closest two clusters C; and C; are merged wia'lgt
min(D(C;;C;j)) < T, whereT is a xed threshold. The valueof T = K d,
where d is the dimensionality of the sub-space(i.e. 1) and K is a constan
(1 in all our experimerts). This agglomeratiwe clustering is performedon all
1D sub-spacesnd the results of theseclusteringsare conmbined using a novel
weighted versionof the cluster-basedsimilarity partitioning algorithm of Strehl
and Ghosh[40]. In the original algorithm, a (non-directional, fully connected)
weighted graphis formedwherethe vertices(unweighted) represemn data items
and the (weighted) edgesrepresen the similarity betweenpairs of data items.
Similarity is measuredasthe number of times the pair of data items occur in
the samecluster over all sub-spaceclusterings.This graph is then partitioned

11



using a graph partitioning algorithm sud as[18]®. Sud algorithms attempt
to form a set of sub-graphs,suc that the edgecut required is minimised.
This is an NP complete problem; howewer there are a number of suitable ap-
proximate methods at our disposal. We extend the method in [40] to form a
graph in which the similarity is re-de ned asthe sum of the weights relating
to eat sub-spacdan which data items occur in the samecluster (Equation 3).
In this way the relative importance of the individual featuresin our feature
description can be weighed:

=]
CN:C;L '_yvc Sc(va; Vb)

E dgeWeight(Va; V) = PR
c=1 WC

3)

where W, is the weight asseiated with clustering ¢ and S.(Va; V) is 1 if

the data items relating to verticesV, and V, are cortained within the same
clusterfor clusteringc, and 0 otherwise.N. is the number of clusteringsused.It

shouldbe noted that the denominatoris simply a constart and, assud, hasno
e ect onthe clustering produced.Howe\er, the inclusion of this normalisation
enablesedgeweighs (and thus edgecuts) to be comparedacrossdi erent

feature setsand weighings.

Oncethe initial clustering has beenperformed (with equal weights) the dis-

criminativ e power of the individual sub-spacesisedto build the clusteringcan
be evaluated with respect to this clustering (i.e. assumingthis clustering is

\correct"”). If a sub-spacecan discriminate well betweenany two classeghen

its discrimination power is good, asit is unusual for a low dimensionalsub-
space(1D in our experimerts) to be able to discriminate betweenall classes.
We re-weight the edgesof the graph usedto partition the data into clusters,
to re ect how \correct" the current (in this caseinitial) clustering is. This

involves evaluating how well ead pair of clustersis discriminated betweenin

eat sub-space.

To do this, we considerthe accuracyof a two classclassi er basedon a partic-
ular sub-spaceclustering (Cy; Cy; etc.). If a classlabelled datasetis available,
sud a classi er may be formedfrom the statistics of the assaiations of classes
to clusters,asin Equation 4.

jtX :X 2 class™ X 2 Cigj
ij 'Y 2 C,gj

P(clas§C;) = (4)
Howe\er, classmenbershipis not known in our case lIf the clusteringobtained
from the graph partitioning method is assumedto be the \correct”" classla-
belling, such a classi er may be formed. Figure 6 illustrates the theoretical
accuracyof sud a classi er as a Bayesiannetwork.

3 Implementations of seweral graph partitioning algorithms are freely available to
download from http://www-users.cs.umn.edu/ Kkarypis, as part of the METIS and
CLUTO padkages.
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Fig. 6. Accuracy of a stochastic classi er for two classdiscrimination.

In Figure 6, the diagram on the left illustrates the probability distribution of
the data items for a two-classdiscrimination problem. From this diagramit is
easyto seethe joint probability P(L; C;), wherelL is a label for the true class
(A or B) and C; is one of the sub-spaceclusters, is given by:

P(L; C) = P(GJL)P(L)=(P(A) + P(B)) (5)

On the right under the headingP (Correct), alongsideead node, is the prob-
ability P(LjC;) that classi cation is correct for a stochastic classier (i.e.
P (CorrectL; C;)). The sumof the products of P(CorreciL; C;) and P(L; C;)
over all pairs of clusters and labels givesthe overall probability of a correct
classi cation for this classi er basedon a particular low dimensionalcluster

0 1

P(L) P(CIL)P(LIC)A  (6)

P(CorreCIjA; B,C) = m
Ci2C

L=AB

where P(A), P(B), P(CjjL) and P(LjC;) can be calculated from a co-

occurrencefrequencymatrix of clustersformedfrom the graph partitioning vs.

sub-spaceclustersfor the training data. Thus we de ne discriminative power,

D (O), asthe maximum value of P (CorrectA; B; C) over all pairs of classes,
asin Equation 7.

D(C) = pamax P (Correcia; b;C) (7)

D (O lies between0.5 (no discriminative power) and 1.0 (perfect discrimina-
tion for at least one pair of classes).This value can be usedto weigh the
graph partitioning basedclustering described in Equation 3; howewer a better
approad is to threshold this value and usebinary weighs (Equation 8). We
usea fairly low threshold (T,,) of 0.6to excludeonly thosesub-spaceshat are

13



very poorly discriminative. Essetially this is an unsupervisedfeature selection
approad.

8
2 0if DIO<T

We=_ ! 8
7 1if D(O Tu

In principle, our method could be applied iterativ ely by repeatedly using the
clustering output to calculate newweights and re-clustering.Our experiments
suggestthat improved performanceand corvergenceoccursin somecircum-
stances;howewer in other circumstancesover- tting and other stability prob-
lemshave beenobsened. We useonly a singleapplication of the re-weighting
for this reason.It shouldbe noted that our approad relieson the initial clus-
tering having a (more or less)one-to-onemapping with the true classlabelling
(i.e at least 50% of items in a cluster belongto the sametrue class).If this is
not the case,it is unlikely an improvemert will be obtained.

Once a set of examplesis partitioned, the partitions may be usedas super-
vision for a convertional supervised statistical learning algorithm sud as a
Multi-La yer Perceptron, Radial Basis Function or Vector Quartisation based
nearestneighbour classi er (the latter is usedin our implemertation). This
allows for the construction of models that encapsulatethe information from
the clustering in sud a way that they can be easily and e ciently applied
to novel data. These models are usedto generatetraining data suitable for
symbolic learning. For eat object iderti ed by the attention medanism, a
(symbolic) property is assaiated with it for ead sematic group usingthese
learnedclassi ers.

3.1.2 Attention, learning and classi cation for spoken utterances

A symbolic description of audio everts must be obtained from the input au-
dio signal. This task is relatively straight-forward sincewe are dealingwith a
small number of isolated sounds(generally single words). Speed recognition
and production software could be usedto perform this task (e.g. HTK [42]),
normally requiring supervisedlearning [7,12,32];however an unsupervisedap-
proach to this task is favouredto t in with the philosopty of learning mod-
els and rules for an autonomoussyrthetic ager. Sud an approad also has
the advantage that participants can make non-word utterances (e.g. animal
noises)or make soundsusing objects or instruments. The methods presened
in this section are crude, yet adequatefor our purposes.For more complex
applications, more sophisticatedtechniquesare likely to be required.

The patrticipant of the gamewho we wish to replacewith a syrthetic agen
speaksinto a microphone.The audio is sampledat 8172 z and an attention
medanism basedon the energyof the signalis usedto segmeh sounds.Non-
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overlapping windows are formed ead containing 512 samples,which is the
power of 2 (neededfor the Fourier transform) giving windows with the most
similar duration to a frame of video. The energyfor ead window is calculated
asthe sum of absolutevaluesof the samples.Utterancesare cortiguous win-
dowswith energyabove the threshold and are of maximal duration (Figure 7).

2000

1000

-1000

-2000
0

Fig. 7. The attention mechanism segmets the audio signal.

Spectral analysisis performedon ead detectedwindow. The dimensionality of
ead spectrum is reducedfrom 512to 174 by histogrammingthe absoluteval-
ues.Reducingthe spectrum to this dimensionality makesthe clustering more
robust to small variations in the pitch of the voice [19]. Each utterance de-
tectedis then represeted by a temporal sequencef L reduced-dimensionali
windows. L is chosensud that it is equalto the length of the shortest utter-
ance(in windows) in the training set. This is achieved by linearly resampling
the temporal sequenceof spectral histogramsfor the windows that span an
utterance. The utterancesare now of idertical length, and K-meansclustering
is performedon the set of utterancesse\eral times with di erent numbers of
clusters.

——
i

Fig. 8. Spectral analysis.

4 This dependsupon the rate that the audio is sampled(8172H z), the fundamental
pitch frequency of the human voice (average around 2754 z) and the size of the
window used(512 samplesequivalert to windows at 16H z). 275=16 is approximately
17.
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Figure 8 shaws a set of nine clusters formed during one run of the process,
visualisedas spectrograms(plots of frequencyvs normalisedtime) relating to

the cluster certres. The number of clustersis automatically chosensud that

the ratio betweenthe meandistanceof ead utteranceto the certre of the clos-
estcluster and the meandistancebetweenall the cluster certres is minimised.
Ead utterance of the training setis classi ed (nearestcluster certre) to create
a synmbolic data stream as shavn in Figure 9; thus an utterance may be rep-
reseied symbolically as one of a set of labels uttl,utt2,... . This method

for automatically choosing the number of clusterstends to over-cluster the

data (too many clustersare created); our approad to this problemis to build

equivalenceclassedetweenthe utterances,as discussedn Section3.3.2.

3.2 Symbwlic data representation

To drive a synthetic agent capableof interacting with its environment we wish

to learn the protocolsfor the agert's actions. In this work, actions are the vo-

cal utterances; however, the principle should be applicable to other possible
action types, sud as movemern of a robotic arm. Our aim is to encapsulate
the protocol of the activity in away in which actionscanbe red following ob-
senation of perceptualinputs. Thus utterancesof a participant are descriked
in the form action( utterance, time). The playing areais described by a list

of objects, ead descriked by their attributes of texture, colour and position

in the form: state([[ texturel, colourl, positionl],[ texture2, colour2, posi-

tion2 ]], time), which represets a state cortaining two objects. In addition,

eadt time (time( time). ) and temporal successofsuccessor( previoustime,

current time ). ) is denoted. Example audio-visual input for SNAP1 and the

correspnding symbolic data stream is shovn in Figure 9. When the table

is empty, the description of perceptual inputs is an empty list, as no objects
have beentracked, e.g.state([],t518). Further details are discussedn Sec-
tion 3.3.1.

Our syrthetic agen interacts with its ervironment through actions (utter-
ances)and perceiwesthe ervironmert through visual input of objects in the
playing area. Thus an action by the agern will be red immediately after the
interpretation of perceptualinput states. Thereforein the symbolic data pre-
sened for protocol learning, we wish for the actionsto occur at the samequal-
itativ e time as the states (although quartitativ ely they occur successigly).
This createsa direct link between perception and action.

Our prototype system works in real time on live input data. As sud, the
frame rate of the tracker is variable, depending upon the number of objects
it is tracking, the amourt of motion in the scene,and what featuresit is
extracting from the imagesfor clustering. Thus, the use of frame numbers
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is not sucient to link times in the input video stream with the utterances
obtained through processingthe separateaudio stream.

\colour"

\play"

\shape

\play"

\same"

state([[texO0,col
action(utt10,t51
time(t513).
successor(t510,t

state([],t518).
action(utt9,t518
time(t518).
successor(t513,t

state([[tex2,col
action(utt1,t521
time(t521).
successor(t518,t

state([],t524).
action(utt9,t524
time(t524).
successor(t521,t

state([[tex1,col
action(utt6,t530
time(t530).
successor(t524,t

1, pos0] [ tex 1, col 1, posl]], t513).
3).

513).
green lightning and green star

518).
empty table

2,pos0] [ tex 2, col 1, posl]], t521).

).

521).
bluering and green ring

524).
empty table

0, pos0] ,[ tex 1, col 0, pos1] ], t530).
).

530).
red star and red star

Fig. 9. Example audio-visual inputs and corresponding symbolic data represenation
for the game SNAP1. The symbols correspond to the perceptual categorieslearned
by unsupervisedclustering. In this casethe symbolsuttl0, utt9, uttl and utt6

are symbols for utterances represeting, respectively, the words \colour”, \play",
\shape" and \same", and the texX relate to the texture/shape of objects, colX
relate to the colour of the objects, and posXto the object's position. The textual
description in italics is provided for readersviewing a greyscalecopy.
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To form adirect link betweenstatesand actions, at the beginningof a training
phase,a clock is started, and the number of secondssincethe start is recorded
for ead (state , time, successor) triple from the object tracker. The number
of secondssincethe start is alsorecordedfor ead action utterance from the
audio stream. The timings for this symbolic data streamfrom the audiois then
syndironised with the timings from the video data stream. Each utterance
is badk-dated to the timing of the previous state description if the timing
is not coincidert already This simple method works for our application. A
more complex approad could be undertaken to provide a richer description
wherenot only temporal successorelationshipsbetweeneveris are used,but
descriptionssud as "before’, or "during' may be useful for extendedtemporal
ewerts (in the future, the tracking of the movemen of objects may be of
interest, particularly whenappliedto the learning of robotic actions) for which
atemporal represemation sut asAllen's interval calculus[3,31]may beuseful.

3.3 Learning symimlic protocols from perceptual data

3.3.1 Inductive Logic Programming

Inductive logic programming (ILP) [21,26]is the name given to the eld of
Al that studiesinferencemethods by which given badkground knowledge B
and examplesE, the simplest consistet hypothesisH is found sud that:
B~ H F E whereB;H;E arelogic programs(informally: whenB andH are
true, E is alsotrue). In our terms, we seekto induce a simple logic program
H which when combined with the “state' and “successoratoms (from the
training data) B, ertails the "action' atoms E. No genericdomain knowledge
is included in the badkground B °.

Our work usesCProgol4.4 [28] which is an implemenation of the de nite
modeslanguagg27]. Pr ogol seartesfor the most statistically plausible hy-
pothesisH usinginverseertailment - a depth- rst seart through constructed
hypotheses.Pr ogol works by generalisinga set of examples,given a list of
types accouning for the categoriesof objects in the domain under considera-
tion, and a setof syntactic biases Thesesyrtactic biasesare userde ned made
declarations that restrict the possibleform of the proposedgeneralisationsye-
stricting the possiblesear® space.Mode declarationsdescrile the predicates
(with their argumen types) that can be used either in the head or in the
body of hypothesisedgeneralisations.Thesedeclarationsalso state how vari-
ablesin the argumert of predicatesin the headand body of formulae shouldbe
usedin the formulae sough. In other words, variablescan be declaredin the
modesas either input, output or grounded (constart). An exampleof mode
declarationsfor the input data described in Section3.2is shavn in Figure 10,

5 Implicit domain knowledgeis provided by the mode declarations.
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where modehand modebrepresen, respectively, predicatesthat should be in
the headand in the body of the generalisingformulae. The synmbols +, - and
#, represen respectively input, output and groundedvariablesand the terms
shape, colour , position and time are term types. The number in the rst
argumen of modehand modetboundsthe number of alternative solutions for
instantiating the predicate stated in the secondargumer.

.- modeh(1,action( # utterance ,+ti me))?

.- modeb(100,state([[-shape,- col our, -positio n],
[-shape,-colour,-positio nj], +time)) ?

- modeb(100,state([],+time))  ?

.- modeb(100,successor(+time, -ti me))?

Fig. 10. Mode declarations for the game SNAP1.

The mode declarationsin Figure 10 state that the generalisingformula should
have the predicateaction/2 in the head(with agroundedutteranceandanin-
put variable for time asargumeris) and predicatesstate/2 and successor/2
in the body. In principle, there is no limit on the number of occurrencesof
eath predicate in the mode declarationsusedwith di erent conbinations of
input, output and groundedvariables.Examplesof pr ogol type declarations
for the gameSNAP1 are shown in Figure 11. The constart synbol namesare
chosento make the exampleclear to read; in practice the semaric meaning
of the object property or utterance labelsis unknown, as the labelling come
from the lower level systemsand is dewid of semairtics (exceptasprovided by
the lower level grounding). Although pr ogol is capableof generalisingfrom
positive and negative examples,we only have positive examplesavailable.

utterance(play). shape(ring). colour(red). position(posO0).
utterance(colour). shape(star). colour(green).  position(posl).
utterance(shape). shape(flash). colour(blue).

utterance(both).

utterance(nothing).

Fig. 11. Type declarations for the game SNAP1.

Briey, progol 's searth can be descrited as follows. For ead positive ex-
ample, pr ogol initially generatesa most speci ¢ Horn clause,accordingto
the mode declarations. This clauseis further corntrasted with the remaining
examplesin the seart for a more generalformula capableof subsumingthe
examplesin the data set. An example of pr ogol 's output for the SNAP1
game (given mode and type declarationsas describted above) is presened in
Figure 12.

Formula (1) in Figure 12 shaws that pr ogol built the connectionbetween
the utterance play and the empty state. The variable Ain both the head(e.g.
action(play,A) ) and the body (e.g. state([],A) ) indicatesthat a general-
isation over time hasbeenmade; Arepresets an ungroundedtime state, i.e.
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(1) action(play,A) - state([],A).

(2) action(colour,A) .- state([[B,C,D],[E,C,F]],A ).
(3) action(shape,A) .- state([[B,C,D],[B,E,F]],A ).
(4) action(nothing,A) .- state([[B,C,D],[E,F,G]],A ).
(5) action(both,A) .- state([[B,C,D],[B,C,E]],A ).

Fig. 12. Unordered pr ogol output for the game SNAP1.

any time. Thus Formula (1) is interpreted as\if the table is empty at time A
then respond at time Awith the action of uttering play”. Formulae (2-5) shov
the ruleslearnedfor non-empty states,expressedising co-accurring variables
asargumerts to state/2 . E.g., in Formula (2), the repeatedvariable Cin the
secondposition in eat object's feature list encalesthe condition that two ob-
jects have the samecolourandthat the appropriate action is to utter \colour".

Note that the rules are unorderedand do not constitute a logic program that
correctly speci es the intended protocol. In Section 3.4, we discusshow an
inferenceengineorderstheserules.

The key motivation for our use of inductive logic programming is that the
generatedrules can be applied to situations newer seenbefore. For example,
the complete rules for SNAP1 may be learned without an examplein the
training data of the utterance \colour" after two red objects are in the scene;
it can generalisefrom the other examplesin the training data where\colour"
is uttered after two greenor two blue objects arein the sceneMoreover, if the
learning of object classi ers (for texture and colour) was allowed at run-time
(i.e. during "play mode'), then the rules learned could also be applicable to
objects and featuresnewer having beenseenat all during training.

3.3.2 Building equivalene classesof utterances

As mertioned in Section3.1.2,the method for utterance clusteringis proneto
cluster into more than the true number of clusters. Howewer, we are able to
usethe generalisationrules found by pr ogol to construct equivalenceclasses
among utterances. The procedurefor generatingequivalenceclasseds based
on the hypothesisthat rules with similar bodiesare related to equivalert ut-
terancesin the rule heads.There are many possibleways of de ning similarity
in logic programs[10], and an investigation of those is outside the scope of
this paper. As we shall seein Section4.2, in this work we useuni cation and
identit y of bodiesas our similarity measuresdbetweenclausebodies.

To construct equivalenceclasses,rstly , every pair of input ruleswhoseheads
are of the form action(utterance,time) are cheded for whether their bod-
ies are similar. Clauseswith empty bodies are discardedas they do not pro-
vide any evidencefor equivalence.Assumea transitiv e, re exive and symmet-
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ric binary relation equiv/2 de ned over utterances. Thus, for ewvery pair of
clauseheadswhosebodies are similar, a statemert equiv/2 is created (and
asserted) stating the hypothesisof equivalencebetweenthe utterancesin their
argumens. For instance,let action(utt _i,t _x) and action(utt _j,t _y) be
two clause heads with similar bodies, then the hypothesis of equivalence
between the utterances utt _i and utt _j is created and asserted as the
statement equiv(utt _i,utt _j) . For notational corvenience,we call atomic
formula, sud as equiv(utt _i,utt _j) , equivalene pairs. Two utterances
utt _i and utt _j are hypothesisedas being equivalent if the equivalencepair
equiv(utt _i,utt _j) appearsonce(or more) in the training examples . Fi-
nally, equivalenceclassesare created by taking the transitive closure of the
relation equiv/2 .

The processof building equivalenceclassescan be exemplied in the game
SNAP1 if we assumethat the audio clustering algorithm found many distinct
represemations for the sameutterances.For instance, supposethis algorithm
clusteredthe word \play" into 4 distinct classespamelyp_1, p_2, p_3 and p_4
and that pr ogol found the following four rules involving thesesymbols:

action(p _1,A) :
action(p _2,A) :
action(p _3,A) :
action(p 4,A) :

state([],A).
state([],A).
state([],A).
state([],A).

Therefore,the method for constructing equivalenceclassesuggestshat [p _1,

p-2, p-3, p-4] forms one classthat is pairwise disjoint with respect to the
classexombining the remainderof the utterances.In this casethe bodiesare
all trivially similar, asthey areidenrtical, but this neednot always be the case.

In this paper we are only obtaining equivalenceclassesf utterances,leaving
asidethe problem of over clusteringon learningthe modelsof visual objects. In
fact, the problemof over clusteringmodelsof perceptualobjects, in our setting,
is more evidert on the audio than on the visual domains. This is because
the visual represetation is invariant to variation in orientation and lighting,
whereasthere is little invariance in the audio represetation to variation in
pitch and dynamics(e.qg., the participant may get excited when winning or if
somethingunexpected happens).

6 The number of times that an equivalence pair is hypothesisedas equivalert in
the training examplescould be used as a measure of con dence on the equiva-
lencehypotheses thus providing a thresholding value for the inclusion of objects in
equivalenceclasses.This issue,however, is a matter for future researd.
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3.4 Inference enginefor agentbehaviour geneation

The symbolic protocols learned by pr ogol are usedby a Prolog program
as a set of rules usedto drive an interactive syrthetic agen that can par-
ticipate in its ervironmert. This set of rules is, prior to input to the agen,
automatically Itered and orderedaccordingto the following criteria. Ground
atomic formulae are kept at the beginning of the rule set (as initially given
by pr ogol ). Theseformulae will newver be selectedby the agen asthey have
their temporal variable instantiated to a very speci ¢ time point. Non-ground
atomic formulae are moved to the end of the data set, sincetheseare the most
generalrules (i.e. the action expressedn their headsis not constrainedto any
particular perceptualinput). Non-atomicruleswhosebodiesunify are ordered
from the onewith the most speci ¢ to the onewith most generalbody.

action(both,A) .- state([[B,C,D],[B,C,E]],A ).
action(shape,A) .- state([[B,C,D],[B,E,F]],A ).
action(colour,A) .- state([[B,C,D],[E,C,F]],A )
action(nothing,A) .- state([[B,C,D],[E,F,G]],A )
action(play,A) .- state([],A).

Fig. 13. Sorted pr ogol output for the gameSNAP1 corresponding to the unordered
output in Fig 12.

This ensuresthat more speci ¢ rules are red rst (otherwisethey would be
subsumedby more generalrules). This ensureghat rule 4 in Figure 12 (which
is satis ed for every perceptual input of two objects) is ordered after rules 2
and 3. It alsoensureghat rule 5 (the most speci c) is the rst rule. Figure 13
shows the result of ordering the ruleset of Figure 12. Further examplesare
given in Section 4. The remaining rules are kept in the order output from
progol . It is worth pointing out that progol ranks its output formulae
accordingto their predictive power and compressionwith respect to the data
set; therefore, rules at the bottom of the rule setare thosethat predict fewer
examplesthan those handled by the rules at the top. The former usually
represen idiosyncrasiesof the data and, dueto their positionsin the rule set,
may newer be selectedby Prolog. In addition to this, a cut is added as the
last conjunct of ead non-groundformula's body. This guararteesthat only a
singleaction will re at any time step.

The synthetic agen, loadedwith the learnedrules (orderedasabove), receiwes
input from the perceptualsystem,and outputs the inferred utterance through
a soundsynthesismodule. This module replays an audio clip of the appropriate
response(the oneclosestto the cluster certre), automatically extracted from
the training session.

For greater e ect, a visual waiting head (Figure 14) is displayed on a screen,
andin time with the replay of the audio clip, a correspnding facial movemen
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is made by the talking head. The video for this is captured with the audio of
the participant to be replacedby a syrthetic agen. The details of the video-
realistic waiting headis not the focus of our work, but it addsrealismto the
demonstration system’ .

As there is no robotic arm in the system,a human participant is required
to follow the instructions uttered by the syrthetic ager. Currently the agert
executesa single action generation per time step. This restriction, howewer,
might be relaxed without the needto changethe certral ideasof the system
presered above.

(a) training (b) playing

(c) waiting (d) talking

Fig. 14. Synthetic agert. (a) During training, the audio and video stream of a
participant are captured from microphone and webcam, objects are tracked by a
separatewebcam pointing at the table. (b) In the execution phase,the participant
no longer says anything, he follows the instructions of the interactive talking head
displayed on the screenand broadcastfrom the speakers. (c) Closeupof the waiting
headdisplayed on the screenin (b). (d) The headtalks by replaying the audio-video
stream assaiated with the inferred action.

’ Movies demonstrating the work of this paper, both the learning and execution
phasesare online at http://www.comp.leeds.ac.uk/vision/cogvis/
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4 Experiments and results

In this sectionwe presen someexperimertal resultsof applying the framework

for learning protocol behaviour on three gameplaying scenariogSection4.2).

The results are analysedusing an evaluation method (Section 4.1) basedon

verifying soundnessand completenesof the learnedrule setsof Section 3.3.

Note that the ordering constraints of Section 3.4 are not taken accoun of in

the learnedrule sets- they are just taken to be sets of de nite clauses.As

noted below, the experimertal results for completenessvould in somecases
be better if the ordering constrairts wereto be takeninto accoun. Informally,

the method provides the extert to which the given model is represeied in

the learnedrule set { soundnesy and the extert to which the predictions
of the learnedrule set agreewith the predictions of the model (for the same
perceptualinputs) { completenessTherefore,this method utilises logic-based
conceptsto provide a principled way of evaluating our system,which is one
of the reasonsfor choosinga synbolic learning tool within this framework.

4.1 Evaluation metha

In order to evaluate how well the protocol ruleswere learnedfrom noisy vision
data, we cortrast the ruleslearnedfrom eat datasetwith a hand-caded setof
formulae; thesehand coded rules can be understood asthe underlying seman-
tics of the game, i.e. they perfectly capture the protocol rules to be learned.
If perfect learning takesplace,then a logically equivalert set of rules should
be learnedfrom vision data. In practice, we are not worried about exactlog-
ical equivalence,but rather whether the sameactions would be performedin
identical circumstanceqthe learnedformulae might possiblyertail statemerts
involving the performanceof actions, and thus might not necessarilybe in the
hand coded set). Thereforewe want to evaluate both:

(1) on how many actionsthe learnedset agreeswith hand coded set; and
(2) on how many actionsthe hand coded set agreeswith learnedset.

Making an analogywith model theory for inferencesystems,we call the rst
condition soundnessasit chedks whether learned actions agreewith the se-
martics, i.e. whether the learnedrule set correctly predicts actions (given the
gold standard of the hand coded set). The secondcondition might be called
completenessasit chedks whether all the actions predicted by the semairtics
(under particular conditions) are similarly indicated in the learned rule set.
Formally, we can characterisetheseideasas follows.
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De nition:  Agreement between rule sets.

If X;Y:F Z impliesX;Y, F Z, thenY, agreeswith Y, on Z in situation
X.

De nition:  Total soundness and completeness of a learned rule set
with respect to a hand crafted rule set.

Let A be a set of formulae representing possibleactions (typically charac-
terised syntactically as atomic formulae formed by a distinguishal predi-
cate). Let H and L be two setsof formulae representingthe handcrafted and
learned rule setsrespectively. Let X representa symiwlic description of the
world at a giventime (i.e. a setof ground atomic formulae{ state, time,
successor, action { asillustrated in Figures9, 16 and 18).

If L agreeswith H on everyaction 2 A for all X, thenL is sound with
respect to H.

If H agreeswith L on everyaction 2 A for all X, thenL is complete
with respect to H.

Howewer, in practice, the data may be noisy and incomplete causingrules to
be missed, over-generalisedor mis-represeted. Therefore, we de ne partial
soundnessand completenesss follows.

De nition:  Partial soundness and completeness of a learned
rule set with respect to a hand crafted rule set.

Let A, H andL and X be as alove.

If L agreeswith H on a maximal subsetof actions A for someX, then
L is J!A—J.’ soundwith respect to H.

If H agreeswith L on a maximal subsetof actions A for someX, then
L is J!A—j‘ completewith respgct to H.

A setof three gamesare usedto shaw the performanceof our cognitive vision
system.The next sectiondescribesead gamein detail, presering typical out-
puts of the systemand discussingexperimertal resultsbasedon the evaluation
method above.

4.2 Experimental Evaluation

Experiment 1: SNAP1

This gamedemonstratesthe system'sability to generaliserules acrosspercep-
tual categoriesrather than grounding ead instance. SNAPL1 is a generalised
snap gamewhere two cards are played, followed by an utterance dependen
upon the state of the two cardswhich are either the \same", the same\colour"”,
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the same\shape" or \nothing". The cards are then removed, and \play" is
uttered indicating to play the next two cards.Figure 9 illustrates an example
sequenceof the game.For SNAP1, the learning processhas beencompleted
three times, ead time with a dataset cortaining 100 objects and 100 utter-
ances,equiwvalert to 50 rounds of the game.

Figure 15 preseits an exampleof a typical rule setoutput by the system.This
set shows that four distinct versionsof the utterance \play" (represemed by
the synmbolic labelsutt2 , utt3 , utt8 and utt9 ) were correctly learned;rules
for \same", \colour", \shape" and \nothing" (utt6 , uttl0 , uttl and utt4

respectively) were properly built, along with one sub-optimal rule (in terms
of compactnessyequired to explain utt7 which was placedasthe last rule in
the data set, accordingto the criteria discussedn Section3.4.

action(utt4,t65).

action(utt5,t198).

action(utt1,t237).

action(utt6,A) .- state([[B,C,D],[B,C,E]],A) :
action(utt10,A)  :- state([[B,C,D],[E,.C,F],A ).
action(utt1,A) - state([[B,C,D],[B,E,FI],A)
action(utt4,A) .- state([[B,C,D],[E,F,G]],A)
action(utt9,A)  :- state([],A).

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

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

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

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

Fig. 15. Sorted learnedrule set for SNAP1 run 1. Key to symbolic utterance labels:
\same" = utt6 , \colour" = uttl0 , \shape" = uttl , \nothing" = utt4 , \play" =
utt2 , utt3 , uttb , utt7 , utt8 , utt9 .

Game SoundnessCompleteness
SNAP1run 1| 1000% 714%
SNAP1 run 2| 1000% 88:8%
SNAP1 run 3| 60:0% 80:0%

Table 1
Results of the evaluation of the protocol rules learned from perceptual obsenation
of three runs of the game SNAPL1.

Table 1 presens the evaluation of three runs of SNAP1 accordingto the eval-
uation method introduced in Section4.1. Runs 1 and 2 are totally sound
(scored 100%for soundness)meaningthat ewery prediction made by the in-
tended semaric was alsoobtained by the learnedset for the sameperceptual
input. Both runs scoredlessthan 100%for completenesgi.e., 71.4%for run 1
and 88.8%for run 2) asidiosyncratic rules for \play" werefound. Theserules
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represeted that an action \play" should be valid at a time point t if, in the
previoustime point, there were any two objects on the table. Although this is
atrue fact in the domainin question, this rule doesnot represen the correct
protocol of producing the utterance \play" asit allows it to be pronounced
when the table is not empty.

Run 1 could not nd rules for \colour" or \same", thus scoring 60% with
respect to soundnessHowewer, 80% of the rules found could be mapped into
the intended semairtics. The misbehaviour of this experimert with respect
to soundnessnay be explainedby erroneousclustering of the colour feature,
which in our currert implemertation is unreliable.

Analysis of run 3 rewveals the sensitivity of progol to misclassi ed data.
We are learning from small amourts of data which is locally sparse,thus
a classi cation error may make up a signi cant amourt of the data used
to form a generalisation. This may seemvery fragile; howewer it is the be-
haviour that we should expect. SNAP1 run 3 cortains six examplesof two
objects having the samecolour and sametexture, and one of the sameshape
but dierent colours, followed ead time by the utterance \same". Pr ogol
generaliseghe rule action(same,A) :- state([[B,C,D],[B,E,F]],A ). |If
the single action (following a state in which colour is misclassi ed) is
removed from the training set, then SNAP1 run 3 would contain six ex-
amples of two objects having the same colour and same texture, followed
eadh time by the utterance \same", and pr ogol generaliseghe correct rule
action(same,A) :- state([[B,C,D],[B,C,E]],A)

The soundclustering of run 1 producedthree classedor \play", and oneclass
for ead of the other utterances. The method for constructing equivalence
classeqproposedin Section 3.3.2) usedidentity of bodies as similarity mea-
sure in this experimert. With this it was able to cluster two of the \play"

utterancesinto one single classleaving the remainder as classesconaining

one symbol (unary classe¥ In run 2 the systemfound the correct number
of equivalenceclassesnamely one classfor \play" cortaining v e dierent

instancesof this utterance, and unary classesfor the other words. In run 3
only unary equivalenceclassesvere obtained, while the expectedresult would
be one classfor the two utterances\nothing” and unary onesfor \shape",

\same", \colour" and \play".

Experiment 2: SNAP2

This gamedemonstratesthe system'sability to generaliserules acrosspercep-
tual categories,and introducesa temporal dependencyon the previous state.
SNAP2 is a variation of SNAP1 wherecardsare placedoneon top of another
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and the resulting utterance is dependen upon the card which is visible, and
the card at the previoustime step. An examplesequencef the gameis shovn
in Figure 16.For SNAP2, the learning processhasbeencompletedthree times,

eah time with a dataset cortaining 50 objects and 50 utterances, equivalen

to 50 rounds of the game.

state([[texO0,col

time(t430).

1, pos0] ], t430).

successor(t427,t  430).
bluering
\colour" state([[texl,col 1, pos0]], t434).
action(uttl,t434 ).
time(t434).
successor(t430,t 434).
blue lightning
\nothing"” state([[tex2,col 2, pos0]], t437).
action(utt4,t437 ).
time(t437).
successor(t434,t  437).
green star
\same" state([[tex2,col 2, pos0]], t441).
action(utt3,t441 ).
time(t441).
successor(t437,t  441).
green star
\shape” state([[tex2,col 0, posQ] ], t444).
action(utt7,t444 ).
time(t444).
successor(t441,t  444).
red star

Fig. 16. Example audio-visual inputs and corresponding symbolic data represena-

tion for the game SNAP2.
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action(utt11,t48).
action(utt12,t101).
action(utt8,t131).
action(utt8,t160).
action(utt8,t184).

action(utt11,t218).

action(utt6,t256).

action(utt3,A) .- state([[B,C,D]],A), successor(E,A),
state([[B,C,D]],E).

action(uttl,A) .- state([[B,C,D]],A), successor(E,A),
state([[F,C,D]],E).

action(utt5,A) .- state([[B,C,D]],A), successor(E,A),
state([[F,C,G]],E).

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

action(utt9,A) .- state([[B,C,D]],A), successor(E,A),
state([[B,F,D]],E).

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

action(utt4,A) - successor(B,A), state([[C,D,E]],B),

successor(F,B), state([[G,H,E]],F).
action(utt2,A).

Fig. 17. Sorted learnedrule set for SNAP2 run 1. Key to symbolic utterance labels:
\same" = utt3 , utt6 , utt9 , \colour" = uttl , utt5 , \shape" = utt2 , utt7 , uttll ,
\nothing" = utt4 , utt8 , uttl0 , uttl2 .

Game Soundness| Completeness
SNAP2run 1| 1000% 1000%
SNAP2run 2 | 1000% 71:4%
SNAP2 run 3 75.0% 1000%

Table 2
Results of the evaluation of the protocol rules learned from perceptual obsenation
of three runs of the game SNAP2.

Table 2 shaws the evaluation of the three runs of this gameaccordingto the
method describedin Section4.1. The resultsin run 1in SNAP2 show that our
systemcould learn a totally sound and completedata set for this game (see
Figure 17 for the rule set). Run 2 (not shavn) was 100%soundbut only 71.4%
complete, becauseone rule for \nothing" and one for \same" were mislead-
ing. Theseruleswere probably the result of systematicmisclassi cation of the
colour feature during the training period. Howeer, the sorting method (de-
scribed in Section3.4) placedboth of thesemisleadingrules at the end of the
rule set. Authentic rules for thesewords were thus higher ranked. Therefore,
the erroneousrules, in this case,do not jeopardisethe behaviour of the agen.
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Run 3 scored75% for soundnesssinceits learned set did not nd any rule
represeting the word \nothing". This was due to a lack of examplesabout
this utterance in the data set considered.

The sameequivalencecriteria usedin SNAP1 (identit y of bodies) wasassumed
in SNAP2. In run 1 of SNAP2, twelve utteranceswere clusteredby the audio
clustering method (four represeting \nothing"”, three \same", two \shape"

and two for \colour"); the equivalencemethod constructedthe correct equiv-
alenceclassfor \colour”, and found a classwith two (out of three) symbols
for same,the remainder were not found. The reasonfor missing elemerts in

equivalenceclassesgwven though the result was soundand complete,was due
to the fact that there were no useful rulesin the answer set for someof the

symbolsrepreseting the utterances.For example,action(utt6,t256)  in Fig-

ure 17 is the only rule cortaining utterance utté and it hasno body, so will

newer re. This usually occurswhenthe data set cortains a restricted number
of examplesabout these utterances. Therefore, the equivalence method did

not have enoughinformation to build the appropriate classes.This method

su ered from the sameproblem, in runs 2 and 3 of SNAP2.

Experiment 3: PSS- Paper, Scissors,Stone

This gamedemonstratesthe system'sability to ground utterance actionswith
setsof speci ¢ perceptual inputs. PSSis played by two players, eadh simul-
taneously selectingone of the object cardsthat are placedon the table. The
gameprotocol is asfollows. Utterances\play", \win", \lose" and \draw" are
spoken by the player to be replacedby a syrthetic agern. The action \win"

occurs when the object paper beats (wraps) the object stone, scissorsbeats
(cuts) paper, and stone beats (blunts) scissors.n this game,the position of
object cardsas well astheir texture is crucially important, sinceif the posi-
tion of the cardswas swapped then the resulting action would be altered from
\win" to \lose" or vice-versa.Figure 18illustrates an examplesequencef the
game, where the utterance is said by the player who placeshis card on the
right of the playing area;a typical output of the learning processis shown in
Figure 19.

For PSS, the learning processhasbeencompletedthree times, ead time with
a datasetcortaining 2000bjects and 200 utterances,equivalert to 100rounds
of the game. This is larger than the other games,sincea greater number of
rulesarebeinglearnedin this caselt isworth noting that if fewer examplesare
available, the whole processdoesnot fail completely but a partial description
of the protocol is learned. Table 3 preseits the results of three runs of PSS.

Runs 1 and 2 wereboth totally soundand (approximately) 88%complete.The
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reasonwhy they arenot totally completeis dueto occasionalmisclassi cation's
of visual objects, causingmisleadingformulae to be generalisedrom the data
sets. Poor results were obtained for soundnessn run 3 sincenoneof the rules
represeting \lose" were constructed. This was due to the fact that only one
classfor the utterance \lose" was obtained by the audio clustering algorithm
and this happenedto occur in the head of a idiosyncratic rule in the learned

set.

\win" state([[tex2,col 0, posO] ,[ tex 0, col 1, posl]], t364).
action(utto,t364 ).
time(t364).
successor(t360,t 364).
stone and paper
\play"” state([],t368).
action(utt8,t368 ).
time(t368).
successor(t364,t  368).
empty table
\lose" state([[tex0,col 1, pos0] [ tex 2, col 0, posl]], t370).
action(utt13,t37  0).
time(t370).
successor(t368,t 370).
paper and stone
\play"” state([],t374).
action(utt2,t374 ).
time(t374).
successor(t370,t 374).
empty table
\draw" state([[tex1,col 1, pos0],[ tex 1, col 1, posl]], t377).

action(utt1,t377
time(t377).
successor(t374,t

)-

377).
scissorsand scissors

Fig. 18. Example audio-visual inputs and corresponding symbolic data represerta-

tion for the game PSS.
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action(utt13,t29  4).

action(utt13,t45  8).

action(utt1l,t46  2).

action(utt9,A) .- state([[tex2,B,  pos0O],[ tex 0, B,posl1]] ,A).
action(utt13,A) .- state([[tex1,B,po  s0], [te x0,B, posl]], A).
action(utt9,A) state([[tex1,B,  posO],[ tex 2, C,posl]] ,A).
action(utt1,A) state([[tex1,B,  posO],[ tex 1, C,posl]] ,A).
action(utt3,A) state([[tex0,B,  posO],[ tex 1, C,posl]] ,A).

action(utt11,A) .- state([[tex2,B,po  s0], [te x1,C, posl]], A).
action(uttl1,A) - state([[tex2,B, posO] [ tex 2, C,posl]] ,A).
action(uttl1,A) .- state([[tex0,B, posO0],[ tex 0, C,posl]] ,A).
action(utt11,A) .- state([[tex0,B,po  s0], [te x2,C, posl]], A).
action(utt3,A) - state([[tex2,B, posO0],[ tex 0, C,posl]] ,A).
action(utt7,A) - state([[tex2,B, posO0],[ tex 0, C,posl]] ,A).
action(utt7,A) .- state([[tex1,B, pos0] [ tex 2, C,posl]] ,A).
action(utt11,A) .- state([[tex1,B,po  s0], [te x0,C, posl]], A).
action(utt9,A) .- state([[tex0,B, posO] [ tex 1, C,posl]] ,A).
action(utt7,A) - state([[tex0,B, posO] [ tex 1, C,posl]] ,A).

action(utt13,A)
action(utt13,A)

state([[tex0,B,po  s0], [te x2,C, posl]], A).
state([[tex2,B,po  s0], [te x1,C, posl]], A).

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

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

action(utt14,A) - state([],A).

action(utt5,A) - state([],A).

action(utt6,A) - state([],A).

action(utt12,A) - state([],A).

action(uttl0,A)  :- successor(B,A), state([[tex2,C, posO],[ tex 0, C,pos1]],B ).
action(utt5,A)  :- successor(B,A), state([[tex0,C,p  0s0], [t ex2,D,pos1]] ,B).
action(utt12,A)  :- successor(B,A), state([tex1,C, pos0],[ tex 2, D,pos1]],B ).
action(utt4,A).

Fig. 19. Sorted learned rule set for PSSrun 1. Key to symbolic labels: \win" =
utt3 , utt7 , utt9 , \lose" = uttll , uttl3 , \draw" = uttl , \play" = utt2 , utt4 ,
utts , utté , utt8 , uttlO , uttl2 , uttld , paper = texO, scissors= texl, stone =
tex2.

Game Soundness| Completeness
PSSrun 1| 1000% 88:5%
PSSrun 2 1000% 88:8%
PSSrun 3 75.0% 76:9%

Table 3
Results of the evaluation of the protocol rules learned from perceptual obsenation
of three runs of the game PSS.

In PSS we useterm uni cation as our equivalencecriteria. In run 1, from
the 14 clusters represeting the four utterancesin this game, our method
for hypothesisingequivalencesfound v e distinct classesThe three di erent
represemations of the utterance \win" and the two for \lose" wereaccurately
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combined into two distinct classesSix out of the eight symbols represeting
the word \play" whereclusteredinto oneclass.The singlesymbol represeting
\draw" occupiedan unary class.Two synmbolsfor \play" aremissingfrom their
relative equivalenceclassasthey occurredin the head of idiosyncratic rules.
The exact number of equivalenceclassesvere built for run 2, the four distinct
versionsof \play" and the two for \win" were joined into two distinct classes.
The single\lose" and \draw" were assignedtwo unary classesThis method
presened the sameaccuracywhen applied to run 3.

In summary from the experimerts reported in this sectionwe can conclude
that our systemcould learn correct protocols from noisy visual data, as ex-
pressedoy the many 100%soundnessesultsshavn in Tablesl, 2 and 3. Even
in situations whererules for someitems in the protocol were not found, our
systemwasableto construct a partial descriptionof behaviour that allowsthe
agern to behave suitably given appropriate perceptualinput. Most of the par-
tial results for completenesslo not jeopardisethe actuation of the syrnthetic
agern asthe idiosyncratic rules obtained were, in general,occupying the end
of the rule setasdictated by our sorting procedure(described in Section3.4).
The ordering procedure, howeer, has a palliative e ect, asthe causeof id-
iosyncratic rules residesin the occasionalerroneousclustering of the colour
feature and the generalisationof irrelevant facts from the data sets.A defacto
solution for theseissuesis related to the integration of a more robust camera
apparatus in our setting and the dewlopmen of methods, within ILP, for
choosingthe most relevant formulae from a set of generalisingrules.

The proposed method for building equivalence classesproduced the exact
number of classesfor the game PSS, howewer it did not behave with the
sameaccuracyin the SNAP1 and SNAP2 experimerts. The reasonfor this
di erence in accuracyof the results for PSSand the SNAP gamesresidesin
the fact that the protocols obtained for the SNAP gamesinvolve only free
variablesin the body of the rules represeting them, whereasrule bodies for
PSS are composedof ground atoms. Therefore, similarity betweenbodiesin
the latter wastrivially de ned asequality. Howewer, we had to useuni cation
as similarity measurefor the SNAP games,which resulted in a poorer set
of equivalenceclasseshan those obtained for PSS. Further researb should
concertrate on the dewelopmer of appropriate similarity measuresn order to
overcomethis problem.

5 Discussion

In this section we discussthe main pitfalls faced during the dewelopmen of
the researt reported in the presen paper. This discussionfollows the order
in which information is processedthrough the system,i.e., from attention
medanismsto synbolic learning of protocol behaviours.
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The attention medanismsused have beenrobust for our scenario.Very oc-
casionally an utterance may be missedif spoken very softly, and it works in
environmerts in which there is noisein the badkground. On the visual side,the
attention medanism basedon motion followed by a number of static frames
works 100%of the time unlessobjects are placedin the scenevery quickly (if
motion lasts for lessthan 3 frames(< 0:5 seconds)).

Oncefeatureshave beenextracted from interesting objects and sounds,cortin-

uousunsupervisedmethods are usedto cluster the data items. It may appear
that we are using simple objects and few words; howeer, the main purpose
of this work is to create a syrthetic agert which integrateslearning at both

perceptual and task levels, with as few (general) assumptionsas possible. It

would betrivial to classifymore complexobjects than thoseusedin this paper
in a perfectway, using a supervisedclassi er and speci ¢ feature descriptors
or model basedapproad. Howeer, classifyinga number of examplesinto an
unknown number of classedn an unsupervisedmanneris an open problem.

The ideaspresetted treat video and audio in largely the sameway; i.e., asan

input signal from which interesting perceptual objects are extracted and clus-
tered. Presettly, only oneclusteringis used.We could form se\eral clusterings
and choosethe onethat works bestin the cortext, i.e. use symbolic reason-
ing to decidewhich clusteringis best, basedon the protocolsit canlearn. We
would alsolike to explorefeedingbad information from the symbolic learning
phase,in order to re-label the classego which eat perceptual object belongs
basedon the cortext of the learned protocol. This would allow classi ers to

be re-learnedusing the new labels as supervision.

The main limitation of the vision systempresetted is reliable colour classi -
cation. We are using inexpensiwe U.S.B. webcams,which struggle to capture
colour well enoughto easily distinguish di erent coloured objects. This has
led to a large number of misclassi cationsof the coloursof objects. However,
it has allowed us to investigate how the system behaves in the presenceof
noise.In situations when examplesare locally sparse(e.g. whenthere are few
examplesof a particular utterance), then pr ogol tendsto over-generalisghe
data, particularly if noisy examplesare presen. This is understandable,and
generally pr ogol dces learn rules of the right speci city from very few ex-
amples(in SNAP2 run 1 soundand completerules are learnedfor the game
where, on average,eat utterance classhasonly four examples!).

The useof progol for inductive logic programming has allowed the formu-
lation of protocol models from positive only examples In summary it has
learnedprotocolsthat:

generalisetemporal sequence®f state obsenations;
generaliseequality of perceptual classesf objects;

ground synbols to perceptual objects autonomously;

can be usedby a syrthetic agert to interact with its ervironmert.
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Learning complex temporal dependency in the protocols is, perhaps, the
next step of dewvelopmen of this researb. The presem work assumesthe
successor 8 predicate as the only temporal relation of interest. This should
be extendedto include a range of temporal relations, which would allow a
greater range of scenariosto be captured. McCallum's work on Nearest Se-
guenceMemory [24]in instance-basedtate identi cation may be a usefulway
to proceedin orderto capture variable length temporal dependenciesbetween
states.

The complexity of the symbolic learning task would be reducedif negative
exampleswere supplied, constraining the seart space.We have not wanted
to incorporate supervision into our framework, which would be necessaryif
we choseto learn from negative aswell as positive examples.

The symbolic protocolslearnedwere usedto construct accuratesetsof equiv-
alence classesamong over-clustered sets of utterance symbols. The criteria
for deciding which elemens should be included in ead classwas basedon
user-de ned similarity criteria betweenformulae bodies. The dewelopmert of
automatic proceduresfor choosingsud criteria is subject of current researab.

5.1 Future work

There are many ways that this work may be extended.Outside of the game
playing scenariospresened, it would be of more interest to generalisethe ap-
proad to human behaviour in trac scenesand sporting activities, wherethe
learning task is likely to be more challenging. It may alsobe possibleto learn
from obsenation in industrial inspection tasks to acceptor reject industrial
parts basedon unsupervised learning of perceptual categoriesand symbolic
models learned using ILP. In all of these examples,particularly interesting
points include dealing with:

higher (and variable) order temporal models;
when the actionsthat we wish to learn are not only groundedto both the
preser and previousstates , but alsoto the action at the previoustime-
step;
scenariosinvolving a large number of rules;
stochastic actions, when a non-deterministic choice can be made;
incremertal learning:
learning from all the information seensofar, and adapting the modelsas
more examplesare seen;
multi-stage learning, where conceptssud as orderings are incorporated

8 This doesnot speci cally precludehigher 15 order temporal models, but it makes
their formulation unlikely.
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in the form of badkground knowledgegainedin a previouslearning phase
from perceptual obsenation;
a richer languagestructure, within a similar framework.

We would like to proposea gameof greater ‘complexity' than those presered
in this paper (but feasibleto be solved by our approad), and discussthe
adaptations that our framework should incur in order to learn the protocols
of this and other scenarioswhere similar behaviours are presen.

The gameof "play your cardsright', playedon someTV shows, involvesa pacdk
of playing cards,a sequence®f which arelaid in arow facedown. The rst card
is turned over, and basedon the value of this card the contestant hasto say
\higher" or\lower". Then the next card is turned over, the cortestarnt \loses"
if they werewrong, or cortinuesin the gamesaying \higher" or \lower" until
the nal card, when if they correctly guess\higher" or \lower", then they
\win".

With the aim of learning the protocol of the gamefor an autonomousagen,
this gameencompassea number of interesting challenges:

the actions (utterances)that we wish to learn are not only groundedto both
the presen and previousstate , but alsoto the action at the previoustime-
step;

the number of rulesis large; even if only v e valuesof cardsare usedthen
mary rules are necessary;

stochastic actions exist; if the middle value card is turned over, then there
is no singlecorrect protocol to follow - a stochastic choice of either \higher"

or \lower" must be made (in fact the action is strictly non-deterministic
always).

incorporating conceptssud as the ordering of the cards, in the form of
badkground knowledgefrom a previouslearning phasefrom perceptual ob-
senation.

This gamemay alsoseemto be simple, yet a number of badkground concepts
are neededto tackle it. Sensibleapproadesthat we should consider,include
the dewelopmen of anincremernal learning systemallowing the agert to learn
the protocol while experimerting with it. This learning system should also
seart for abstract formulae that could encompassasic mathematical con-
ceptsabout the domainto be fed bad into the learning processasbadground
knowledge.Preliminary resultsin this direction were reported in [36]. An en-
gine for interpreting stochastic actions should also be deweloped to handle
caseswere multiple, distinct, actions are possiblefrom the same perceptual
input. Researh into the dewelopmen of sud an engineis well under way.

36



6 Conclusion

Completely unsupervisedlearning of rules of behaviour from obsenation is a
crucial issuein the dewelopmen of fully autonomousageris that areableto act
appropriately in the real world, including interacting with other individuals.

We have preseted a novel approad for learning protocol behaviours from
perceptual obsenation that incorporates computer vision, audio processing
and symbolic learning methods. The results obtained on learning the proto-
cols of simple table-top gamesshawv that this systemis able to successfully
learn perceptual classesand rules of behaviours from real world audio-visual
data in an autonomousmanner. Through selectingsimple componerts (e.g.for
acousticprocessing) we have beenableto focuson the potertial for construc-
tive interaction betweenthesecomponerts. For example,the ability to resohe
failings in sound categorisationthrough examining induced rule-setswas an
unexpected nding that may not have surfacedhad we useda more sophisti-
catedacousticprocessoifrom the start. Progressiely scalingthis approad to
more complex gamesin order to read the level of interactions between any
number of agerts in any ervironmert is a challengefor future investigations.
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