
Proto cols from perceptual observ ations

Chris J. Needham� , Paulo E. Santos1, Derek R. Magee,
Vincent Devin 2, David C. Hogg and Anthony G. Cohn

School of Computing, University of Leeds, Leeds, LS2 9JT, UK.

Abstract

This paper presents a cognitive vision system capable of autonomously learning
protocolsfrom perceptualobservations of dynamic scenes.The work is motivated by
the aim of creating a synthetic agent that canobservea scenecontaining interactions
between unknown objects and agents, and learn models of these su�cien t to act
in accordancewith the implicit protocols present in the scene.Discrete concepts
(utterancesand object properties), and temporal protocolsinvolving theseconcepts,
are learned in an unsupervisedmanner from continuous sensorinput alone. Crucial
to this learning processare methods for spatio-temporal attention applied to the
audio and visual sensordata. These identify subsetsof the sensordata relating to
discreteconcepts.Clustering within continuousfeature spacesis usedto learn object
property and utterance models from processedsensor data, forming a symbolic
description. The pr ogol Inductiv eLogic Programming systemis subsequently used
to learn symbolic modelsof the temporal protocolspresented in the presenceof noise
and over-representation in the symbolic data input to it. The models learned are
used to drive a synthetic agent that can interact with the world in a semi-natural
way. The system has beenevaluated in the domain of table-top gameplaying and
has beenshown to be successfulat learning protocol behaviours in such real-world
audio-visual environments.
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1 In tro duction

This paper presents a cognitive vision systemcapableof autonomouslylearn-
ing protocols involving rudimentary languageand visual objects. In this sys-
tem, modelsof visual objects and utterancesare obtained from unsupervised
statistical learningalgorithms. In order to form symbolic data for input into an
inductive logic programming (ILP) system,the continuous perceptual obser-
vations are transformedusingthe modelslearned.Perceptualobservations are
taken to 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 brought about by an action. The
ILP systemis usedto construct setsof de�nite clausesthat expressrulesof be-
haviour for the perceived actions from the symbolic description of the scenes.
In particular, the protocolslearnedencode 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 symbol grounding prob-
lem [15]. The setsof de�nite clausesobtained are further usedby a synthetic
agent to perform actions in the world. Therefore, in this work we explore
closingthe loop betweenlearning the connectionbetweenperception and ac-
tion via bridging the gap between computer vision, pattern recognition and
symbolic knowledgediscovery.

The framework presented below is evaluated in the domainof simpletable-top
games.In this domain the systemwasable to learn completeprotocolsfor the
rulesof the games,whendi�erent verbal utterancesaremadeand alsosomeas-
pectsof the dynamicsinvolved in playing the game(for instance,whenobjects
should be placedon the table). The entire learning processis executedwith
minimal human intervention and assumesminimal domain speci�c knowledge
of the scenesor of gameconcepts.In earlier work [22], we demonstratedthat
the sameapproach is capableof learning simple mathematical conceptssuch
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 such scenariosis
that gamescontain rich protocolsand their `complexity' can be controlled by
adding, excluding or modifying rules, actions and/or objects in the domain.
Moreover, it may be arguedthat many real-world social-interaction scenarios
may be modelled as games[14], which suggeststhat our framework may be
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relevant to the development of a fully autonomoussystem that could learn
how to behave in the real world.

Experimental data is collectedusing two standard PCs, two webcams,and a
microphone in the arrangement shown in Figure 1. The gamesused in this
work are described in greater detail in Section4. Brie
y , the following three
gamesare played:

(1) SNAP1. A generalisedgameof snap where two cards are played simul-
taneously, followed by an utterance dependent upon the �gures on the
cards. The utterancesare either \colour" (when only the colours in the
�gures are the same),\shape" (when only the shapes in the �gures are
the same), \same" (when shape and colour match) or \nothing" (if no
feature in the �gures match to each other). The cardsare removed, and
\pla y" is then uttered indicating to play the next two cards.

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

(3) Paper-scissors-stone(PSS). Played with two setsof three cardseach de-
picting oneof paper, scissorsor stone.Two playerssimultaneouslyselect
one of the object cards and place them on the table. When the two �g-
ures in the cardsare perceived, utterances\win", \lose" and \dra w" are
spoken by one of the players (the one to be simulated by the synthetic
agent). This player says \win" when its card beats the oneshown by the
other player - paper beats (wraps) stone, scissorsbeats (cuts) paper, and
stonebeats (blunts) scissors. A \pla y" is uttered when there are no cards
on the table.

Fig. 1. Example of the data collection phase.A gameis played on the table between
two players. One camera points 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.
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1.2 Overview

An overview of the framework is illustrated in Figure 2. Firstly, attention
mechanismsarenecessaryto pick out salient (interesting) sounds,objects and
featuresfrom the audio and visual input streamsobtained in a setup similar
to that shown in Figure 1.

Fig. 2. Overview of the learning framework for the synthetic agent.

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

� In the training (or learning) phase,the synthetic agent observesthe world,
without participating. In this phase,class induction is performed on the
blobs and soundsthat are perceived, and classmodels are formed, which
are usedfor classi�cation of all the perceptual objects that have beenseen
in training. Theseare usedto form a symbolic data description of the input
signals.Protocol induction is then performedon this symbolic data stream,
from which a set of protocol models (or rules) is formed.

� In the execution (or play) phase,the synthetic agent participates in games
using the learnedprotocol models.An inferenceengineis usedfor protocol
instantiation to infer the synthetic agent's (vocal) responseto the current
symbolic description of the world.

We assumeno knowledgeabout the type of objects or soundspresented to
the system.Therefore, unsupervisedclustering of both the audio and visual
feature vectors is performed. Models are learned, basedon this clustering,
which can classifythe perceptual inputs into classes.This providesa symbolic
description of the input signals.

Protocol models are represented as orderedsetsof de�nite clausesexpressed
in Prolog syntax. This provides the necessary
exibilit y to represent the re-
lations betweenobjects and actions that we require. Others have previously
demonstratedthe utilit y of (subsetsof) �rst-order predicatelogic in high-level
sceneinterpretation (e.g. Neumannand Weiss[30]).
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Inductive Logic Programming (ILP) in the form of pr ogol [28] is used for
protocol induction. The reasonfor choosing pr ogol residesin its capabil-
it y to construct theories from only (possibly noisy) positive examples.This
coincideswith our aim to learn protocol behaviour from observation in an un-
supervisedway. Moreover, ILP enablesconcept generalisation (e.g. to extend
rules learned from observation of certain objects to unseenentities) and for
the knowledge learned to be presented in a format that allows us to assess
its `complexity' and accuracy, besidesserving as tools for further reasoning
- the symbolic theories obtained are used in this work to construct equiva-
lenceclassesbetweenutterancesin order to cope with over-clustering of the
utterancesin the audio signal.

Once learning is complete, the synthetic agent can processthe perceptual
inputs and infer the appropriate action response to the state of the world
in real-time. The interactive agent grounds learned perceptual models and
learnedprotocols to descriptionsof objects in the real world, and plays back
a suitable utterance.

The experiments reported in this paper are evaluated using new de�nitions
of soundnessand completenessthat are inspired by their homonyms usedto
assessthe semantics of inferencesystems.Soundnessaccounts for the extent to
which the intended protocol (intended semantics) is represented by the rules
obtained. In contrast, completenessmeasureshow many of the rules found do
not agreewith the intended semantics.

The remainder of this paper is structured as follows: Section 2 reviews pre-
vious work on learning from audio-visual input. Section3 details the system,
discussingthe application of the ideaspresented above.Section4 describesthe
methods usedfor evaluation, beforepresenting the experiments and results in
detail. Discussionof our approach is presented in Section 5 alongsidefuture
research directions, beforeconclusionsare 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 been to design a su�cien tly 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
sequencesdepicting tra�c scenesand natural languagedescriptionsof those
scenes.More recently, Siskind has proposedthe useof an event logic to map
from visual input to singlemotion verbssuch aspick up, stackand move[38].
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A key issuehas been the scalability of conceptual frameworks designedby
hand to go beyond a prototype domain. This has motivated the useof learn-
ing proceduresto populate a conceptual framework automatically through
generalisation from extended observation of a target audio-visual (or lan-
guage+visual) domain. Cangelosiand Parisi [6] adopt this approach within
a perception-action setting in which visual input and a languagecommand
together determinean action such as the movement of a robotic arm. By rep-
resenting this mapping asa feed-forward neural network, a standard learning
procedureis usedto set the 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 using an EM algorithm and can subsequently
be usedfor variouspurposesthrough probabilistic inference,for examplegen-
erating the conditional distribution for the nameof a given region.

Roy and Pentland [35] demonstrate the use of mutual information between
audio and video streamsto segment words from a corpuscontaining phoneme
sequencesassociatedwith simultaneousvisual situations. The corpusis a video
and sound recording of care-givers interacting with infants playing with a
variety of objects. The system works from raw speech utterances and pro-
ducesphonemesequencesusinga trained recurrent neural network and hidden
Markov model.

Our work addressesthe generalproblemof unsupervisedlearningof 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 unsupervised learning. With
few exceptions(e.g. Roy and Pentland [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 unsupervisedlearning too few classesaregenerated,it will be impos-
sibleto learnstructural conceptsthat dependon a morere�ned categorisation.
If too many classesare generatedand this is uncorrected,redundant concepts
will be generatedwhich although identical in structure involve distinguished
but semantically equivalent objects - this will impedelearning as training ex-
ampleswill be required for each separateinstance.A related problem is the
misclassi�cation of objects.

Within a learning context, earlier work integrating languagewith vision has
addresseda number of audio-visualtasksinvolving di�erent levelsof language
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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] addressesthe task of describing objects using noun phraseswhich op-
tionally contain a shorter constituent noun phrase(e.g. the pink square;the
greenrectanglebelow the peach rectangle). From word sequencessegmented
from the acousticsignal,the joint probability distribution of consecutive words
(bigrams) is estimated from relative frequenciesand usedin turn to generate
legalutterancesdescribingnovel visual situations. This bigram model is equiv-
alent to a stochastic regular grammar and could in principle be extendedto a
higher order languagemodel using insteada stochastic context freegrammar,
although learning the grammar rules would then be more challenging.

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

One way forward for the learning paradigm is to adopt a representational for-
malism that is su�cien tly powerful to model the conceptsof a target domain,
such as the event logic usedby Fern et al. [11], and then attempt to learn the
necessarybackground knowledgeconnectinglanguageand vision within this
formalism. In our work, we have adopted logic programsexpressedin Prolog
syntax as our high-level formalism, and inverseentailment embodied in the
pr ogol systemas the learning procedure.A limitation of Prolog in this con-
text is the absenceof a mechanism for representing uncertainty, for example
in the spatial relationship betweentwo objects or the action taken in a given
situation. Recent proposals for combining predicate logic with probabilistic
inferencecould overcomethis limitation, assumingequivalent inductive infer-
enceprocedurescan be developed [33]. For example,Markov networks have
beenusedsuccessfullyfor learning and reasoningabout spatial and temporal
uncertainties in physical situations that can be represented 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,such as thosethat are
currently hand-crafted(e.g. Nagel [29]).
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3 Learning perceptual categories and symbolic proto cols

In this section we present the details of our implemented system, whereby
models of visual objects and utterances,as well as a symbolic description of
the protocol, are learnedin a purely unsupervisedmanner.Figure 3 illustrates
the overall learning scheme.

Fig. 3. Overview of the learning framework.

3.1 From continuous to symbolic data

Video streams of dynamic scenescontain huge quantities of data, much of
which may be irrelevant to scenelearning and interpretation. An attention
mechanism is required to identify `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. Such 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 mechanism for learning and
interpretation in all scenarios.It is our view that attention from multiple
cuesis required for fully generic learning. This section details the attention
mechanisms used to segment the continuous audio and video streams, and
describesthe algorithms usedto classifythe featuresextracted from the input
signals in order to create symbolic data for protocol learning. Our aim has
beento develop methods that are su�cien tly robust to handle environments
outside the laboratory.

3.1.1 Attention, learning and classi�cation for visual objects

For our implementation in the game-playing domain, an attention mechanism
which can identify salient areasof spaceand time is necessary. We have cho-
sen motion as it is straight-forward to work with. The spatial aspect of our
attention mechanismis basedaround a genericblob tracker [23] that works on

8



the principle of multi-modal (Gaussianmixture) background modelling, and
foregroundpixel grouping. This identi�es the centroid location, bounding box
and pixel segmentation of any separablemoving object in the scenein each
frame of the video sequence.The temporal aspect of our attention mechanism
identi�es key-frameswhere there is qualitativ ely zero motion for a number
of frames(typically three), which are precededby a number of frames(typ-
ically three) containing signi�cant motion. Motion is de�ned as a changein
any object's centroid or boundingbox above a thresholdvalue(three standard
deviationsof tracker positional noise,typically �v e pixels in our experiments).
This method for temporal attention is basedon the domain limiting assump-
tion that all objects remain motionlessfollowing a changein state (and that
the processof change itself is not important). Figure 4 shows an example
sequenceof key-framesidenti�ed by the attention mechanism.

Fig. 4. Sequenceof key-framesidenti�ed by the spatio-temporal attention mecha-
nism. Intermediate frameswhere the objects are in motion, or subsequently remain
stationary, are �ltered out by the attention mechanism.

Featuresof the objects identi�ed by the blob tracker (at the key-framesiden-
ti�ed by the attention mechanism) are extracted and clustered. Currently
three groupsof featuresare extracted, corresponding to the attributes of tex-
ture, colour and position. The texture feature is usedto classifyglobal shape
(e.g. a star) in addition to conventional textures. The remainder of this sec-
tion discussesthe methods usedfor unsupervisedclustering and formation of
classi�ers for high dimensionalfeature vectors,describingcolour and texture,
which could indeedbeapplied to many other featuresthat wemay wish to use,
for exampleglobal shape, local shape, or local textures. For our experiments,
position is divided into two classes:pos0 for objects on the left of the image,
and pos1 for objects on the right of the image.This hasbeendonefor simplic-
it y (as it su�ces for the domains in question and demonstratesthat spatial
position may be incorporated in the subsequent symbolic learning process).
Position could be learnedin a similar way to the other groupsof features.

Rotationally invariant texture features

The texture featureset usedin this paper wasbasedon the Gabor wavelet [9]
and other convolution basedtextural descriptions(Figure 5). Thesewere ap-
plied at the object centroid provided by the object tracker, to form a 94dimen-
sionalfeaturevector.To makethesefeaturesrotationally invariant (wherethey
werenot already) setsof featuresat multiple orientations wereapplied to the
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imagesand the statistics (mean,minimum, maximum andmaximum/mean) of
thesefeaturesub-setsusedasthe featuredescription, rather than the raw val-
ues.The featuresusedwere:Gabor wavelets(variousscales),equalcovariance
Gaussians(various scales),non-equal covariance Gaussians(various scales)
and polar wavelet-like featuresde�ned by convolution masksof the form:

K (r; � ) = G(r; � )sin(K 1� + K 2); (1)

wherer is the distanceof a pixel in the mask from the object centroid, � the
anglethat a line from the object centroid to a pixel in the masksubtendswith
the horizontal axis, G(r; � ) is a Gaussiandistribution with standard deviation
� (centred on the object centroid), K 1 relatesto angular frequency(K 1 = 1; 2
or 4 in our experiments) and K 2 relatesto the �lter orientation (typically four
valuesof K 2 werechosenin order to form a bank of �lters). Convolution kernels
of the form in Equation 1 were applied at various scales(by altering � ). The
scaleschosenfor all feature descriptor typeswereselectedas(approximately)
evenly distributed betweensensiblelimits, so as to be asgeneralas possible.

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

Colour features

The colour feature set usedin this paper consistsof the bins of a 5 � 5 Hue-
Saturation (HS) colour histogram. The blob tracker usedaspart of the atten-
tion mechanism providesa binary pixel maskde�ning the pixels belongingto
each object identi�ed. The (RGB) colour valuesof each of thesepixel is pro-
jected into Hue-Saturation-Intensity (HSI) colour-space[39] and the Hue and
Saturation (Intensity independent) dimensionsof this spaceused to build a
2D histogram of the object pixel colour distribution. Each dimensionis quan-
tised into 5 levels (a compromisebetweenthe generality and speci�cit y of the
representation) to give a histogram with 25 bins (used as a 25 dimensional
feature description).

Clustering and feature selection

For each attribute (texture/colour) wewish to form clustersof featuresvectors
which de�ne the di�erent classesdenotedby attribute labels.Sinceour system
hasno knowledgeof which classeach feature description belongsto, an unsu-
pervisedclustering approach must be taken. There are a number of methods
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in the literature for unsupervisedclustering such asK-means[13], agglomera-
tive methods [1,37]and graph partitioning basedmethods [18]. Such methods
generallywork by associating similar data items in an n-dimensionalfeature
space.All features are used in this clustering processand feature selection
is usually seenas a supervised pre-processingstep (if performed at all). An
alternative approach is to combine the results of multiple clusterings(either
multiple methods on a single feature set or a singlemethod on multiple data
sets) [40].

In the high dimensional feature vectors (texture responsesfrom a variety of
convolution masksandcolourhistogrambins), only a subsetof the featureswill
be important in the task of classifyingthe visual objects. More importantly,
di�erent descriptorswill be important in di�erent scenarios,depending upon
the visual objectsused.It is for this reasonthat a variety of textural descriptors
are usedto form the 94 dimensionaltexture feature vector. We usea feature
selection method based on agreement between features to select the most
important. Firstly, clustering is performed independently in each dimension
of the feature space(1D sub-spaces)in order to induce Nc clusteringsof the
feature vectors. Theseclusteringsare 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 each sub-space,based loosely on that
presented in [1]. To beginwith, the data in each sub-spaceis normalisedsothat
it has zeromeanand unit standard deviation. This is performedso the same
stopping criterion (below) for the sub-spaceclustering can be applied across
all sub-spaces.Onecluster per data item is initialised. For all cluster pairs Ci ,
Cj (containing N i and N j members respectively) we calculate D(Ci ; Cj ): the
meandistancebetweeneach member of Ci and each member of Cj .

D(Ci ; Cj ) =
1

N i N j

X

s2 Ci

X

t2 Cj

js � tj (2)

Iterativ ely the closest two clusters Ci and Cj are merged whilst
min(D(Ci ; Cj )) < T, where T is a �xed threshold. The value of T = K

p
d,

where d is the dimensionality of the sub-space(i.e. 1) and K is a constant
(1 in all our experiments). This agglomerative clustering is performedon all
1D sub-spacesand the results of theseclusteringsare combined 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 graph is formedwherethe vertices(unweighted) represent data items
and the (weighted) edgesrepresent the similarity betweenpairs of data items.
Similarity is measuredas the number of times the pair of data items occur in
the samecluster over all sub-spaceclusterings.This graph is then partitioned
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using a graph partitioning algorithm such as [18]3 . Such algorithms attempt
to form a set of sub-graphs,such that the edgecut required is minimised.
This is an NP completeproblem; however 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 as the sum of the weights relating
to each sub-spacein which data items occur in the samecluster (Equation 3).
In this way the relative importance of the individual features in our feature
description can be weighted:

EdgeWeight(Va; Vb) =
P N c

c=1 WcSc(Va; Vb)
P N c

c=1 Wc
(3)

where Wc is the weight associated with clustering c and Sc(Va; Vb) is 1 if
the data items relating to vertices Va and Vb are contained within the same
cluster for clusteringc, and0 otherwise.Nc is the number of clusteringsused.It
shouldbenoted that the denominatoris simply a constant and, assuch, hasno
e�ect on the clusteringproduced.However, the inclusion of this normalisation
enablesedgeweights (and thus edgecuts) to be comparedacrossdi�erent
feature setsand weightings.

Once the initial clustering has beenperformed (with equal weights) the dis-
criminative power of the individual sub-spacesusedto build the clusteringcan
be evaluated with respect to this clustering (i.e. assumingthis clustering is
\correct"). If a sub-spacecan discriminate well betweenany two classesthen
its discrimination power is good, as it is unusual for a low dimensionalsub-
space(1D in our experiments) 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
involvesevaluating how well each pair of clustersis discriminated betweenin
each sub-space.

To do this, we considerthe accuracyof a two classclassi�er basedon a partic-
ular sub-spaceclustering (C1; C2; etc.). If a classlabelled dataset is available,
such a classi�er may be formedfrom the statistics of the associationsof classes
to clusters,as in Equation 4.

P(classjCi ) =
j f X : X 2 class^ X 2 Ci gj

j f Y : Y 2 Ci gj
(4)

However, classmembershipis not known in our case.If 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 such a classi�er as a Bayesiannetwork.

3 Implementations of several graph partitioning algorithms are freely available to
download from http://www-users.cs.umn.edu/ � karypis, as part of the METIS and
CLUTO packages.
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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 diagram it is
easyto seethe joint probability P(L; Ci ), whereL is a label for the true class
(A or B) and Ci is oneof the sub-spaceclusters, is given by:

P(L; Ci ) = P(Ci jL)P(L)=(P(A) + P(B)) (5)

On the right under the headingP(Correct), alongsideeach node, is the prob-
abilit y P(LjCi ) that classi�cation is correct for a stochastic classi�er (i.e.
P(CorrectjL; Ci )). The sumof the products of P(CorrectjL; Ci ) and P(L; Ci )
over all pairs of clusters and labels gives the overall probability of a correct
classi�cation for this classi�er basedon a particular low dimensionalcluster
set C = f C1; C2; : : : ; Cng, and a particular pair of labellings A; B :

P(CorrectjA; B ; C) =
X

L = A;B

0

@ P(L)
P(A) + P(B)

X

Ci 2C

P(Ci jL)P(LjCi )

1

A (6)

where P(A), P(B), P(Ci jL) and P(LjCi ) 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(C), as the maximum value of P(CorrectjA; B ; C) over all pairs of classes,
as in Equation 7.

D(C) = max
a;b= A;B ;C;:::;a != b

P(Correctja;b;C) (7)

D(C) lies between0.5 (no discriminative power) and 1.0 (perfect discrimina-
tion for at least one pair of classes).This value can be used to weight the
graph partitioning basedclustering described in Equation 3; however a better
approach is to threshold this value and usebinary weights (Equation 8). We
usea fairly low threshold (Tw) of 0.6 to excludeonly thosesub-spacesthat are
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very poorly discriminative. Essentially this is an unsupervisedfeatureselection
approach.

Wc =

8
><

>:

0 if D(C) < Tw

1 if D(C) � Tw

(8)

In principle, our method could be applied iterativ ely by repeatedly using the
clustering output to calculatenewweights and re-clustering.Our experiments
suggestthat improved performanceand convergenceoccurs in somecircum-
stances;however in other circumstancesover-�tting and other stabilit y prob-
lemshave beenobserved. We useonly a singleapplication of the re-weighting
for this reason.It shouldbe noted that our approach relieson the initial clus-
tering having a (more or less)one-to-onemappingwith 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 improvement will be obtained.

Once a set of examplesis partitioned, the partitions may be usedas super-
vision for a conventional supervised statistical learning algorithm such as a
Multi-La yer Perceptron,Radial BasisFunction or Vector Quantisation based
nearestneighbour classi�er (the latter is used in our implementation). This
allows for the construction of models that encapsulatethe information from
the clustering in such a way that they can be easily and e�cien tly applied
to novel data. Thesemodels are used to generatetraining data suitable for
symbolic learning. For each object identi�ed by the attention mechanism, a
(symbolic) property is associated with it for each semantic group using these
learnedclassi�ers.

3.1.2 Attention, learning and classi�cation for spokenutterances

A symbolic description of audio events 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 singlewords). Speech 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 favoured to �t in with the philosophy of learning mod-
els and rules for an autonomoussynthetic agent. Such an approach also has
the advantage that participants can make non-word utterances (e.g. animal
noises)or make soundsusing objects or instruments. The methods presented
in this section are crude, yet adequatefor our purposes.For more complex
applications, more sophisticatedtechniquesare likely to be required.

The participant of the gamewho we wish to replacewith a synthetic agent
speaksinto a microphone.The audio is sampledat 8172H z and an attention
mechanism basedon the energyof the signal is usedto segment sounds.Non-
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overlapping windows are formed each 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 each window is calculated
as the sum of absolutevaluesof the samples.Utterancesare contiguous win-
dowswith energyabove the thresholdand areof maximal duration (Figure 7).

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

Spectral analysisis performedon each detectedwindow. The dimensionality of
each 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-
tected is then represented by a temporal sequenceof L reduced-dimensionality
windows. L is chosensuch that it is equal to the length of the shortest utter-
ance(in windows) in the training set. This is achieved by linearly resampling
the temporal sequenceof spectral histograms for the windows that span an
utterance.The utterancesare now of identical length, and K-meansclustering
is performedon the set of utterancesseveral times with di�erent numbers of
clusters.

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 275H z) and the size of the
window used(512samplesequivalent to windows at 16H z). 275=16 is approximately
17.
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Figure 8 shows a set of nine clusters formed during one run of the process,
visualisedasspectrograms(plots of frequencyvs normalisedtime) relating to
the cluster centres. The number of clusters is automatically chosensuch that
the ratio betweenthe meandistanceof each utteranceto the centre of the clos-
est cluster and the meandistancebetweenall the cluster centres is minimised.
Each utteranceof the training set is classi�ed (nearestcluster centre) to create
a symbolic data stream as shown in Figure 9; thus an utterance may be rep-
resented symbolically as one of a set of labels utt1,utt2,... . This method
for automatically choosing the number of clusters tends to over-cluster the
data (too many clustersare created);our approach to this problem is to build
equivalenceclassesbetweenthe utterances,as discussedin Section3.3.2.

3.2 Symbolic data representation

To drive a synthetic agent capableof interacting with its environment we wish
to learn the protocolsfor the agent's actions. In this work, actionsare the vo-
cal utterances;however, the principle should be applicable to other possible
action types,such as movement of a robotic arm. Our aim is to encapsulate
the protocol of the activit y in a way in which actionscanbe �red following ob-
servation of perceptual inputs. Thus utterancesof a participant are described
in the form action( utterance, time ). The playing areais described by a list
of objects, each described by their attributes of texture, colour and position
in the form: state([[ texture1, colour1, position1 ],[ texture2, colour2, posi-
tion2 ]], time ) , which represents a state containing two objects. In addition,
each time (time( time ). ) and temporal successor(successor( previoustime,
current time ). ) is denoted.Example audio-visual input for SNAP1 and the
corresponding symbolic data stream is shown 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 arediscussedin Sec-
tion 3.3.1.

Our synthetic agent interacts with its environment through actions (utter-
ances)and perceives the environment through visual input of objects in the
playing area.Thus an action by the agent will be �red immediately after the
interpretation of perceptual input states.Thereforein the symbolic data pre-
sented for protocol learning,we wish for the actionsto occur at the samequal-
itativ e time as the states (although quantitativ ely they occur successively).
This createsa direct link between perception and action.

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

\colour" state([[tex0,col 1, pos0] ,[ tex 1, col 1, pos1] ], t51 3) .

action(utt10,t51 3) .

time(t513).

successor(t510,t 513) .

green lightning and green star

\pla y" state([],t518).

action(utt9,t518 ).

time(t518).

successor(t513,t 518) .

empty table

\shape" state([[tex2,col 2, pos0] ,[ tex 2, col 1, pos1] ], t52 1) .

action(utt1,t521 ).

time(t521).

successor(t518,t 521) .

blue ring and green ring

\pla y" state([],t524).

action(utt9,t524 ).

time(t524).

successor(t521,t 524) .

empty table

\same" state([[tex1,col 0, pos0] ,[ tex 1, col 0, pos1] ], t53 0) .

action(utt6,t530 ).

time(t530).

successor(t524,t 530) .

red star and red star

Fig. 9. Example audio-visual inputs and corresponding symbolic data representation
for the gameSNAP1. The symbols correspond to the perceptual categorieslearned
by unsupervisedclustering. In this case,the symbols utt10, utt9, utt1 and utt6
are symbols for utterances representing, respectively, the words \colour", \pla y",
\shape" and \same", and the texX relate to the texture/shap e of objects, colX
relate to the colour of the objects, and posX to the object's position. The textual
description in italics is provided for readersviewing a greyscalecopy.
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To form a direct link betweenstatesand actions,at the beginningof a training
phase,a clock is started, and the number of secondssincethe start is recorded
for each (state , time , successor) triple from the object tracker. The number
of secondssincethe start is also recordedfor each action utterance from the
audiostream.The timings for this symbolic data streamfrom the audio is then
synchronised with the timings from the video data stream. Each utterance
is back-dated to the timing of the previous state description if the timing
is not coincident already. This simple method works for our application. A
more complex approach could be undertaken to provide a richer description
wherenot only temporal successorrelationshipsbetweenevents are used,but
descriptionssuch as`before', or `during' may be useful for extendedtemporal
events (in the future, the tracking of the movement of objects may be of
interest, particularly whenapplied to the learningof robotic actions) for which
a temporal representation such asAllen's interval calculus[3,31]may beuseful.

3.3 Learning symbolic protocols from perceptual data

3.3.1 Inductive Logic Programming

Inductive logic programming (ILP) [21,26] is the name given to the �eld of
AI that studies inferencemethods by which given background knowledgeB
and examplesE, the simplest consistent hypothesis H is found such that:
B ^ H j= E whereB; H; E are logic programs(informally: whenB and H are
true, E is also true). In our terms, we seekto induce a simple logic program
H which when combined with the `state' and `successor'atoms (from the
training data) B , entails the `action' atoms E. No genericdomain knowledge
is included in the background B 5 .

Our work usesCProgol4.4 [28] which is an implementation of the de�nite
modeslanguage[27]. Pr ogol searchesfor the most statistically plausiblehy-
pothesisH using inverseentailment - a depth-�rst search through constructed
hypotheses.Pr ogol works by generalisinga set of examples,given a list of
types, accounting for the categoriesof objects in the domain under considera-
tion, and a setof syntactic biases. Thesesyntactic biasesareuserde�ned mode
declarations that restrict the possibleform of the proposedgeneralisations,re-
stricting the possiblesearch space.Mode declarationsdescribe the predicates
(with their argument types) that can be used either in the head or in the
body of hypothesisedgeneralisations.Thesedeclarationsalso state how vari-
ablesin the argument of predicatesin the headand body of formulaeshouldbe
usedin the formulae sought. In other words, variablescan be declaredin the
modesas either input, output or grounded(constant). An exampleof mode
declarationsfor the input data described in Section3.2 is shown in Figure 10,

5 Implicit domain knowledgeis provided by the mode declarations.
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where modehand modebrepresent, respectively, predicatesthat should be in
the headand in the body of the generalisingformulae. The symbols +, - and
#, represent respectively input, output and groundedvariablesand the terms
shape, colour , position and time are term types.The number in the �rst
argument of modehand modebboundsthe number of alternative solutions for
instantiating the predicatestated in the secondargument.

:- modeh(1,action( # utterance ,+ti me))?
:- modeb(100,state([[-shape,- col our, -pos itio n],

[-shape,-colour,-positio n]], +time)) ?
:- modeb(100,state([],+time)) ?
:- modeb(100,successor(+time, -ti me))?

Fig. 10. Mode declarations for the gameSNAP1.

The mode declarationsin Figure 10 state that the generalisingformula should
havethe predicateaction/2 in the head(with a groundedutteranceandan in-
put variable for time asarguments) and predicatesstate/2 and successor/2
in the body. In principle, there is no limit on the number of occurrencesof
each predicate in the mode declarationsusedwith di�erent combinations of
input, output and groundedvariables.Examplesof pr ogol type declarations
for the gameSNAP1 are shown in Figure 11. The constant symbol namesare
chosento make the exampleclear to read; in practice the semantic meaning
of the object property or utterance labels is unknown, as the labelling come
from the lower level systemsand is devoid of semantics (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(pos0).
utterance(colour). shape(star). colour(green). position(pos1).
utterance(shape). shape(flash). colour(blue).
utterance(both).
utterance(nothing).

Fig. 11. Type declarations for the gameSNAP1.

Brie
y , pr ogol 's search can be described as follows. For each positive ex-
ample, pr ogol initially generatesa most speci�c Horn clause,accordingto
the mode declarations.This clauseis further contrasted with the remaining
examplesin the search 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 described above) is presented in
Figure 12.

Formula (1) in Figure 12 shows that pr ogol built the connectionbetween
the utterance play and the empty state. The variable A in both the head(e.g.
action(play,A) ) and the body (e.g. state([],A) ) indicates that a general-
isation over time has beenmade;A represents 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 gameSNAP1.

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) show
the rules learnedfor non-empty states,expressedusing co-occurring variables
asarguments to state/2 . E.g., in Formula (2), the repeatedvariable Cin the
secondposition in each object's feature list encodesthe condition that two ob-
jectshave the samecolourand that the appropriateaction 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 never seenbefore.For example,
the complete rules for SNAP1 may be learned without an example in 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 are in the scene.Moreover, 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 featuresnever having beenseenat all during training.

3.3.2 Building equivalence classesof utterances

As mentioned in Section3.1.2,the method for utteranceclustering is proneto
cluster into more than the true number of clusters.However, we are able to
usethe generalisationrules found by pr ogol to construct equivalenceclasses
amongutterances.The procedurefor generatingequivalenceclassesis based
on the hypothesisthat rules with similar bodiesare related to equivalent 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 bodiesasour similarity measuresbetweenclausebodies.

To construct equivalenceclasses,�rstly , every pair of input rules whoseheads
are of the form action(utterance,time) are checked for whether their bod-
ies are similar. Clauseswith empty bodies are discardedas they do not pro-
vide any evidencefor equivalence.Assumea transitive, re
exive and symmet-
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ric binary relation equiv/2 de�ned over utterances.Thus, for every pair of
clauseheadswhosebodies are similar, a statement equiv/2 is created (and
asserted),stating the hypothesisof equivalencebetweenthe utterancesin their
arguments. 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 convenience,we call atomic
formula, such as equiv(utt i,utt j) , equivalence 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 examples6 . Fi-
nally, equivalenceclassesare created by taking the transitive closureof the
relation equiv/2 .

The processof building equivalenceclassescan be exempli�ed in the game
SNAP1 if we assumethat the audio clustering algorithm found many distinct
representations for the sameutterances.For instance,supposethis algorithm
clusteredthe word \pla y" into 4 distinct classes,namely p 1, p 2, p 3 and p 4
and that pr ogol found the following four rules involving thesesymbols:

action(p 1,A) :- state([],A).
action(p 2,A) :- state([],A).
action(p 3,A) :- state([],A).
action(p 4,A) :- state([],A).

Therefore,the method for constructingequivalenceclassessuggeststhat [p 1,
p 2, p 3, p 4] forms one classthat is pairwise disjoint with respect to the
classescombining the remainderof the utterances.In this casethe bodiesare
all trivially similar, asthey are identical, but this neednot always be the case.

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

6 The number of times that an equivalencepair is hypothesisedas equivalent in
the training examples could 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 research.
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3.4 Inference enginefor agentbehaviour generation

The symbolic protocols learned by pr ogol are used by a Prolog program
as a set of rules used to drive an interactive synthetic agent that can par-
ticipate in its environment. This set of rules is, prior to input to the agent,
automatically �ltered 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 never be selectedby the agent as they have
their temporal variable instantiated to a very speci�c time point. Non-ground
atomic formulaearemoved to the endof the data set, sincetheseare the most
generalrules (i.e. the action expressedin their headsis not constrainedto any
particular perceptualinput). Non-atomic ruleswhosebodiesunify areordered
from the onewith the most speci�c 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.Sortedpr ogol output for the gameSNAP1 corresponding to the unordered
output in Fig 12.

This ensuresthat more speci�c rules are �red �rst (otherwise they would be
subsumedby moregeneralrules). This ensuresthat rule 4 in Figure 12 (which
is satis�ed for every perceptual input of two objects) is orderedafter rules 2
and 3. It alsoensuresthat 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
pr ogol . It is worth pointing out that pr ogol ranks its output formulae
accordingto their predictive power and compressionwith respect to the data
set; therefore,rules at the bottom of the rule set are thosethat predict fewer
examplesthan those handled by the rules at the top. The former usually
represent idiosyncrasiesof the data and, due to their positions in the rule set,
may never be selectedby Prolog. In addition to this, a cut is added as the
last conjunct of each non-groundformula's body. This guaranteesthat only a
singleaction will �re at any time step.

The synthetic agent, loadedwith the learnedrules(orderedasabove), receives
input from the perceptualsystem,and outputs the inferred utterance through
a soundsynthesismodule.This module replays an audioclip of the appropriate
response(the oneclosestto the cluster centre), automatically extracted from
the training session.

For greater e�ect, a visual waiting head (Figure 14) is displayed on a screen,
and in time with the replay of the audio clip, a corresponding facial movement
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is madeby the talking head.The video for this is captured with the audio of
the participant to be replacedby a synthetic agent. The details of the video-
realistic waiting head is not the focus of our work, but it adds realism to the
demonstrationsystem7 .

As there is no robotic arm in the system, a human participant is required
to follow the instructions uttered by the synthetic agent. Currently the agent
executesa single action generationper time step. This restriction, however,
might be relaxed without the needto changethe central ideasof the system
presented above.

(a) training (b) playing

(c) waiting (d) talking

Fig. 14. Synthetic agent. (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 broadcast from the speakers. (c) Closeupof the waiting
headdisplayed on the screenin (b). (d) The headtalks by replaying the audio-video
stream associated with the inferred action.

7 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 Exp erimen ts and results

In this sectionwepresent someexperimental resultsof applying the framework
for learning protocol behaviour on three gameplaying scenarios(Section4.2).
The results are analysedusing an evaluation method (Section 4.1) basedon
verifying soundnessand completenessof the learnedrule setsof Section3.3.
Note that the ordering constraints of Section3.4 are not taken account of in
the learned rule sets - they are just taken to be sets of de�nite clauses.As
noted below, the experimental results for completenesswould in somecases
be better if the ordering constraints wereto be taken into account. Informally,
the method provides the extent to which the given model is represented in
the learned rule set { soundness{ and the extent to which the predictions
of the learnedrule set agreewith the predictions of the model (for the same
perceptual inputs) { completeness. Therefore,this method utilises logic-based
conceptsto provide a principled way of evaluating our system,which is one
of the reasonsfor choosinga symbolic learning tool within this framework.

4.1 Evaluation method

In order to evaluate how well the protocol ruleswerelearnedfrom noisy vision
data, we contrast the rules learnedfrom each datasetwith a hand-codedsetof
formulae; thesehand coded rulescan 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 equivalent set of rules should
be learnedfrom vision data. In practice, we are not worried about exact log-
ical equivalence,but rather whether the sameactions would be performedin
identical circumstances(the learnedformulaemight possiblyentail statements
involving the performanceof actions,and thus might not necessarilybe in the
hand coded set). Thereforewe want to evaluate both:

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

Making an analogywith model theory for inferencesystems,we call the �rst
condition soundness, as it checks whether learnedactions agreewith the se-
mantics, i.e. whether the learnedrule set correctly predicts actions (given the
gold standard of the hand coded set). The secondcondition might be called
completeness, as it checks whether all the actions predicted by the semantics
(under particular conditions) are similarly indicated in the learned rule set.
Formally, we can characterisetheseideasas follows.
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De�nition: Agreemen t between rule sets.

If X ; Y1 j= Z implies X ; Y2 j= Z , then Y1 agreeswith Y2 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 representingpossibleactions (typically charac-
terised syntactically as atomic formulae formed by a distinguished predi-
cate). Let H and L be two setsof formulae representingthe handcrafted and
learned rule setsrespectively. Let X representa symbolic description of the
world at a giventime (i.e. a setof groundatomic formulae { state, time,
successor, action { as il lustrated in Figures 9, 16 and 18).

If L agrees with H on every action � 2 A for all X , then L is sound with
respect to H .

If H agrees with L on every action � 2 A for all X , then L is complete
with respect to H .

However, in practice, the data may be noisy and incompletecausingrules to
be missed,over-generalisedor mis-represented. Therefore, we de�ne partial
soundnessand completenessas follows.

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

Let A , H and L and X be as above.

If L agreeswith H on a maximal subsetof actions � � A for someX , then
L is j � j

jAj soundwith respect to H .

If H agreeswith L on a maximal subsetof actions � � A for someX , then
L is j � j

jAj completewith respect to H .

A set of three gamesare usedto show the performanceof our cognitive vision
system.The next sectiondescribeseach gamein detail, presenting typical out-
puts of the systemand discussingexperimental resultsbasedon the evaluation
method above.

4.2 Experimental Evaluation

Experiment 1: SNAP1

This gamedemonstratesthe system'sabilit y to generaliserulesacrosspercep-
tual categories,rather than grounding each instance.SNAP1 is a generalised
snap gamewhere two cards are played, followed by an utterance dependent
upon the stateof the two cardswhich areeither the \same", the same\colour",
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the same\shape" or \nothing". The cards are then removed, and \pla y" 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, each time with a dataset containing 100 objects and 100 utter-
ances,equivalent to 50 rounds of the game.

Figure 15 presents an exampleof a typical rule set output by the system.This
set shows that four distinct versionsof the utterance \pla y" (represented by
the symbolic labels utt2 , utt3 , utt8 and utt9 ) were correctly learned;rules
for \same", \colour", \shape" and \nothing" (utt6 , utt10 , utt1 and utt4
respectively) were properly built, along with one sub-optimal rule (in terms
of compactness)required to explain utt7 which wasplacedas the last rule in
the data set, accordingto the criteria discussedin 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,F]],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 learned rule set for SNAP1 run 1. Key to symbolic utterance labels:
\same" = utt6 , \colour" = utt10 , \shape" = utt1 , \nothing" = utt4 , \pla y" =
utt2 , utt3 , utt5 , utt7 , utt8 , utt9 .

Game SoundnessCompleteness

SNAP1 run 1 100:0% 71:4%

SNAP1 run 2 100:0% 88:8%

SNAP1 run 3 60:0% 80:0%
Table 1
Results of the evaluation of the protocol rules learned from perceptual observation
of three runs of the gameSNAP1.

Table 1 presents the evaluation of three runs of SNAP1 accordingto the eval-
uation method introduced in Section 4.1. Runs 1 and 2 are totally sound
(scored100%for soundness)meaning that every prediction made by the in-
tendedsemantic wasalsoobtained by the learnedset for the sameperceptual
input. Both runs scoredlessthan 100%for completeness(i.e., 71.4%for run 1
and 88.8%for run 2) as idiosyncratic rules for \pla y" were found. Theserules
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represented that an action \pla y" should be valid at a time point t if, in the
previoustime point, there wereany two objects on the table. Although this is
a true fact in the domain in question, this rule doesnot represent the correct
protocol of producing the utterance \pla y" as it 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 soundness.However, 80%of the rules found could be mapped into
the intended semantics. The misbehaviour of this experiment with respect
to soundnessmay be explainedby erroneousclustering of the colour feature,
which in our current implementation is unreliable.

Analysis of run 3 reveals the sensitivity of pr ogol to misclassi�ed data.
We are learning from small amounts of data which is locally sparse,thus
a classi�cation error may make up a signi�cant amount of the data used
to form a generalisation.This may seemvery fragile; however it is the be-
haviour that we should expect. SNAP1 run 3 contains six examplesof two
objects having the samecolour and sametexture, and oneof the sameshape
but di�erent colours, followed each time by the utterance \same". Pr ogol
generalisesthe 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
each time by the utterance \same", and pr ogol generalisesthe correct rule
action(same,A) :- state([[B,C,D],[B,C,E]],A) .

The soundclustering of run 1 producedthree classesfor \pla y", and oneclass
for each of the other utterances. The method for constructing equivalence
classes(proposedin Section3.3.2) usedidentit y of bodies as similarity mea-
sure in this experiment. With this it was able to cluster two of the \pla y"
utterances into one single class leaving the remainder as classescontaining
one symbol (unary classes). In run 2 the system found the correct number
of equivalenceclasses,namely, one classfor \pla y" containing �v e di�erent
instancesof this utterance, and unary classesfor the other words. In run 3
only unary equivalenceclasseswereobtained, while the expectedresult would
be one class for the two utterances \nothing" and unary onesfor \shape",
\same", \colour" and \pla y".

Experiment 2: SNAP2

This gamedemonstratesthe system'sabilit y to generaliserulesacrosspercep-
tual categories,and introducesa temporal dependencyon the previousstate.
SNAP2 is a variation of SNAP1 wherecardsare placedoneon top of another
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and the resulting utterance is dependent upon the card which is visible, and
the card at the previoustime step.An examplesequenceof the gameis shown
in Figure 16.For SNAP2, the learningprocesshasbeencompletedthree times,
each time with a dataset containing 50 objects and 50 utterances,equivalent
to 50 rounds of the game.

... state([[tex0,col 1, pos0] ], t43 0) .

...

time(t430).

successor(t427,t 430) .

blue ring

\colour" state([[tex1,col 1, pos0] ], t43 4) .

action(utt1,t434 ).

time(t434).

successor(t430,t 434) .

blue lightning

\nothing" state([[tex2,col 2, pos0] ], t43 7) .

action(utt4,t437 ).

time(t437).

successor(t434,t 437) .

green star

\same" state([[tex2,col 2, pos0] ], t44 1) .

action(utt3,t441 ).

time(t441).

successor(t437,t 441) .

green star

\shape" state([[tex2,col 0, pos0] ], t44 4) .

action(utt7,t444 ).

time(t444).

successor(t441,t 444) .

red star

Fig. 16. Example audio-visual inputs and corresponding symbolic data representa-
tion for the gameSNAP2.
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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(utt1,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 learned rule set for SNAP2 run 1. Key to symbolic utterance labels:
\same" = utt3 , utt6 , utt9 , \colour" = utt1 , utt5 , \shape" = utt2 , utt7 , utt11 ,
\nothing" = utt4 , utt8 , utt10 , utt12 .

Game Soundness Completeness

SNAP2 run 1 100:0% 100:0%

SNAP2 run 2 100:0% 71:4%

SNAP2 run 3 75:0% 100:0%
Table 2
Results of the evaluation of the protocol rules learned from perceptual observation
of three runs of the gameSNAP2.

Table 2 shows the evaluation of the three runs of this gameaccordingto the
method described in Section4.1.The results in run 1 in 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 shown) was100%soundbut only 71.4%
complete,becauseone rule for \nothing" and one for \same" were mislead-
ing. Theseruleswereprobably the result of systematicmisclassi�cation of the
colour feature during the training period. However, 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 agent.
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Run 3 scored75% for soundnesssince its learned set did not �nd any rule
representing 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 utteranceswereclusteredby the audio
clustering method (four representing \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 elements in
equivalenceclasses,even though the result was soundand complete,was due
to the fact that there were no useful rules in the answer set for someof the
symbolsrepresenting the utterances.For example,action(utt6,t256) in Fig-
ure 17 is the only rule containing utterance utt6 and it has no body, so will
never �re. This usually occurswhen the data set contains a restricted number
of examplesabout these utterances. Therefore, the equivalencemethod 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'sabilit y to ground utteranceactionswith
sets of speci�c perceptual inputs. PSS is played by two players, each simul-
taneouslyselectingone of the object cards that are placedon the table. The
gameprotocol is as follows. Utterances\pla y", \win", \lose" and \dra w" are
spoken by the player to be replacedby a synthetic agent. The action \win"
occurs when the object paper beats (wraps) the object stone, scissorsbeats
(cuts) paper, and stone beats (blunts) scissors.In this game,the position of
object cards as well as their texture is crucially important, sinceif the posi-
tion of the cardswasswapped then the resulting action would be altered from
\win" to \lose" or vice-versa.Figure 18 illustrates an examplesequenceof 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, each time with
a datasetcontaining 200objects and 200utterances,equivalent to 100rounds
of the game.This is larger than the other games,sincea greater number of
rulesarebeinglearnedin this case.It is worth noting that if fewer examplesare
available, the wholeprocessdoesnot fail completely, but a partial description
of the protocol is learned.Table 3 presents the results of three runs of PSS.

Runs1 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 generalisedfrom the data
sets.Poor resultswereobtained for soundnessin run 3 sincenoneof the rules
representing \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 headof a idiosyncratic rule in the learned
set.

\win" state([[tex2,col 0, pos0] ,[ tex 0, col 1, pos1] ], t36 4) .

action(utt9,t364 ).

time(t364).

successor(t360,t 364) .

stone and paper

\pla y" state([],t368).

action(utt8,t368 ).

time(t368).

successor(t364,t 368) .

empty table

\lose" state([[tex0,col 1, pos0] ,[ tex 2, col 0, pos1] ], t37 0) .

action(utt13,t37 0) .

time(t370).

successor(t368,t 370) .

paper and stone

\pla y" state([],t374).

action(utt2,t374 ).

time(t374).

successor(t370,t 374) .

empty table

\dra w" state([[tex1,col 1, pos0] ,[ tex 1, col 1, pos1] ], t37 7) .

action(utt1,t377 ).

time(t377).

successor(t374,t 377) .

scissorsand scissors

Fig. 18. Example audio-visual inputs and corresponding symbolic data representa-
tion for the gamePSS.
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action(utt13,t29 4).
action(utt13,t45 8).
action(utt11,t46 2).
action(utt9,A) :- state([[tex2,B, pos0] ,[ tex 0, B,pos1]] ,A).
action(utt13,A) :- state([[tex1,B,po s0], [te x0,B, pos1] ], A).
action(utt9,A) :- state([[tex1,B, pos0] ,[ tex 2, C,pos1]] ,A).
action(utt1,A) :- state([[tex1,B, pos0] ,[ tex 1, C,pos1]] ,A).
action(utt3,A) :- state([[tex0,B, pos0] ,[ tex 1, C,pos1]] ,A).
action(utt11,A) :- state([[tex2,B,po s0], [te x1,C, pos1] ], A).
action(utt1,A) :- state([[tex2,B, pos0] ,[ tex 2, C,pos1]] ,A).
action(utt1,A) :- state([[tex0,B, pos0] ,[ tex 0, C,pos1]] ,A).
action(utt11,A) :- state([[tex0,B,po s0], [te x2,C, pos1] ], A).
action(utt3,A) :- state([[tex2,B, pos0] ,[ tex 0, C,pos1]] ,A).
action(utt7,A) :- state([[tex2,B, pos0] ,[ tex 0, C,pos1]] ,A).
action(utt7,A) :- state([[tex1,B, pos0] ,[ tex 2, C,pos1]] ,A).
action(utt11,A) :- state([[tex1,B,po s0], [te x0,C, pos1] ], A).
action(utt9,A) :- state([[tex0,B, pos0] ,[ tex 1, C,pos1]] ,A).
action(utt7,A) :- state([[tex0,B, pos0] ,[ tex 1, C,pos1]] ,A).
action(utt13,A) :- state([[tex0,B,po s0], [te x2,C, pos1] ], A).
action(utt13,A) :- state([[tex2,B,po s0], [te x1,C, pos1] ], 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(utt10,A) :- successor(B,A), state([[tex2,C, pos0] ,[ tex 0, C,pos1] ],B ).
action(utt5,A) :- successor(B,A), state([[tex0,C,p os0], [t ex2,D,po s1]] ,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 PSS run 1. Key to symbolic labels: \win" =
utt3 , utt7 , utt9 , \lose" = utt11 , utt13 , \dra w" = utt1 , \pla y" = utt2 , utt4 ,
utt5 , utt6 , utt8 , utt10 , utt12 , utt14 , paper = tex0 , scissors= tex1 , stone =
tex2 .

Game Soundness Completeness

PSSrun 1 100:0% 88:5%

PSSrun 2 100:0% 88:8%

PSSrun 3 75:0% 76:9%
Table 3
Results of the evaluation of the protocol rules learned from perceptual observation
of three runs of the gamePSS.

In PSS we use term uni�cation as our equivalencecriteria. In run 1, from
the 14 clusters representing the four utterances in this game, our method
for hypothesisingequivalencesfound �v e distinct classes.The three di�erent
representations of the utterance \win" and the two for \lose" wereaccurately
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combined into two distinct classes.Six out of the eight symbols representing
the word \pla y" whereclusteredinto oneclass.The singlesymbol representing
\dra w" occupiedan unary class.Two symbols for \pla y" aremissingfrom their
relative equivalenceclassas they occurred in the head of idiosyncratic rules.
The exact number of equivalenceclasseswerebuilt for run 2, the four distinct
versionsof \pla y" and the two for \win" were joined into two distinct classes.
The single \lose" and \dra w" were assignedtwo unary classes.This method
presented the sameaccuracywhen applied to run 3.

In summary, from the experiments reported in this section we can conclude
that our systemcould learn correct protocols from noisy visual data, as ex-
pressedby the many 100%soundnessresultsshown in Tables1, 2 and 3. Even
in situations where rules for someitems in the protocol were not found, our
systemwasable to construct a partial descriptionof behaviour that allows the
agent to behave suitably given appropriate perceptual input. Most of the par-
tial results for completenessdo not jeopardisethe actuation of the synthetic
agent as the idiosyncratic rules obtained were, in general,occupying the end
of the rule set asdictated by our sorting procedure(described in Section3.4).
The ordering procedure,however, has a palliative e�ect, as the causeof id-
iosyncratic rules residesin the occasionalerroneousclustering of the colour
featureand the generalisationof irrelevant facts from the data sets.A de facto
solution for theseissuesis related to the integration of a more robust camera
apparatus in our setting and the development 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, however it did not behave with the
sameaccuracy in the SNAP1 and SNAP2 experiments. 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
variables in the body of the rules representing them, whereasrule bodies for
PSSare composedof ground atoms. Therefore, similarity betweenbodies in
the latter wastrivially de�ned asequality. However, we had to useuni�cation
as similarity measurefor the SNAP games,which resulted in a poorer set
of equivalenceclassesthan those obtained for PSS. Further research should
concentrate on the development of appropriate similarity measuresin order to
overcomethis problem.

5 Discussion

In this section we discussthe main pitfalls faced during the development of
the research reported in the present paper. This discussionfollows the order
in which information is processedthrough the system, i.e., from attention
mechanismsto symbolic learning of protocol behaviours.
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The attention mechanismsusedhave beenrobust for our scenario.Very oc-
casionally an utterance may be missedif spoken very softly, and it works in
environments in which there is noisein the background. On the visual side,the
attention mechanism 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)).

Oncefeatureshavebeenextractedfrom interestingobjectsand sounds,contin-
uousunsupervisedmethods are usedto cluster the data items. It may appear
that we are using simple objects and few words; however, the main purpose
of this work is to create a synthetic agent which integrates learning at both
perceptual and task levels, with as few (general) assumptionsas possible.It
would be trivial to classifymorecomplexobjects than thoseusedin this paper
in a perfect way, using a supervisedclassi�er and speci�c feature descriptors
or model basedapproach. However, classifyinga number of examplesinto an
unknown number of classesin an unsupervisedmanner is an open problem.

The ideaspresented treat video and audio in largely the sameway; i.e., asan
input signal from which interesting perceptualobjects are extracted and clus-
tered. Presently, only oneclustering is used.We could form several clusterings
and choosethe one that works best in the context, i.e. usesymbolic reason-
ing to decidewhich clustering is best, basedon the protocolsit can learn. We
would alsolike to explorefeedingback information from the symbolic learning
phase,in order to re-label the classesto which each perceptualobject belongs
basedon the context of the learned protocol. This would allow classi�ers to
be re-learnedusing the new labelsas supervision.

The main limitation of the vision systempresented is reliable colour classi�-
cation. We are using inexpensive 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. when there are few
examplesof a particular utterance), then pr ogol tends to over-generalisethe
data, particularly if noisy examplesare present. This is understandable,and
generally pr ogol does learn rules of the right speci�cit y from very few ex-
amples(in SNAP2 run 1 soundand completerules are learned for the game
where,on average,each utterance classhasonly four examples!).

The useof pr ogol for inductive logic programming has allowed the formu-
lation of protocol models from positive only examples. In summary, it has
learnedprotocols that:
� generalisetemporal sequencesof state observations;
� generaliseequality of perceptualclassesof objects;
� ground symbols to perceptualobjects autonomously;
� can be usedby a synthetic agent to interact with its environment.
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Learning complex temporal dependency in the protocols is, perhaps, the
next step of development of this research. The present work assumesthe
successor 8 predicate as the only temporal relation of interest. This should
be extended to include a range of temporal relations, which would allow a
greater range of scenariosto be captured. McCallum's work on NearestSe-
quenceMemory [24] in instance-basedstate identi�cation may be a usefulway
to proceedin order to capture variable length temporal dependenciesbetween
states.

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

The symbolic protocolslearnedwereusedto construct accuratesetsof equiv-
alenceclassesamong over-clusteredsets of utterance symbols. The criteria
for deciding which elements should be included in each classwas basedon
user-de�ned similarity criteria betweenformulae bodies. The development of
automatic proceduresfor choosingsuch criteria is subject of current research.

5.1 Future work

There are many ways that this work may be extended.Outside of the game
playing scenariospresented, it would be of more interest to generalisethe ap-
proach to human behaviour in tra�c scenesand sporting activities, wherethe
learning task is likely to be more challenging.It may alsobe possibleto learn
from observation in industrial inspection tasks to accept or 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 actions that we wish to learn are not only groundedto both the

present and previousstates , but also to the action at the previous time-
step;

� scenariosinvolving a large number of rules;
� stochastic actions, when a non-deterministic choicecan be made;
� incremental learning:

� learning from all the information seenso far, and adapting the modelsas
more examplesare seen;

� multi-stage learning, where conceptssuch as orderings are incorporated

8 This doesnot speci�cally precludehigher 1st order temporal models,but it makes
their formulation unlikely.
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in the form of background knowledgegainedin a previouslearning phase
from perceptualobservation;

� a richer languagestructure, within a similar framework.

We would like to proposea gameof greater`complexity' than thosepresented
in this paper (but feasible to be solved by our approach), and discussthe
adaptations that our framework should incur in order to learn the protocols
of this and other scenarioswheresimilar behaviours are present.

The gameof `play your cardsright', playedon someTV shows, involvesa pack
of playing cards,a sequenceof which are laid in a row facedown. The �rst card
is turned over, and basedon the value of this card the contestant has to say
\higher" or \lo wer". Then the next card is turned over, the contestant \loses"
if they werewrong, or continuesin the gamesaying \higher" or \lo wer" until
the �nal card, when if they correctly guess\higher" or \lo wer", then they
\win".

With the aim of learning the protocol of the gamefor an autonomousagent,
this gameencompassesa number of interesting challenges:

� the actions(utterances)that we wish to learn arenot only groundedto both
the present and previousstate , but alsoto the action at the previoustime-
step;

� the number of rules is large; even if only �v e valuesof cardsare usedthen
many rules are necessary;

� stochastic actions exist; if the middle value card is turned over, then there
is no singlecorrect protocol to follow - a stochastic choiceof either \higher"
or \lo wer" must be made (in fact the action is strictly non-deterministic
always).

� incorporating conceptssuch as the ordering of the cards, in the form of
background knowledgefrom a previous learning phasefrom perceptualob-
servation.

This gamemay alsoseemto be simple, yet a number of background concepts
are neededto tackle it. Sensibleapproachesthat we should consider,include
the development of an incremental learningsystemallowing the agent to learn
the protocol while experimenting with it. This learning system should also
search for abstract formulae that could encompassbasic mathematical con-
ceptsabout the domain to be fed back into the learningprocessasbackground
knowledge.Preliminary results in this direction were reported in [36]. An en-
gine for interpreting stochastic actions should also be developed to handle
caseswere multiple, distinct, actions are possiblefrom the sameperceptual
input. Research into the development of such an engineis well under way.
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6 Conclusion

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

We have presented a novel approach for learning protocol behaviours from
perceptual observation that incorporates computer vision, audio processing
and symbolic learning methods. The results obtained on learning the proto-
cols of simple table-top gamesshow that this system is able to successfully
learn perceptual classesand rules of behaviours from real world audio-visual
data in an autonomousmanner.Through selectingsimplecomponents (e.g.for
acousticprocessing),we have beenable to focuson the potential for construc-
tive interaction betweenthesecomponents. For example,the abilit y to resolve
failings in sound categorisationthrough examining induced rule-setswas an
unexpected �nding that may not have surfacedhad we useda more sophisti-
catedacousticprocessorfrom the start. Progressively scalingthis approach to
more complex gamesin order to reach the level of interactions betweenany
number of agents in any environment is a challengefor future investigations.
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