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Abstract

The limited visual and computationalresources
available during the perceptionof a human ac-
tion makesa visualattentionmechanismessential.
In this paperwe proposean attentionmechanism
that combinesthe saliency of top-down (or goal-
directed)elements,basedon multiple hypotheses
aboutthedemonstratedaction,with thesaliency of
bottom-up(or stimulus-driven) components.Fur-
thermore,weusethebottom-uppartto initialisethe
top-down, henceresultingin a selectionof thebe-
haviours that rightly requirethe limited computa-
tional resources.This attentionmechanismis then
combinedwith anactionunderstandingmodeland
implementedonarobot,whereweexamineits per-
formanceduringtheobservationof object-directed
humanactions.

1 Intr oduction
In an attemptto arrive at a de�nition for attention, Tsotsos,
in his review paper[Tsotsos,2001], arrivesat the following
proposal:“Attentionis a setof strategiesthat attemptsto re-
ducethecomputationalcostof thesearch processesinherent
in visualperception”. Ourwork aimsatproducingamodelof
visualattentionfor dynamicscenes, emphasisingthe impor-
tanceof top-downknowledgein directingtheattentionduring
actionrecognition.

After introducing the two different (bottom-upand top-
down) elementsof attention,we will proceedto review a
modelof actionunderstanding[DemirisandJohnson,2003]
that will make useof our attentionmodel,to correctlyallo-
catethe limited resourcesavailable to it. Subsequently, we
will proceedto describehow themultiple hypothesesgener-
atedby our modelwhile thehumandemonstration is unfold-
ing canfeedtop-down signalsto theattentionmechanismto
directattentionto theimportantaspectsof thedemonstration.

Furthermore,we proposea methodfor initialising thetop-
down part,usingthesaliency of thebottom-uppartin our vi-
sualattentionmechanism.We have implementedour model
on an ActivMedia Robot, running experimentsobservinga
humanactinguponvariousobjects.Theseresultswill bepre-
sentedanddiscussed,notonly in termsof whetherour atten-
tion modelallocatestheresourcescorrectly, but alsoto seeif

it resultsin a fasterrecognitionof thecorrectbehaviour being
demonstratedin theactionunderstandingmodel.

2 Background
Work in cognitive sciencesuggeststhat thecontrol inputsto
theattentionmechanismcanbe divided into two categories:
stimulus-driven(or “bottom-up”) andgoal-directed(or “top-
down”) [Van Essenet al., 1991]. A numberof bottom-up
attentionmodelsfollow Treisman's FeatureIntegrationthe-
ory [TreismanandGelade,1980] by calculatingthesaliency
for differentlow-level featuresof theobject,e.g.colour, tex-
ture or movement. A winner-take-all approachis thenused
to decideon the mostsalientpart of the scene(asin [Koch
andUllman,1985], [Itti et al., 1998], [BreazealandScassel-
lati, 1999]). Top-down, on the otherhand,coversthe goal-
directedfactors,essentiallythetask-dependentpartof thevi-
sualattentionmodel.Wolfe [Wolfe andGancarz,1996] pro-
duceda biologically inspiredGuidedSearchModel thatcon-
trols the bottom-upfeaturesthat are relevant to the current
taskby a top-down mechanism,throughvaryingtheweight-
ing of thefeaturemaps. However, it is notclearwhatthetask
relevantfeaturesare,particularlyin thecaseof actionrecog-
nition.

Our attentionmechanismis inspired by Wolfe's model,
andintegratesbottom-upelementswith a top-down mecha-
nism usingbehaviours1 and forward modelsthat can guide
therobot'sattentionaccordingto thecurrenttask.A forward
model is a function that, given the currentstateof the sys-
tem anda control commandto be appliedon it asgiven by
thebehaviour, outputsthepredictednext state.Our top-down
partof theattentionmodel,whenobservingademonstration,
will make a predictionof thenext statefor a numberof dif-
ferentpossiblebehaviours,producinga con�dencevaluefor
each,basedontheobservedaccuracy of theprediction.These
con�dencelevelsareimportantvaluesthatcanbethoughtof
as salienciesfor the top-down mechanismof our attention
model,henceproducinga principledmethodof quantifying
thetop-down partof theattentionmechanism.

In theexperimentalsection,we will demonstratethat this
attentionmechanismimprovesperformanceon actionunder-
standingmechanismsthat usemultiple behaviours and for-

1Also known ascontrollersor inversemodelsin thecontrolliter-
ature



Figure1: Action understandingmodel[DemirisandJohnson,
2003].

wardmodelssuchas[DemirisandJohnson,2003]. This will
be donein two ways: �rst by cutting down the numberof
computationalcyclesrequiredfor identifying thecorrectbe-
haviour andby directingthelimited computationalresources
to the relevantpartsof the humandemonstration,insteadof
the whole scene. Secondly, by using the saliency from the
bottom-uppartof ourvisualattentionmechanismto initialise
the top-down part,enablingit to selectonly the relevantbe-
havioursto thedemonstratedaction,insteadof activatingand
runningall of them.

3 Action UnderstandingModel
Demiris'sactionunderstandingmodel[DemirisandJohnson,
2003], shown in �gure 1, identi�es the correct behaviour
that is beingobserved by using forward modelsfor a num-
berof behaviours. By predictingwhatwill happennext, and
comparingit with whatactuallydoeshappennext (from the
behaviour that is beingdemonstrated),con�dencelevels are
generatedfor eachof thepredictedbehaviours. From these,
a winner is selectedby picking thepredictedbehaviour with
thehighestcon�dencelevel.

Theattentionmechanismwe proposein this papercanbe
usedto cut computationalcostson this action understand-
ing model[DemirisandJohnson,2003]. It would befar too
computationallyexpensive to direct the attentionof the ob-
server towardsall thepartsof thedemonstrationto satisfyall
the possiblebehaviours [Tsotsos,1989]. Hence,the atten-
tion mechanismis usedto restrictthis,giving only oneof the
behaviours at a time the informationit requires. Using this
attentionmechanism,we managedto cut down substantially
on thecomputationalcosts,yet it wasalsoachievedwithout
affectingthequality of thesystemto theextentof producing
wrongoutcomes.

The successof our model will be demonstratedthrough
comparisonsof thenew resultswith theresultsfrom theorig-
inal actionunderstandingmodelfor anumberof differentbe-
haviours. If, afterhaving cut down on all thecomputational
costsusing our visual attentionmodel, the �nal behaviour
chosenin eachsituationwith the previous model [Demiris
and Johnson,2003] remainsthe same,then our attention
modelwill bedeemedto havesucceededin its task.

Figure 2: Our Bottom-upmodel of Visual Attention. The
outputis theFocusof Attention(FOA)

4 The Attention Mechanism
In this sectionwe will describethe designof our attention
mechanism,and the integrationof both bottom-upandtop-
down elements.

4.1 Bottom-up
We have implementeda bottom-up model that is mainly
basedon Wolfe's biologically inspired Guided Search3.0
modelof humanvisualattentionandvisualsearch[Wolfe and
Gancarz,1996]. ThismodelusesTreisman'sFeatureIntegra-
tion theory[TreismanandGelade,1980] to constructamodel
of humanvisualattention.In this model,low-level �lters are
appliedto variousvisualstimuli in orderto produceindivid-
ual featuremapsin whichhighvaluesindicateareasof inter-
est.

All of the individual featuremapsareweightedandthen
summedinto a singleactivationmap. Attention is guidedto
peaksin theactivationmap,becausetheserepresentthemost
salientareasin thescene.In our model,top-down taskinfor-
mationcanin�uence the bottom-upfeaturemapsby chang-
ing theactivationmapthroughthemodifying of theweights
thatareappliedbeforethesummation.Our modelis shown
in �gure 2. Therearecertainfeaturesthat canmake objects
salient. For example,brightly colouredobjectsare a most
typicalexample,or if they aremoving in awaythatcanattract
attention,e.ga sudden,irregularandfastmovement.Eachof
the bottom-upblocks in the model representsa certainfea-
turethatcontributestowardsthecalculationof thesaliency of
an object. Our implementationfocuseson threebottom-up
blocksthatarefeaturedetectors.Theseare: Motion, Colour
andtheSizetheobjectoccupiesin theimage,whichnotonly
accountsfor theactualsizeof anobject,but alsofor thedis-
tanceof theobjectfrom thecamera,bothof whichareimpor-
tantin grabbingone'sattention.

Theremainingblocksin themodelare:

� Fovea-effect – this models the decreasein resolution
away from the centreof the image,becauseour eyes'
resolutiondecreasesdramaticallywith thedistancefrom
thefovea[Faridet al., 2002].



Figure3: Thearchitectureof thetop-down partof themodel
andhow it integrateswith thebottom-uppart

� Winner takesall (WTA) selectionasin Itti' s model[Itti
et al., 1998].

� An attention gate mechanismas in Wolfe's model
[Wolfe andGancarz,1996] which keepsa recordof the
two mostsalientareasin thescene.

� A saccadegenerationsystemasin Wolfe'smodel[Wolfe
andGancarz,1996].

4.2 Top-down
Figure 3 shows our completevisual attentionmodel which
includesthetop-down part.This �gure speci�cally illustrates
how thetop-down informationcouldin�uence thebottom-up
partof themodel,andviceversa.

Our Top-down part of the model receives the list of be-
haviours from the actionunderstandingmodel,describedin
theprevioussection,togetherwith theircon�dencelevelsand
theirforwardmodels.It mustselectonlyonebehaviouroutof
themany behaviours to attendto at any givenpoint in time.
The block labelled“SelectingONE Behaviour” in �gure 3
has� ve inputs:

� Behaviours– A list of hypotheses(potentialbehaviours
that explain the demonstration)is passedin, one of
whichmustbeselected.

� Con�denceLevels – The currentcon�dencelevels for
eachbehaviour.

� ResourceAllocation Algorithms – we have performed
experimentswith different resourceallocation algo-
rithms[Stallings,2000] thatcanbeemployedto decide
onhow to distributeresourcesbetweenthebehaviours.

� Internal Representationsof objectsand actions– this
block gives information about objects and how they
move,andinteractwith otherobjectsetc.

� Purelybottom-upsaliency map– thisis thesaliency map
representingthemostsalientobjectin thescene.

From the above � ve inputs,onebehaviour mustbe chosen.
Theblock labelled“Whereto attendfor this Behaviour?” in
�gure 3 hasthreeinputs:

� Output from “SelectingONE Behaviour” – the winner
behaviour that is selectedfrom the previous stageis
passedon.

� Internal Representationsof objectsand actions– this
block gives information about objects and how they
move,andinteractwith otherobjectsetc.

� Bottom-UpSaliency mapin�uencedby top-down – this
is to give currentinformationon wheretheattentionof
themodelis.

The outputof this block in�uencesall the bottom-upcalcu-
lation blocksin orderto direct theattentionof our modelin
sucha way thatit servesthecurrentbehaviour.

5 Experimental Setup
We implementedour model on an ActivMedia Peoplebot
robot,equippedwith apan-tilt-zoomcamera,aswell asatwo
degreesof freedomgripper, sonarandinfraredsensors.Only
thecamerawasusedin thefollowingsetsof experiments,and
thesaccadegenerationmodulewasswitchedoff asit wasnot
needed.

For theseexperiments,threeobjectswerechosen:A hand,
a coke can,andan orange.Eight behaviours werethende-
�ned:

� Behaviour 1 - Pickcokecan

� Behaviour 2 - Movecokecan

� Behaviour 3 - Movehandaway from cokecan

� Behaviour 4 - Pickorange

� Behaviour 5 - Moveorange

� Behaviour 6 - Movehandaway from orange

� Behaviour 7 - Dropcokecan

� Behaviour 8 - Droporange

Eachof thesebehaviourshasacorrespondingforwardmodel.
Figure4 showsthearrangementfor Behaviour 1.

Figure4: Behaviour1 - Pickinga cokecan



Figure5: Imagesto show bottom-upblockprocessingascene
of a handpickinga cokecan

All theotherbehavioursareimplementedin thesameway.
Forward modelswere handcodedusing kinematicrules to
outputthe predictionof the next state. The outputfrom the
forwardmodel,which is a predictionof theactualnext state,
is comparedwith thenext state.Basedon this comparison,a
con�dencelevel is generatedfor this behaviour by eitherre-
wardingit with onecon�dencepoint if thepredictionis suc-
cessful,or otherwisepunishingit by subtractingonecon�-
dencepoint.

Figure5 shows an input exampleof what the robot sees
whena behaviour is carriedout (in this case,it is thedemon-
strationof a handpicking a coke can). A backgroundwas
chosenwheretheseobject's colourswereminimally present.
Theseareonly snapshotsof someframes.

Thebottom-upblockdetectsandtracksthepresenceof the
cokecan,theorangeand/orthehandin thescene,depending
on what the top-down part of the attentionmodel requires.
Theoutputof this bottom-upblock arethecorrespondinglo-
cationsof wherethehand,thecokecanand/ortheorangeare
in thescene.This informationis thenpassedto thetop-down
part of the modelfor intelligent processing.The CAMShift
algorithm [Bradski, 1998] was usedto assistin doing this.
We useda hueandsaturationhistogramback-projectionof
cameraimagestakenatapixel resolutionof 160� 120andat
30 framesper second.The correspondinghistogramsof the
threeobjectsusedin ourexperimentswerepre-savedinto the
robot'smemory, andusedduringtheexperimentsasasimple
methodof objectrecognition.

Four different implementationswere experimentedwith
eachof theeightbehaviours:

� A pure implementationof the action understanding
modelwithout our attentionmodel.Hencetherewasno
layerof intelligenceto cutdown oncomputationalcosts,
i.e. eachbehaviour getsto carryoutall thecomputations
it requiresat each frame.

� Our Attentionmodelis addedto theactionunderstand-
ing modelusinga “round robin” schedulingalgorithm
(equaltime sharing)[Stallings,2000] to selectbetween
thebehaviours. Therefore,eachbehaviour is processed

every eighthframe,sincethereareeight behaviours in
total.

� Our Attentionmodelis addedto theactionunderstand-
ing modelusingthestrategy of “highestcon�dencelevel
alwayswins”, which meansthebehaviour with thepre-
vious highestcon�dence level getsthe next computa-
tion.

� Our Attentionmodelis addedto theactionunderstand-
ing modelusingacombinationof the“roundrobin” and
the“highestcon�dencelevel alwayswins” strategiesto
selectbetweenthebehaviours.

Finally, we alsorananothersetof experimentsby addingto
theseimplementationsinitialisationfor thetop-down partus-
ing bottom-upsaliencies.

6 Experimental Results
Weused26differentvideos,performing130experiments,us-
ing thedifferentschedulingalgorithmsabove,while varying
someof the model's parameters.The resultsfor behaviour
6 areshown in �gure 6 asan exampleof a typical outputto
demonstratehow oursystemcanworkontopof theactionun-
derstandingmodel,cutting down its computationalcostsby
upto 87.5%(becauseeverybehaviour is now only beingpro-
cessedoncein every8 frames), andstill producingthecorrect
resultsto determinewhich behaviour is beingdemonstrated.
But moreimportantly, it directsthelimited computationalre-
sourcesto therelevantareasin thescene,insteadof analysing
thewholescene.

In additionto this, theaboveresultsweresubstantiallyim-
provedby addinginitialisationto thetop-down partusingthe
bottom-upsalienciesto our attentionmodel . Therefore,in
thecaseof ascenewheretheorangedoesnotexist, asshown
in �gure 5, our bottom-upblock would detectthe coke can
andthehandasbeingsalientobjects.Usingpreviouslysaved
colour histograms,our systemrecognisesthat thesesalient
objectsareacokecanandahand.This resultis passedto the
top-down partof ourattentionmodel,which in turnwill only
selectthebehaviours thatareinvolvedwith theseobjects,as
opposedto previouslyselectingeverybehaviour thatexistsin
thedatabase.

Resultsfrom behaviour 1, whereno orangewas present
in the scene,are shown in �gure 7 as an examplefor this
initialisationprocessof only selectingtherelevantbehaviours
usingthebottom-upsaliencies.Theresultsarecomparedto
thepreviousimplementationwithout this initialisation. It can
be seenthat this initialisation processspeedsup the correct
recognitionof thecorrectbehaviour. Furthermore,it will also
serve in allowing scalabilityto beaddedto our model.

As canbeseenfrom �gure 6, our attentionmodelnotonly
still givesthecorrectresultsfor therecognitionof behaviour
6, but it doesit with the saving of up to 87.5%of the to-
tal computationalcosts.Furthermore,it returnsbetterresults
in recognisingthecorrectbehaviour by isolatingit from the
other wrong behaviours, due to the focusingon the correct
areasof the sceneonly, insteadof the entire image. These
successfulresultswere also seenfor all of the other seven
behavioursthatweretested.



Figure6: Behaviour 6 - Movehandaway from orange

Figure7: Behaviour 1 - Pickcokecan

Behaviour 6 in �gure 6 shows that whena “round robin”
schedulingalgorithmis applied,thecorrectbehaviour is still
picked, but it endsup with a lower con�dencevaluethat is
quite close to the other resulting con�dence valuesof the
otherbehaviours.Thereductionin computationalcostsusing
this algorithmhasresultedin a decreaseon the separability
of thebehaviours. This is becausetherearen framesin the
demonstratedscene(in theseexperiments,n is 60),andeach
behaviour is only processedonceevery m frames,wherem
is the numberof behaviours (in theseexperiments,m is 8)
meaninga total numberof n=m computationsperbehaviour
(which is 7 in theseexperiments,hence,only a maximum
scoreof 7 for the winning behaviour). Behaviour 6 in this
casescores5 outof 7, still enoughto make it thewinningbe-
haviour, but muchlower thanthepureimplementationof the
actionunderstandingmodelwithout theuseof any attention
mechanism.

When“highestcon�dencelevel alwayswins” is used,the
oppositeeffect to “round robin” canbe seen:attentionacts
like an acceleratorto the winning behaviour onceit recog-
niseswhois thewinner, suppressingall theothers.Theprob-
lem with purely using the schedulingalgorithmof “highest
con�dencelevel alwayswins”, is that it maynot alwaysini-
tialisecorrectly, ascanbeseenin �gure 6, hencetakingsome
timebeforeconvergingon thecorrectbehaviour.

To alleviate this problem, we used the “round robin”
schedulingalgorithmasan initialisation stepfor the “high-
estcon�dencelevel alwayswins” which thenactsasan ac-



celeratorfor the winning behaviour. Hence,“round robin”
is appliedonly for half the lengthof the demonstration(30
framesin theseexperiments).Thenthe “highestcon�dence
level alwayswins” is appliedasanacceleratorto thewinning
behaviour. As canbe seenfrom �gure 6, it returnsaccurate
andfastresultsfor selectingthewinningbehaviour. Thispro-
cessmay be seenasbeingequivalentto “playing it safe” at
thebeginningby lookingeverywhere,becausewearenot yet
surewhat is happening.But oncewe startto understandthe
scenebetter, we aremorecon�dent to focuson the relevant
partsandignoringtherest.

Resultsfrom �gure 7 show signi�cant improvementswhen
usingthe bottom-upsalienciesto initialise the top-down se-
lection of the relevant behaviours. Henceas a result, only
the relevantbehavioursarepickedfor processing,insteadof
picking all the behaviours in the robot's database.In this
experiment,the robot has8 behaviours in its database,4 of
which involvea handanda cokecan,andtheother4 involve
a handand an orange. In the demonstratedvideo, the or-
angeis not present,hence,all the4 behavioursinvolving the
orange,are immediatelypunishedand not processed.The
remaining4 behaviours(insteadof thetotal 8) areprocessed
with the“roundrobin” schedulingalgorithmatthebeginning.
Greatimprovementcanbeseenherein �nding thecorrectbe-
haviour sooner, at frame10 insteadof thepreviousframe31.
Thiscanbethoughtof asenablingourmodelto recognisethe
correctbehaviour beingdemonstratedeasierandquicker in a
lesscomplicatedscenewith fewerobjects.

7 Conclusion

Our attentionmodelutilisesboth, resourceschedulingalgo-
rithms, andinitialisation of the top-down mechanismto cut
down on thecomputationalcosts.We havefoundthatacom-
bination of the “round robin” and the “highest con�dence
level alwayswins” strategies,togetherwith usingthebottom-
up salienciesfor initialising the top-down selectionof the
relevantbehaviours to the demonstratedscene,worked very
well.

Thecomputationalcostsneededto runourattentionmodel
are justi�ed sincethe action-understandingmodel is aimed
at having a large numberof behaviours. As the number
of behaviours increasestherefore,the resultantsearchspace
makes the model indispensable.This is especiallybecause
thesavings on the computationalcostswill alsoincreaseby
(n � 1)=n for n behaviours.

We areworking towardsfurtheroptimisationof ourmodel
by consideringoptimalpathalgorithms.For example,if the
sequenceof plannedallocationsinvolveslookingat thehead,
feet, and arm of a humandemonstrator, the algorithm will
try to minimisethesaccaderequiredandrearrangethe allo-
cationsto accommodatethat.

Optimisationbasedon predictingfuture requestswill fur-
ther enhancetheperformanceof our model,andwill be our
next stepin ourinvestigationbetweenattentionandactionun-
derstanding,with theultimategoalof having robotsthatwill
ef�ciently understandour humanactions.

Acknowledgments
This researchwas funded by the Donal W Morphy Trust
Scholarshipand by the UK Engineeringand PhysicalSci-
encesResearchCouncilandTheRoyal Society. Theauthors
would like to thankthe BioART teamfor their supportand
assistance,especiallyMatthew Johnsonwho assistedin the
implementationof thecamshifttracker.

References
[Bradski,1998] G. R. Bradski. Computervision facetrack-

ing for usein aperceptualuserinterface.Intel Technology
Journal, Q2:1–15,1998.

[BreazealandScassellati,1999] CynthiaBreazealandBrian
Scassellati. A context-dependentattentionsystemfor a
social robot. In IJCAI '99: Proceedingsof the Sixteenth
International Joint Conferenceon Arti�cial Intelligence,
pages1146–1153,SanFrancisco,CA, USA, 1999.

[DemirisandJohnson,2003] Y. Demiris and M. Johnson.
Distributed, predictive perceptionof actions: a biologi-
cally inspiredroboticsarchitecturefor imitationandlearn-
ing. ConnectionScienceJournal, 5(4):231–243,2003.

[Faridet al., 2002] M. M. Farid, F. Kurugollu, and F. D.
Murtagh. Adaptive wavelet eye-gaze-basedvideo com-
pression[4877-32]. Proceedings-Spiethe International
Societyfor OpticalEngineering, (4877):255–263,2002.

[Itti et al., 1998] L. Itti, C. Koch, andE. Niebur. A model
of saliency-basedvisualattentionfor rapidsceneanalysis.
IeeeTransactionson PatternAnalysisandMachineIntel-
ligence, 20(11):1254–1259, 1998.

[KochandUllman,1985] C. KochandS. Ullman. Shifts in
selective visual attention: towardsthe underlyingneural
circuitry. HumanNeurobiology, 4:219–227,1985.

[Stallings,2000] William Stallings.Operating systems: in-
ternalsanddesignprinciples. PrenticeHall, 4thededition,
2000.

[TreismanandGelade,1980] A. TreismanandG. Gelade.A
feature-integrationtheoryof attention.CognitivePsychol-
ogy, 12(1):97–136,1980.

[Tsotsos,1989] J. K. Tsotsos. Complexity of perceptual
searchtasks. In Proceedingsof the 11th Int. Joint Conf.
onArti�cial Intelligence, pages1571–1577,1989.

[Tsotsos,2001] J.K. Tsotsos.Motion understanding:Task-
directedattentionandrepresentationsthat link perception
with action. International Journal of ComputerVision,
45(3):265–280,2001.

[VanEssenet al., 1991] D.C.VanEssen,B. Olshausen,C.H.
Anderson,andJ.L.Gallant.Patternrecognition,attention,
andinformationbottlenecksin theprimatevisualsystem.
Proc.SPIEConf. onVisual InformationProcessing:From
Neuronsto Chips, 1991.

[Wolfe andGancarz,1996] J. M. Wolfe and G. Gancarz.
Guidedsearch3.0. In Basic and Clinical Applications
of VisionScience, pages189–192.Kluwer AcademicPub-
lishers,Dordrecht,1996.


