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Abstract

The limited visual and computationalresources
available during the perceptionof a human ac-
tion makesa visual attentionmechanismessential.
In this paperwe proposean attentionmechanism
that combinesthe salieny of top-dowvn (or goal-
directed)elements,basedon multiple hypotheses
aboutthedemonstratedction,with the salieny of
bottom-up(or stimulus-drven) components.Fur-
thermorewe usethebottom-uppartto initialisethe
top-dowvn, henceresultingin a selectionof the be-
haviours that rightly requirethe limited computa-
tional resourcesThis attentionmechanisms then
combinedwith anactionunderstandingnodeland
implementedn arobot,wherewe examineits per
formanceduringthe obsenationof object-directed
humanactions.

1 Intr oduction

In an attemptto arrive at a de nition for attention Tsotsos,
in his review paper[Tsotsos2001], arrivesat the following
proposal:“ Attentionis a setof strateggiesthat attemptgo re-
ducethe computationatostof the search processeinherent
in visualperceptiori. Ourwork aimsat producingamodelof
visual attentionfor dynamicscenesemphasisinghe impor-
tanceof top-downknowledgin directingtheattentionduring
actionrecognition.

After introducingthe two different (bottom-upand top-
down) elementsof attention,we will proceedto review a
modelof actionunderstandingDemiris and Johnson2003
thatwill make useof our attentionmodel, to correctlyallo-
catethe limited resourcesvailableto it. Subsequentlywe
will proceedo describehow the multiple hypothesegener
atedby our modelwhile the humandemonstation is unfold-
ing canfeedtop-downn signalsto the attentionmechanisnto

directattentionto theimportantaspect®f thedemonstration.

Furthermorewe proposea methodfor initialising thetop-
down part,usingthe salieny of the bottom-uppartin our vi-
sualattentionmechanismWe have implementedur model
on an ActivMedia Robot, running experimentsobservinga
humanactinguponvariousobjects.Theseresultswill bepre-
sentedanddiscussednot only in termsof whetherour atten-
tion modelallocategheresourcegorrectly but alsoto seeif

it resultsin afasterecognitionof the correctbehaiour being
demonstrateéh the actionunderstandingnodel.

2 Background

Work in cognitive sciencesuggestshatthe controlinputsto
the attentionmechanisntanbe dividedinto two cateyories:
stimulus-driven (or “bottom-up”) andgoal-directedor “top-
down”) [Van Essenet al., 1991. A numberof bottom-up
attentionmodelsfollow Treismans Featurelntegrationthe-
ory [TreismanandGelade, 1980 by calculatingthe salieng
for differentlow-level featuresof the object,e.qg. colour, tex-
ture or movement. A winnertake-all approachis thenused
to decideon the mostsalientpart of the scene(asin [Koch
andUliman, 1989, [Itti etal., 1994, [BreazeahndScassel-
lati, 1999). Top-davn, on the otherhand,coversthe goal-
directedfactors essentiallythetask-dependergartof thevi-
sualattentionmodel. Wolfe [Wolfe andGancarz,199€ pro-
duceda biologically inspiredGuidedSearchModel thatcon-
trols the bottom-upfeaturesthat are relevant to the current
taskby a top-dovn mechanismthroughvaryingthe weight-
ing of thefeature maps However, it is not clearwhatthetask
relevantfeaturesare,particularlyin the caseof actionrecog-
nition.

Our attentionmechanismis inspired by Wolfe's model,
and integratesbottom-upelementswith a top-dovn mecha-
nism using behavious' and forward modelsthat can guide
therobot's attentionaccordingto the currenttask. A forward
modelis a function that, given the currentstateof the sys-
tem anda control commandto be appliedon it asgiven by
thebehaviour, outputsthe predictednext state.Ourtop-dovn
partof theattentionmodel,whenobservingademonstration,
will make a predictionof the next statefor a numberof dif-
ferentpossiblebehaiours, producinga con dencevaluefor
eachpasedntheobsenedaccurag of theprediction.These
con dencelevelsareimportantvaluesthat canbe thoughtof
as salienciesfor the top-davn mechanisnof our attention
model, henceproducinga principled methodof quantifying
thetop-dawn partof theattentionmechanism.

In the experimentalsection,we will demonstrateéhat this
attentionmechanismmprovesperformancen actionunder
standingmechanismshat use multiple behaiours and for-

LAlso known ascontrollersor inversemodelsin thecontrolliter-
ature
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Figurel: Action understandingnodel[DemirisandJohnson,
2003.

ward modelssuchas[DemirisandJohnson2003. This will
be donein two ways: rst by cutting down the numberof
computationatyclesrequiredfor identifying the correctbe-
haviour andby directingthelimited computationatesources
to the relevant partsof the humandemonstrationinsteadof
the whole scene. Secondly by using the salieng from the
bottom-uppartof ourvisualattentionmechanisnto initialise
the top-downn part, enablingit to selectonly the relevantbe-
havioursto the demonstratedction,insteadof activatingand
runningall of them.

3 Action Understanding Model

Demiris's actionunderstandingnodel[DemirisandJohnson,
2003, shavn in gure 1, identi es the correct behaiour
thatis beingobsened by usingforward modelsfor a num-
ber of behaiours. By predictingwhatwill happemext, and
comparingit with whatactually doeshappemext (from the
behaiour thatis beingdemonstrated);on dencelevels are
generatedor eachof the predictedbehaiours. Fromthese,
awinneris selectedby picking the predictedbehaiour with
thehighestcon dencelevel.

The attentionmechanisnwe proposein this papercanbe
usedto cut computationalcostson this action understand-
ing model[Demiris andJohnson2003. It would befar too
computationallyexpensve to direct the attentionof the ob-
senertowardsall the partsof the demonstratioro satisfyall
the possiblebehaiours [Tsotsos,1989. Hence,the atten-
tion mechanisnis usedto restrictthis, giving only oneof the
behaiours at a time the informationit requires. Using this
attentionmechanismyve managedo cut down substantially
on the computationatosts,yet it wasalsoachiezed without
affectingthe quality of the systemto the extentof producing
wrongoutcomes.

The succesf our model will be demonstratedhrough
comparison®f thenew resultswith theresultsfrom theorig-
inal actionunderstandingnodelfor anumberof differentbe-
haviours. If, afterhaving cut down on all the computational
costsusing our visual attentionmodel, the nal behaiour
chosenin eachsituationwith the previous model [Demiris
and Johnson,2003 remainsthe same,then our attention
modelwill bedeemedo have succeedeth its task.
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Figure 2: Our Bottom-up model of Visual Attention. The
outputis the Focusof Attention (FOA)

4 The Attention Mechanism

In this sectionwe will describethe designof our attention
mechanismand the integration of 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 humarvisualattentionandvisualsearcH Wolfe and
Gancarz1994. This modelusesTreismans Featurdntegra-
tion theory[ TreismanandGelade; 1980 to construcamodel
of humanvisualattention.In this model,low-level Iters are
appliedto variousvisual stimuli in orderto produceindivid-
ual featuremapsin which high valuesindicateareaf inter-
est.

All of the individual featuremapsare weightedandthen
summednto a singleactivationmap. Attentionis guidedto
peaksn theactivationmap,becaus¢heserepresenthe most
salientareadn the sceneln our model,top-dowvn taskinfor-
mationcanin uence the bottom-upfeaturemapsby chang-
ing the activation mapthroughthe modifying of the weights
thatareappliedbeforethe summation.Our modelis shavn
in gure 2. Therearecertainfeatureshat canmake objects
salient. For example, brightly colouredobjectsare a most
typicalexample or if they aremoving in awaythatcanattract
attentione.ga suddenjrregularandfastmovement.Eachof
the bottom-upblocksin the modelrepresents certainfea-
turethatcontributestowardsthe calculationof the salieny of
an object. Our implementatiorfocuseson threebottom-up
blocksthatarefeaturedetectors.Theseare: Motion, Colour
andthe Sizethe objectoccupiesn theimage,which notonly
accountdor the actualsizeof anobject,but alsofor the dis-
tanceof theobjectfrom the camerapothof whichareimpor-
tantin grabbingone's attention.

Theremainingblocksin themodelare:

Fovea-efect — this modelsthe decreasén resolution
away from the centreof the image, becauseour eyes'
resolutiondecreasedramaticallywith thedistanceérom
thefovea[Faridetal., 2002.
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Winnertakesall (WTA) selectionasin Itti' s model[ It
etal., 1994.

An attention gate mechanismas in Wolfe's model
[Wolfe andGancarz 1996 which keepsa recordof the
two mostsalientareadn thescene.

A saccadgeneratiorsystemasin Wolfe'smodel[Wolfe
andGancarz1994.

4.2 Top-down

Figure 3 showvs our completevisual attentionmodel which
includesthetop-dawn part. This gure speci cally illustrates
how thetop-dowvn informationcouldin uence thebottom-up
partof themodel,andvice versa.

Our Top-downn part of the model recevesthe list of be-
haviours from the action understandingnodel, describedn
theprevioussectiontogethemwith theircon dencelevelsand
theirforwardmodels.It mustselectonly onebehaiour outof
the mary behaioursto attendto at ary given pointin time.
The block labelled “Selecting ONE Behaviour” in gure 3
has veinputs:

Behaviours— A list of hypothesegpotentialbehaiours
that explain the demonstration)is passedin, one of
which mustbeselected.

Con dencelevels— The currentcon dence levels for
eachbehaiour.

ResourceAllocation Algorithms — we have performed
experimentswith different resourceallocation algo-
rithms [Stallings,200d thatcanbe employedto decide
on how to distributeresource®etweerthe behaiours.

Internal Representationsf objectsand actions— this
block gives information about objects and how they
move, andinteractwith otherobjectsetc.

Purelybottom-upsalieny map—thisisthesalieny map
representinghe mostsalientobjectin thescene.

Fromthe above ve inputs, one behasiour mustbe chosen.
The block labelled“Whereto attendfor this Behaviour?” in
gure 3 hasthreeinputs:

Outputfrom “SelectingONE Behasiour” — the winner
behaiour that is selectedfrom the previous stageis
passen.

Internal Representationsf objectsand actions— this
block gives information about objects and how they
move, andinteractwith otherobjectsetc.

Bottom-UpSalieny mapin uenced by top-dovn — this
is to give currentinformationon wherethe attentionof
themodelis.

The outputof this block in uencesall the bottom-upcalcu-
lation blocksin orderto directthe attentionof our modelin
suchaway thatit senesthe currentbehaiour.

5 Experimental Setup

We implementedour model on an ActivMedia Peoplebot
robot,equippedvith apan-tilt-zoomcameraaswell asatwo
degreesof freedomgripper, sonarandinfraredsensorsOnly
thecameravasusedn thefollowing setsof experimentsand
thesaccadgeneratiormodulewasswitchedoff asit wasnot
needed.

For theseexperimentsthreeobjectswerechosen:A hand,
a coke can,andan orange. Eight behaiours werethende-

ned:

Behaviour 1 - Pick coke can

Behaviour 2 - Move coke can

Behaviour 3 - Move handaway from coke can
Behaviour 4 - Pick orange

Behaviour 5 - Move orange

Behaviour 6 - Move handaway from orange
Behaviour 7 - Drop coke can

Behaviour 8 - Drop orange

Eachof thesebehaiourshasa correspondingorwardmodel.
Figure4 shavsthearrangemenfor Behaviour 1.

Forward Model of

"Move hand towards [ Prediction of
coke can" next state

f

Current State

Behaviour 1: Move
hand towards coke can
until hand position =
coke position

Motor
Command

Figure4: Behaviourl - Pickingacoke can



Figure5: Imagedo shav bottom-upblock processingiscene
of ahandpickingacoke can

All theotherbehaioursareimplementedn the sameway.
Forward modelswere hand codedusing kinematicrulesto
outputthe predictionof the next state. The outputfrom the
forwardmodel,which s a predictionof the actualnext state,
is comparedvith the next state.Basedon this comparisona
con dencelevel is generatedor this behaiour by eitherre-
wardingit with onecon dencepointif the predictionis suc-
cessful,or otherwisepunishingit by subtractingone con -
dencepoint.

Figure 5 shavs an input example of what the robot sees
whenabehaviour is carriedout (in this casejt is thedemon-
strationof a handpicking a coke can). A backgroundwas
choserwheretheseobject's colourswereminimally present.
Theseareonly snapshotef someframes.

Thebottom-upblock detectsandtracksthe presencef the
coke can,the orangeand/orthe handin the scenedepending
on what the top-davn part of the attentionmodelrequires.
The outputof this bottom-upblock arethe correspondindo-
cationsof wherethe hand the coke canand/ortheorangeare
in the scene This informationis thenpassedo thetop-down
part of the modelfor intelligent processing.The CAMShift
algorithm [Bradski, 199§ was usedto assistin doing this.
We useda hue and saturationhistogramback-projectionof
camerdmagedakenatapixel resolutionof 160 120andat
30 framesper second.The correspondindiistogramsof the
threeobjectsusedin our experimentsverepre-saedinto the
robot's memory andusedduringtheexperimentsasasimple
methodof objectrecognition.

Four different implementationswvere experimentedwith
eachof theeightbehaiours:

A pure implementationof the action understanding
modelwithout our attentionmodel. Hencetherewasno
layerof intelligenceto cutdown on computationatosts,
i.e. eachbehaiour getsto carryoutall thecomputations
it requiresatead frame.

Our Attention modelis addedto the actionunderstand-
ing model usinga “round robin” schedulingalgorithm

(equaltime sharing)[Stallings,2000 to selectbetween
the behaiours. Therefore eachbehaiour is processed

every eighthframe, sincethereare eight behaioursin
total.

Our Attention modelis addedto the actionunderstand-
ing modelusingthestratey of “highestcon dencelevel
alwayswins”, which meanshe behaiour with the pre-
vious highestcon dencelevel getsthe next computa-
tion.

Our Attention modelis addedto the actionunderstand-
ing modelusinga combinationof the“round robin” and
the“highestcon dencelevel alwayswins” stratgjiesto
selectbetweerthebehaiours.

Finally, we alsoran anothersetof experimentsby addingto
theseimplementationgnitialisationfor thetop-down partus-
ing bottom-upsaliencies.

6 Experimental Results

We used?6 differentvideos performingl30experimentsus-
ing the differentschedulingalgorithmsabove, while varying
someof the model's parameters.The resultsfor behaiour
6 areshovn in gure 6 asanexampleof atypical outputto
demonstratbow our systencanwork ontop of theactionun-
derstandingmodel, cutting down its computationakostsby
upto 87.5%(becausevery behaiour is now only beingpro-
cesseancein every8 frame$, andstill producingthecorrect
resultsto determinewhich behaiour is beingdemonstrated.
But moreimportantly it directsthelimited computationate-
sourcedo therelevantareasn thesceneinsteadf analysing
thewholescene.

In additionto this, the above resultsweresubstantiallyim-
provedby addinginitialisationto thetop-davn partusingthe
bottom-upsalienciego our attentionmodel. Therefore,in
the caseof a scenewherethe orangedoesnot exist, asshavn
in gure 5, our bottom-upblock would detectthe coke can
andthehandasbeingsalientobjects.Usingpreviously saved
colour histograms,our systemrecogniseghat thesesalient
objectsarea coke canandahand.Thisresultis passedo the
top-downn partof our attentionmodel,whichin turnwill only
selectthe behaioursthatareinvolvedwith theseobjects,as
opposedo previously selectingevery behaviour thatexistsin
thedatabase.

Resultsfrom behaiour 1, whereno orangewas present
in the scene,are shavn in gure 7 asan examplefor this
initialisationproces®f only selectingherelevantbehaiours
usingthe bottom-upsaliencies.The resultsare comparedo
thepreviousimplementatiorwithout this initialisation. It can
be seenthat this initialisation processspeedsaup the correct
recognitionof thecorrectbehaiour. Furthermoreit will also
senein allowing scalabilityto beaddedto our model.

As canbeseenfrom gure 6, our attentionmodelnot only
still givesthe correctresultsfor the recognitionof behaiour
6, but it doesit with the saring of up to 87.5% of the to-
tal computationatosts.Furthermoreit returnsbetterresults
in recognisingthe correctbehaviour by isolatingit from the
otherwrong behaiours, due to the focusingon the correct
areasof the sceneonly, insteadof the entireimage. These
successfuresultswere also seenfor all of the other seven
behaioursthatweretested.
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Figure6: Behaviour 6 - Move handaway from orange
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Figure7: Behaviour 1 - Pick coke can

Behaviour 6 in gure 6 shavs thatwhena “round robin”
schedulingalgorithmis applied,the correctbehaiour is still
picked, but it endsup with a lower con dencevaluethatis
quite closeto the other resulting con dence valuesof the
otherbehaiours. Thereductionin computationatostsusing
this algorithmhasresultedin a decreasen the separability
of the behaiours. This is becauseherearen framesin the
demonstratedceng(in theseexperimentsn is 60), andeach
behaiour is only processeadnceevery m frames,wherem
is the numberof behaiours (in theseexperimentsm is 8)
meaninga total numberof n=m computationger behaiour
(which is 7 in theseexperiments,hence,only a maximum
scoreof 7 for the winning behaiour). Behaviour 6 in this
casescoress outof 7, still enoughto make it thewinning be-
haviour, but muchlower thanthe pureimplementatiorof the
actionunderstandingnodelwithout the useof ary attention
mechanism.

When“highestcon dencelevel alwayswins” is used,the
oppositeeffect to “round robin” canbe seen:attentionacts
like an acceleratotto the winning behaiour onceit recog-
niseswhois thewinner, suppressingll the others.The prob-
lem with purely usingthe schedulingalgorithm of “highest
con dencelevel alwayswins”, is thatit may not alwaysini-
tialisecorrectly ascanbeseenn gure 6, henceakingsome
time beforecorverging on thecorrectbehaiour.

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



celeratorfor the winning behaiour. Hence,“round robin”

is appliedonly for half the length of the demonstratior(30

framesin theseexperiments).Thenthe “highestcon dence
level alwayswins” is appliedasanacceleratoto thewinning

behaiour. As canbe seenfrom gure 6, it returnsaccurate
andfastresultsfor selectinghewinningbehaviour. This pro-

cessmay be seenasbeingequialentto “playing it safe”at

thebeginningby looking everywhere pecauseave arenotyet

surewhatis happening.But oncewe startto understandhe

scenebetter we aremorecon dent to focuson the relevant
partsandignoringtherest.

Resultfrom gure 7 show signi cantimprovementsvhen
usingthe bottom-upsalienciedo initialise the top-davn se-
lection of the relevant behaiours. Henceas a result, only
therelevantbehaiours are picked for processinginsteadof
picking all the behaiours in the robot's database.In this
experiment,the robot has8 behaioursin its database4 of
whichinvolve a handanda coke can,andtheother4 involve
a handand an orange. In the demonstratediideo, the or-
angeis not presenthenceall the4 behaioursinvolving the
orange,are immediatelypunishedand not processed.The
remaining4 behaviours (insteadof thetotal 8) are processed
with the“roundrobin” schedulingalgorithmatthebeginning.
Greatimprovementanbeseerherein nding thecorrectbe-
haviour sooneyatframe10 insteadof the previousframe31.
This canbethoughtof asenablingour modelto recognisehe
correctbehaiour beingdemonstratedasierandquickerin a
lesscomplicatedscenewith fewer objects.

7 Conclusion

Our attentionmodel utilises both, resourceschedulingalgo-
rithms, andinitialisation of the top-dovn mechanisnto cut
down onthe computationatosts.We have foundthata com-
bination of the “round robin” and the “highest con dence
level alwayswins” stratgjies,togethemith usingthebottom-
up salienciesfor initialising the top-davn selectionof the
relevantbehaioursto the demonstratedceneworked very
well.

Thecomputationatostsneededo run our attentionmodel
arejusti ed sincethe action-understandingrodelis aimed
at having a large numberof behaiours. As the number
of behaioursincreasegherefore the resultantsearchspace
malesthe modelindispensable.This is especiallybecause
the savings on the computationatostswill alsoincreaseby
(n  1)=nfor n behaiours.

We areworking towardsfurtheroptimisationof our model
by consideringoptimal pathalgorithms. For example,if the
sequencef plannedallocationsnvolveslooking atthehead,
feet, and arm of a humandemonstratqrthe algorithm will
try to minimise the saccaderequiredandrearrangehe allo-
cationsto accommodatéhat.

Optimisationbasedon predictingfuture requestswill fur-
ther enhancehe performancenf our model,andwill be our
next stepin ourinvestigatiorbetweerattentiorandactionun-
derstandingwith the ultimategoal of having robotsthatwill
efciently understan@ur humanactions.
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