Why can't Josread?
The problem of learning semanticassociationgn a robot ernvironment

Peter Carbonetto
Departmenbf ComputerScience
University of British Columbia

pcarbo@cs.ubc.ca

Abstract

We studythe problemof learningto recognise
objectsin the contt of autonomousagents.
We cast object recognitionas the processof

attachingmeaningfulconceptsto specic re-

gions of animage. In otherwords, given a

setof imagesandtheir captions the goalis to

sgmentthe image,in eitheran intelligent or

naive fashion,thento nd the propermapping
betweenwordsandregions. In this paper we

demonstrat¢hata modelthatlearnsspatialre-

lationshipsbetweenindividual words not only

provides accurateannotationsput also allows

one to perform recognitionthat respectsthe

real-timeconstraintof anautonomousnobile

robot.

1 Intr oduction

In writing this paperwe hopeto promotea discussioron
the designof an autonomousgentthat learnssemantic
associationsn its ervironmentor, more precisely that
learnsto associateegions of imageswith discretecon-
cepts. Whenanimageregion is labeledwith a concept
in anappropriateandconsistenfashion,we saythatthe
objecthasbeenrecgnised(Duygulu et al., 2002). We
useour laboratoryrobot, Jo€ (Elinaset al., 2002),asa
prototype,but the ideaspresentedereextendto a wide
variety of settingsandagents.

Beforewe proceedwe mustelucidateon the require-
mentsfor achiezing semantidearningin anautonomous
agentcontext.

Primarily, we needa modelthatlearnsassociationbe-
tweenobjectsgiven a setof imagespairedwith userin-
put. Formally, thetaskis to nd afunctionthatseparates
the spaceof imagepatchdescriptionsgnto n,, semantic
conceptswheren,, is thetotal numberof conceptsn the
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Figure 1: Theimage on the left is Jost (Elinas et al.,
2002),themobilerobotweusedto collecttheimage data.
Theimageson theright are examplegherobothascap-
turedwhile roamingin thelab, alongwith labelsusedfor
training. e depictimage region annotationsn later g-

ures, but we emphasizehat the robot receivesonly the
labelsasinput for training. Thatis, the robotdoesnot
knowwhatwords correspondo theimage regions.

training set(from now on we usetheword “patch” to re-

fer to a contiguousregion in animage). Thesesupplied
conceptscould be in the form of text captions,speech,
or arything elsethatmight corvey semantiainformation.

For thetime being,we restrictthe setof conceptdo En-

glishnouns(e.g.“face”,“toothbrush”,“ oor”). SeeFig-
ure 1 for examplesof imagespairedwith captionscom-
posedof nouns. Despitethis restriction, we still leave
oursehesopento a greatdeal of ambiguity and uncer
tainty, in partbecaus@bjectscanbedescribedat several
differentlevels of speci city, and at the samelevel us-
ing differentwords(e.qg. is it “sea”, “ocean”, “wave” or
“water”?). Ideally, onewould like to imposea hierarcly
of lexical conceptsasin WordNet(Fellbaum,1998).We

haveyetto exploreWordNetfor ourproposedramenork,



thoughit hasbeenusedsuccessfullffor imageclustering
(Barnardetal.,2001;Barnardetal., 2002).

Imageregions, or patches,are describedby a set of
low-level featuressuchasaverageandstandardieviation
of colour, averageorientedGabor Iter responseto rep-
resenttexture, and positionin space. The setof patch
descriptiondormsann; -dimensionakpaceof realnum-
bers,wherens is the numberof features.Even complex
low-level featuresare far from adequatdor the task of
classifyingpatchesasobjects— at somepoint we need
to move to representationthat include high-level infor-
mation.In this papemwe take asmallstepin thatdirection
sinceourmodellearnsspatialrelationsbetweerconcepts.

Giventheuncertaintyregardingdescriptionsf objects
andtheir correspondingonceptswe furtherrequirethat
themodelbe probabilistic.In this papemwe useBayesian
techniquego constructour objectrecognitionmodel.

Implicitly, we needa thoroughmethodfor decompos-
ing animageinto conceptuallycontiguousregions. This
is not only non-trivial, but alsoimpossiblewithout con-
sideringsemanticassociations.This motivatesthe seg-
mentationof imagesand learningassociationdetween
patchesandwordsastightly coupledprocesses.

The subjectof sggmentationbringsup anotherimpor-
tantconsideration A goodsegmentatioralgorithmsuch
asNormalizedCuts(ShiandMalik, 1997)cantake onthe
orderof aminuteto complete.For mary real-timeappli-
cationsthis is an unafordableexpense. It is important
to abideby real-timeconstraintsn the caseof a mobile
robot,sinceit hasto simultaneouslyecogniseandnego-
tiate obstaclesvhile navigatingin its ervironment. Our
experimentssuggesthat the costly stepof a decoupled
sgymentatiorcanbe avoidedwithout imposinga penalty
to objectrecognitionperformance.

Autonomoussemanticdearningmustbe considereca
supervisegrocesr, aswe will seelateron, a partially-
supervisegrocesssincethe associationgremadefrom
the perspectie of humans. This motivatesa secondre-
guirement:a systemfor the collectionof data,ideally in
anon-linefashion.As mentionedabove, userinput could
comein the form of text or speech. However, the col-
lection of datafor supervisedclassi cationis problem-
atic andtime-consumindor the useroverseeinghe au-
tonomousagent,sincethe useris requiredto tediously
feedthe agentwith self-annotatedegionsof images. If
we relax our requiremenbn training dataacquisitionby
requestingaptionsatanimagelevel, notatapatchlevel,
theacquisitionof labeleddatais suddenlymuchlesschal-
lenging. Throughoutthis paper we usemanualannota-
tions purely for testingonly — we emphasizehat the
trainingdataincludesonly the labelspairedwith images.

We are no longer exploring object recognitionas a
strict classi cationproblem,andwe do soat a costsince
we areno longerblessedwith the exactassociationde-

tweenimageregionsandnouns.As aresult,thelearning
problemis now unsupervised For a singletraining im-
ageanda particularword token,we mustnow learnboth
the probability of generatingthat word given an object
descriptionandthe correctassociatiorto one of the re-
gionswith theimage. Fortunately thereis a straightfor
ward parallelbetweerour objectrecognitionformulation
andthe statisticalmachinetranslationproblemof build-
ing alexicon from analignedbitext (Brown etal., 1993;
Al-Onaizanetal., 1999). Throughouthis paper we rea-
son aboutobjectrecognitionwith this analogyin mind
(Duyguluetal., 2002).

What other requirementshouldwe consider? Since
our discussioninvolves autonomousagents,we should
pursuea dynamicdataacquisitionmodel. We can con-
siderthe problemof learninganobjectrecognitionmodel
asanon-linecorversatiorbetweertherobotandtheuser
andit follows the robot shouldbe ableto participate. If
the agentventuresnto “unexploredterritory”, we would
like it to make unpromptedequestdor moreassistance.
Onecoulduseactive learningto implementa schemeor
requestinguserinput basedon what information would
be mostvaluableto classi cation. This hasyet to be ex-
ploredfor objectrecognition,but it hasbeenappliedto
the relateddomainof imageretrieval (Tong and Chang,
2001). Additionally, the learningprocesscould be cou-
pled with reinforcement— in other words, the robot
could offer hypothesedor visual input and await feed-
backfrom user

In the next sectionwe outline our proposed:ontetual
translationmodel. In Section3, we weigh the merits of
several differenterrormeasures$or the purposef eval-
uation. The experimentalresultson the robot dataare
givenin Section4. We leave discussionof resultsand
futurework to the nal sectionof this paper
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Figure2: Thealignmentvariablesrepresentthe corre-
spondencebetweerabel words and image patdies. In
this example thecorrectassociatioris a,, = 4.
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2 A contextual translation modelfor
object recognition

In this paper we castobjectrecognitionas a machine
translationproblem,as originally proposedn (Duygulu



et al., 2002). Essentially we translatepatcheg(regions
of animage)into words. The modelactsasa lexicon a
dictionarythat predictsonerepresentatiofwords)given
anotherepresentatiofpatches)Firstweintroducesome
notation,andthenwe build astoryfor ourproposegrob-
abilistic translationrmodel.

We considera set of N images paired with their
captions. Each training example n is composedof
a set of patchesfh,i;::;; b, g and a set of words
fWn1;:5Wae , 9. My, is thenumberof patchesn image
n andL, is the numberof wordsin theimages caption.
Eachb,; R"* isavectorcontainingasetof featureval-
uesrepresentingolour, texture,position,etc, wherens is
the numberof features For eachpatchby; , our objective
is to alignit to aword from theattachedaption.We rep-
resentthis unknowvn associatiorby a variablea,; , such
thata); = 1if by translateso wy ; otherwiseal, = O.
Therefore,p(al; ) . p(ay = i) is the probability that
patchhy; is alignedwith word wy,; in documenin. See
Figure 2 for anillustration. n,, is the total numberof
wordtokensin thetrainingset.

We constructjoint probabilityoverthetranslatiorpa-
rametersandlatentalignmentvariablesn suchawaythat
maximizingthejoint resultsin whatwe believe shouldbe
the bestobjectrecognitionmodel (keepingin mind the
limitations placedby our setof features!). Without loss
of generalitythejoint probabilityis

M
p(anj jan;l:j l;bn;lzj 1;Wn; )
n=1j=1

p(bnj jan 1 h; 1y 15Was ) (D)

wherew, denotesthe setof wordsin the nth caption,
an;1;j 1listhesetof latentalignmentsltoj 1inimage
n, by, 1;j 1 isthesetof patchesltoj 1,and istheset
of modelparameters.

Generally speaking,alignmentsbetweenwords and
patchesdependon all the other alignmentsin the im-
age, simply becauseobjects are not independentof
each other Thesedependenciesre representedex-
plicitly in equationl. However, one usually assumes
P(an jan;1:j 1:bn;1j 1;Wn; ) = plan = ijwy; ) to
guarantedractability In this paperwerelaxtheindepen-
denceassumptiorin orderto exploit spatialcontext in im-
agesandwords.Weallow for interactiondetweemeigh-
bouring image annotationsthrough a pairwise Markov
random eld (MRF). Thatis, the probability of a patch
beingalignedto a particularword dependsn the word
assignmentsf adjacentpatchesn theimage. It is rea-
sonableo make the assumptionthatgiventhealignment
for a particularpatch,translationprobability is indepen-
dentfrom the otherpatch-word alignments A simpli ed
versionof thegraphicalmodelfor illustrative purposess
shavn in Figure3.

p(b;ajw) =

lion sky
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Figure3: Thegraphicalmodelfor a simplesetwith one
documentTheshadectirclesaretheobservedodeqi.e.
the data). Thewhite circlesare unobservedariablesof
themodelparametes. Linesrepresentheundirectedde-
pendenciebetweervariables. Thepotential controls
theconsistencypetweerannotationsyhile thepotentials
nj representhepatd-to-wod translationprobabilities.

In Figure 3, the potentials  , p(by jw?) are
the patch-to-vord translation probabilities, where w?
denotesa particular word token. We assigna Gaus-
sian distribution to eachword token, so p(byj jw?) =
N (by ; w?; w?). The potential (an;an) encodes
the compatibility of the two alignments,a, and an .
The potentialsarethe samefor eachimage. Thatis, we
useasingleW W matrix , whereW is thenumberof
wordtokens.The nal joint probabilityis aproductof the
translationpotentialsandtheinter-alignmentpotentials:

8
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p(b;ajw)=  —— IN(byj 5 w2 w?) w2 (Wi )]
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where 2 (Wy; ) = 1if theith word in the nth captionis
thewordw?; otherwisejt is 0.

To clarify the unsupervisednodel describedup to
this point, it helpsto think in termsof countingword-
to-patchalignmentsfor updatingthe model parameters.
Loosely speakingwe updatethe translationparameters

w2 and > by countingthe numberof times partic-
ular patchesare alignedwith word w?. Similarly, we
update (w”;w ) by countingthe numberof timesthe
wordtokensw?® andw arefoundin adjacenpatchalign-
ments.We normalizethelattercountby theoverallalign-
mentfrequeng to prevent countingalignmentfrequen-
ciestwice.

In addition,we usea hierarchicaBayesiarschemdo
provide regularisedsolutionsandto carry out automatic
featureweightingor selection(Carbonettcetal., 2003).

In summaryourlearningobjective isto nd goodval-
uesfor theunknavn modelparameters , f; ; ; g,



where and are the meansand covariancesof the

Gaussiangor eachword, is the setof alignmentpo-

tentialsand is thesetof shrinkagehyperparametersor

featureweighting. For furtherdetailson how to compute
the model parametersisingapproximateEM andloopy

belief propagtion, we referthe readerto (Carbonettoet

al., 2003;Carbonett@andde Freitas,2003)

3 Evaluation metric considerations

Before we discusswhat makes a good evaluation met-
ric, it will helpif we answerthis question:“what makes
a goodimageannotation?” As we will see,thereis no
straightforvard answer
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Figure4: Example®fimageswhich demonstatethatthe
importanceof conceptshas little or no relation to the
area theseconceptsoccupy On the left, “polar bear”
is at leastpertinentas “snow” eventhoughit takes up
lessareain theimage. In the photagraph on the right,
“tr ain” is mostlikely thefocusof attention.

A

It is fair to saythat certainconceptsn animageare
moreprominenthanothers.Onemighttaketheapproach
thatobjectsthatconsumeahe mostspacdan animageare
themostimportant,andthisis roughlythe evaluationcri-
terion usedin previous papers(Carbonettcet al., 2003;
Carbonettandde Freitas,2003). Considertheimageon
theleft in Figure4. We claimthat“polar bear”is atleast
asimportantassnav. Thereis an easyway to testthis
assertion- pretendtheimageis annotatecitherentirely
as“snon” or entirelyas“polar bear”. In our experience,
peoplend thelatterannotatiorasappealingif notmore,
thantheformer Therefore onewould concludethatit is
betterto weight all conceptsequally regardlessof size,
which brings us to the imageon the right. If we treat
all words equally having mary wordsin a single label
obfuscateghe goal of gettingthe mostimportantcon-
cept,“train”, correct.

Ideally, whencollectinguserannotatedmagesfor the
purposeof evaluation,we shouldtag eachword with a
weightto specifyits prominencen thesceneln practice,
this is problematichecausalifferentusersfocustheir at-
tentionon differentconceptsnot to mentionthefactthat
it is anburdensomeask.

For lack of a good metric, we evaluatethe proposed
translationrmodelsusingtwo errormeasureskrror mea-
sure 1 reportsan errorof 1 if the modelannotationwith
the highestprobabilityresultsin anincorrectpatchanno-

tation. The erroris averagedover the numberof patches
in eachimage,andthenagain overthe numberof images
in the dataset. Error measue 2 is similar, only we av-
eragethe error over the patchescorrespondingo word
(accordingo the manualannotations)Theequationsare
givenby

1 X X
Em:1 y ﬁ M_ 1 &nj (bnj) (2)
=1 "Nj=1
)(\| Xn Xni
Em: 2, 171 1 ay (Bj)  (3)

N n=1 Ln i=1 anij j
where Py,; is the set of patchesin image n that are
manually-annotatedsingwordi, by; isthemodelalign-
ment with the highestprobability, & is the provided
“true” annotationand o, (By ) is Lif &y = By .

Our intuition is that the metric where we weight all
conceptequally regardlessof size,is betteroverall. As
we will seein thenext section,ourtranslatiormodelsdo
not performaswell underthis errormeasureThisis due
to the factthatthe joint probability shawvn in equationl
maximiseghe rst errormetric,notthesecondSincethe
agentcannotknow the true annotationsdeforehandit is
dif cult to constructa modelthat maximisesthe second
errormeasurebut we arecurrentlypursuingapproxima-
tionsto this metric.

4 Experiments

We built a datasetby having Jo% therobotroamaround
thelab taking pictures,andthenhaving laboratorymem-
berscreatecaptionsfor the datausinga consistensetof
words. For evaluationpurposesye manuallyannotated
theimages.The robomediadatasetis composedf 107
training imagesand 43 testimages®. The training and
testsetscontaina combinedotal of 21 wordtokens.The
wordfrequencie#n thelabelsandmanuaknnotationsire
shovnin gure 5.

In our experimentswe considertwo scenariosin the
rst, we useNormalizedCuts (Shi and Malik, 1997)to
segmentthe imagesinto distinct patches.In the second
scenario,we take on the object recognitiontask with-
out the aid of a sophisticatedsegmentationalgorithm,
andinsteadconstructa uniform grid of patchesover the
image. Examplesof different sggmentationsare shavn
alongwith theanecdotatesultsin Figure8. For thecrude
segmentation,we usedpatchesof heightand width ap-
proximately1=6th the size of the image. We found that
smallerpatchesntroducedoo muchnoiseto thefeatures
andresultedin poortestperformanceandlargerpatches
containedtoo mary objectsat once. In future work, we

'Experiment data and Matlab code are available at
http://www.cs.ubc.cal"pcarbo



LABEL% ANNOTATION% z PRECISION

WORD TRAIN TESTy TRAIN TEST TRAIN TEST
backpack 0.019 0.011 0.008 0.002 0.158 0.115
boxes 0.022 0.011 0.038 0.028 0.218 0.081
cabinets 0.080 0.066 0.118 0.081 0.703 0.792
ceiling 0.069 0.066 0.061 0.063 0.321 0.347
chair 0.131 0.148 0.112 0.101 0.294 0.271
computer 0.067 0.071 0.052 0.065 0.149 0.144
cooler 0.004 n/a 0.002 n/a 0.250 n/a

door 0.084 0.055 0.067 0.042 0.291 0.368
face 0.011 0.022 0.001 0.002 0.067 0.042
fan 0.022 0.011 0.012 0.005 0.114 0.133
lers 0.030 0.033 0.028 0.019 0.064 0.077
oor 0.004 n/a 0.004 n/a 0.407 n/a

person 0.022 0.049 0.018 0.040 0.254 0.340
poster 0.037 0.033 0.026 0.021 0.471 0.368
robot 0.011 0.016 0.008 0.011 0.030 0.014
screen 0.041 0.049 0.042 0.051 0.289 0.263
sheles 0.082 0.071 0.115 0.120 0.276 0.281
table 0.032 0.038 0.027 0.049 0.160 0.121
tv 0.026 0.027 0.007 0.007 0.168 0.106
wall 0.103 0.104 0.109 0.122 0.216 0.216
whiteboard 0.105 0.120 0.146 0.171 0.274 0.278
Totals 1.000 1.000 1.000 1.000 0.319 0.290

Figure 5: The r st four columnslist the probability of
nding a particular word in a label and a manuallyan-
notatedpatd, in the robomediatraining and test sets.
The nal two columnsshowthe precisionof thetransla-
tion modeltMRF usingthe grid segmentationfor eact
token, averaged over the 12 trials. Precisionis de ned
asthe probability the models predictionis correctfor a
particular word and patch. Sinceprecisionis 1 minus
the error of equation3, the total precisionon both the
training and testsetsmattesthe avetage performance
of tMRF-patchon Error measue 2, as shownin in Fig-
ure 7. While not presentedn the table, the precisionon
individualwordsvariessigni cantly fromoneonetrial to
thenext. Notethat somewordsdo not appearin boththe
training andtestsets hencethen/a.
yThemodelpredictswords without accesgo thetestim-
age labels.We providethisinformationfor completeness.
2\We canusethe manualannotationgfor evaluationpur-
posesput we underlinethe fact that an agentwould not
haveaccesdo theinformationpresentedn the“Annota-
tion %" column.

will investigatea hierarchicapatchrepresentatioto take
into accounbothshortandlong rangepatchinteractions,
asin (FreemarandPasztor 1999).

We comparetwo models. The rst is the translation
model where dependenciebetweenalignmentsare re-
movedfor thesale of tractability calledtind. Thesecond
is thetranslatiormodelin whichwe assumelependences

e
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Figure6: Correctannotationgor NormalizedCuts,grid
and manualsggmentations Whenthere are multiple an-
notationsin a single patch, any one of themis correct.
Evenwhenbothare correct,thegrid segmentatioris usu-
ally more preciseand, as a result,more closelyapproxi-
matesgenericobjectrecaynition.

betweenadjacentalignmentsin the image. This model
is denotedby tMRF. We representhe sophisticatecgnd
crudesegmentatiorscenariody -seg and-patd, respec-
tively.

Oneadmonitionregardingthe evaluationprocedurea
translations deemedorrectif atleastoneof thepatches
correspondgo the models prediction. In a mannerof
speakingwhenasegmentencompassese/eralconcepts,
we are giving the modelthe bene t of the doubt. For
example,accordingto our evaluationthe annotationgor
boththe grid andNormalizedCutssegmentationshavn
in Figure 6 correct. However, from obsenation the grid
segmentatiorprovidesa morepreciseobjectrecognition.
As a result, evaluationcan be unreliablewhen Normal-
ized Cutsoffers poor sggmentationslt is alsoimportant
to remembethatthetrueresultimagesshavn in the sec-
ondcolumnof Figure8 areidealisations.

Experimentakesultson 12 trials areshavn in Figure
7, andselectedannotationgredictedby thetMRF model
on the testsetare shawvn in Figure 8. The mostsignif-
icant resultis that the contextual translationmodel per
forms the bestoverall, and performsequally well when
suppliedwith eitherNormalizedCutsor a naive segmen-
tations. We stressthat even thoughthe modelstrained
using both the grid and NormalizedCuts segmentations
are displayedon the sameplots, in Figure 6 we indi-
catethatobjectrecanition usingthegrid segmentations
generlly more precise giventhe sameevaluationresult
in Figure 7. Learningcontextual dependenciebetween
alignmentappeardo improve performancedespitethe
large amountof noiseandthe increasdn the numberof
model parametershat have to be learned. The conte-
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Figure7: ResultausingError measues1 and 2 on therobomediaraining andtestsets,displayedusinga Box-and-
Whisler plot. Themiddleline of a box representsthe median. The cential box representshe valuesfrom the 25
to 75 percentile usingthe upperandlower statisticalmedians.Thehorizontalline extendsfromthe minimumto the
maximunvalug excludingoutsideandfar outvalueswhich are displayedassepaate points. Thedottedline at thetop
is the randompredictionupperbound. Oveall, the contextual modeltMRF is an improvementver theindependent
model,tind. Onavemage, tMRF tendsto performequallywell usingthe sophisticatedr naivepatth sggmentations.

tual modelalsotendsto producemore visually appeal-
ing annotationsincethey thetranslationsmoothedver
neighbourhoodsf patches.

The performanceof the contextual translationmodel
onindividualwordsonthetrainingandtestsetsis shovn
in Figure 5, averagedover the trials. Sinceour approx-
imate EM training a local maximumpoint estimatefor
the joint posteriorandthe initial model parameterare

setto randomvalues,we obtaina greatdealof variance
from onetrial to the next, asobsered in the Box-and-
Whisker plots in Figure 7. While not shavn in Figure
5, we have noticedconsiderablevariationin whatwords
arepredictedwith high precision.For example theword

“ceiling” is predictedwith an averagesuccesgate of

0:347, althoughthe precisionon individual trials ranges
from 0 to 0:842
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Figure8: Selectedinnotationson the robomediaestdata predictedby the contextual (tMRF) translationmodel. We
showour models predictionsusingbothsophisticate@ndcrudeseggmentationsThe“true” annotationsare shownin
the secondcolumn. Noticethat the annotationsusingNormalizedCutstendto be more visually appealingcompaed
to the rectangulargrid, but intuition is probably misleading:the error measuesin Figure 7 demonstate that both
sgmentationgproduceequallyaccurateresults. It is alsoimportantto notethat theseannotationsare probabilistic;
for clarity we only displayresultswith the highestprobability.

From the Bayesianfeatureweighting priors  placed
on the word clustermeans,we can deducethe relative
importanceof our featureset. In our experimentsjumi-
nanceandvertical positionin theimagearethetwo most
importantfeatures.

5 Discussionand conclusion

Our experimentssuggesthatwe caneliminatethe costly
stepof sggmentationwithout incurring a penaltyto the
objectrecognitiontask. This realisationallows usto re-

move themaincomputationabottleneckandpursuereal-
time learningin a mobilerobotsetting.Moreover, by in-

troducingspatialrelationshipsnto the model,we main-
tain adegreeof consisteng betweerindividual patchan-
notations. We can considerthis to be an early form of

segmentatiorthattakesadvantageof bothhigh-level and
low-level information. Thus, we are solving both the
segmentationand recognitionproblemssimultaneously
However, we emphasizeéhe needfor further investigp-

tion to pin down the role of sggmentationin the image
translationprocess.



Ourtranslationrmodelis disposedo predictingcertain
wordsbetterthanothers.However, at this point we can-
not make make ary strongconclusionsasto why certain
words easyto classify (e.g. cabinets)while othersare
dif cult (e.g. lers). FromFigure5, it appearso bethe
casethatwordsthat occurfrequentlyandpossess con-
sistentsetof featuregendto be moreeasilyclassi ed.

Initially, we were doubtful that spatialcontext in the
modelwould improve resultsgiven thatthe robotroams
in afairly homogeneousrvironment.This contrastsith
experimentson the Corel datasets(Carbonettoand de
Freitas,2003), wherebythe photographswvere captured
from a wide variety of settings. However, the experi-
mentson the robomediadatademonstratehat thereis
somethingto be gained by introducing inter-alignment
dependencief the model, even in environmentswith
relatively noisyandunreliabledata.

Genericobjectrecognitionin the context of robotics
is a challengingtask. Standardow-level featuressuch
ascolourandtexture areparticularlyineffective in a lab-
oratoryernvironment. For example,chairscancomein a
varietyof shapes&ndcolours,and“wall” refersto averti-
cal surfacethathasvirtually norelationto colour, texture
and position. Moreover, it is muchmoredif cult to de-
lineatespeci c conceptdn a scenegven for humans—
doesa tableincludethe legs, and wheredoesone draw
the line betweenshehes, dravers, cabinetsand the ob-
jectscontainedn them?(This explainswhy mary of the
manually-annotategatchesin Figures6 and 8 are left
empty) Objectrecognitionon the Corel datasetis com-
paratvely easybecausédhe photosare capturedto arti-

cially delineatespecic concepts. Colour and texture
tendto bemoreinformative in naturalscenes.

In orderto tackle concernamentionedabove, one ap-
proachwould beto constructa moresophisticatedepre-
sentatiorof objects.A morerealisticalternatve would be
to reinforce our representationvith high-level features,
includingmorecomple spatialrelations.

Oneimportantcriterion we did not addressexplicitly
is on-line learning. Presently we train our modelsas-
sumingthatall theimagesarecollectedat onetime. Re-
searchshaws that porting batchlearningto an on-line
processusing EM doesnot posesigni cant challenges
(SmithandMakov, 1978;Satoandlshii, 2000;Brochuet
al., 2003). With the discussiorpresentedn this paperin
mind, real-timeinteractive learningof semanticassocia-
tionsin Jo$'s ervironmentis very muchwithin reach.
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