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Abstract

We studytheproblemof learningto recognise
objectsin the context of autonomousagents.
We cast object recognitionas the processof
attachingmeaningfulconceptsto speci�c re-
gions of an image. In other words, given a
setof imagesandtheir captions,thegoal is to
segmentthe image,in either an intelligent or
naive fashion,thento �nd thepropermapping
betweenwordsandregions. In this paper, we
demonstratethata modelthatlearnsspatialre-
lationshipsbetweenindividual wordsnot only
providesaccurateannotations,but alsoallows
one to perform recognition that respectsthe
real-timeconstraintsof anautonomous,mobile
robot.

1 Intr oduction

In writing this paperwe hopeto promotea discussionon
the designof an autonomousagentthat learnssemantic
associationsin its environmentor, more precisely, that
learnsto associateregionsof imageswith discretecon-
cepts. Whenan imageregion is labeledwith a concept
in anappropriateandconsistentfashion,we saythat the
objecthasbeenrecognised(Duygulu et al., 2002). We
useour laboratoryrobot, Jośe (Elinaset al., 2002),asa
prototype,but the ideaspresentedhereextendto a wide
varietyof settingsandagents.

Beforewe proceed,we mustelucidateon therequire-
mentsfor achieving semanticlearningin anautonomous
agentcontext.

Primarily, weneedamodelthatlearnsassociationsbe-
tweenobjectsgiven a setof imagespairedwith userin-
put. Formally, thetaskis to �nd a functionthatseparates
the spaceof imagepatchdescriptionsinto nw semantic
concepts,wherenw is thetotalnumberof conceptsin the

Figure 1: The image on the left is Jośe (Elinas et al.,
2002),themobilerobotweusedto collecttheimagedata.
Theimageson theright are examplestherobothascap-
turedwhileroamingin thelab, alongwith labelsusedfor
training. Wedepictimageregionannotationsin later �g-
ures,but we emphasizethat the robot receivesonly the
labelsas input for training. That is, the robot doesnot
knowwhatwordscorrespondto theimage regions.

trainingset(from now on we usetheword “patch” to re-
fer to a contiguousregion in an image). Thesesupplied
conceptscould be in the form of text captions,speech,
or anythingelsethatmightconvey semanticinformation.
For thetime being,we restrictthesetof conceptsto En-
glish nouns(e.g. “f ace”,“toothbrush”,“�oor”). SeeFig-
ure1 for examplesof imagespairedwith captionscom-
posedof nouns. Despitethis restriction,we still leave
ourselves opento a greatdeal of ambiguity and uncer-
tainty, in partbecauseobjectscanbedescribedat several
different levels of speci�city, and at the samelevel us-
ing differentwords(e.g. is it “sea”, “ocean”, “wave” or
“water”?). Ideally, onewould like to imposea hierarchy
of lexical concepts,asin WordNet(Fellbaum,1998).We
haveyettoexploreWordNetfor ourproposedframework,



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

Imageregions, or patches,are describedby a set of
low-level featuressuchasaverageandstandarddeviation
of colour, averageorientedGabor�lter responsesto rep-
resenttexture, and position in space. The set of patch
descriptionsformsannf -dimensionalspaceof realnum-
bers,wherenf is thenumberof features.Evencomplex
low-level featuresare far from adequatefor the taskof
classifyingpatchesasobjects— at somepoint we need
to move to representationsthat includehigh-level infor-
mation.In thispaperwetakeasmallstepin thatdirection
sinceourmodellearnsspatialrelationsbetweenconcepts.

Giventheuncertaintyregardingdescriptionsof objects
andtheir correspondingconcepts,we furtherrequirethat
themodelbeprobabilistic.In thispaperweuseBayesian
techniquesto constructourobjectrecognitionmodel.

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

Thesubjectof segmentationbringsup anotherimpor-
tantconsideration.A goodsegmentationalgorithmsuch
asNormalizedCuts(ShiandMalik, 1997)cantakeonthe
orderof a minuteto complete.For many real-timeappli-
cationsthis is an unaffordableexpense. It is important
to abideby real-timeconstraintsin the caseof a mobile
robot,sinceit hasto simultaneouslyrecogniseandnego-
tiate obstacleswhile navigating in its environment. Our
experimentssuggestthat the costly stepof a decoupled
segmentationcanbeavoidedwithout imposinga penalty
to objectrecognitionperformance.

Autonomoussemanticlearningmustbe considereda
supervisedprocessor, aswewill seelateron,apartially-
supervisedprocesssincetheassociationsaremadefrom
the perspective of humans.This motivatesa secondre-
quirement:a systemfor thecollectionof data,ideally in
anon-linefashion.As mentionedabove,userinputcould
comein the form of text or speech.However, the col-
lection of datafor supervisedclassi�cation is problem-
atic andtime-consumingfor the useroverseeingthe au-
tonomousagent,sincethe useris requiredto tediously
feedthe agentwith self-annotatedregionsof images.If
we relaxour requirementon trainingdataacquisitionby
requestingcaptionsatanimagelevel, notatapatchlevel,
theacquisitionof labeleddatais suddenlymuchlesschal-
lenging. Throughoutthis paper, we usemanualannota-
tions purely for testingonly — we emphasizethat the
trainingdataincludesonly thelabelspairedwith images.

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

tweenimageregionsandnouns.As a result,thelearning
problemis now unsupervised.For a singletraining im-
ageanda particularword token,we mustnow learnboth
the probability of generatingthat word given an object
descriptionandthe correctassociationto oneof the re-
gionswith the image.Fortunately, thereis a straightfor-
wardparallelbetweenourobjectrecognitionformulation
andthe statisticalmachinetranslationproblemof build-
ing a lexicon from analignedbitext (Brown et al., 1993;
Al-Onaizanet al., 1999).Throughoutthis paper, we rea-
son aboutobject recognitionwith this analogyin mind
(Duyguluetal., 2002).

What other requirementsshouldwe consider?Since
our discussioninvolves autonomousagents,we should
pursuea dynamicdataacquisitionmodel. We cancon-
sidertheproblemof learninganobjectrecognitionmodel
asanon-lineconversationbetweentherobotandtheuser,
andit follows the robot shouldbeableto participate.If
theagentventuresinto “unexploredterritory”, we would
like it to make unpromptedrequestsfor moreassistance.
Onecoulduseactive learningto implementaschemefor
requestinguserinput basedon what informationwould
bemostvaluableto classi�cation. This hasyet to beex-
ploredfor object recognition,but it hasbeenappliedto
the relateddomainof imageretrieval (Tong andChang,
2001). Additionally, the learningprocesscould be cou-
pled with reinforcement— in other words, the robot
could offer hypothesesfor visual input and await feed-
backfrom user.

In thenext section,weoutlineourproposedcontextual
translationmodel. In Section3, we weigh the meritsof
severaldifferenterrormeasuresfor thepurposesof eval-
uation. The experimentalresultson the robot dataare
given in Section4. We leave discussionof resultsand
futurework to the�nal sectionof thispaper.

Figure2: Thealignmentvariablesrepresentthe corre-
spondencesbetweenlabel words and image patches. In
thisexample, thecorrectassociationis an 2 = 4.

2 A contextual translation model for
object recognition

In this paper, we castobject recognitionas a machine
translationproblem,asoriginally proposedin (Duygulu



et al., 2002). Essentially, we translatepatches(regions
of an image)into words. Themodelactsasa lexicon, a
dictionarythatpredictsonerepresentation(words)given
anotherrepresentation(patches).Firstweintroducesome
notation,andthenwebuild astoryfor ourproposedprob-
abilistic translationmodel.

We consider a set of N images paired with their
captions. Each training example n is composedof
a set of patchesf bn 1; :::; bnM n g and a set of words
f wn 1; :::; wnL n g. M n is thenumberof patchesin image
n andL n is thenumberof wordsin theimage's caption.
Eachbnj � Rn f is avectorcontainingasetof featureval-
uesrepresentingcolour, texture,position,etc, wheren f is
thenumberof features.For eachpatchbnj , ourobjective
is to align it to aword from theattachedcaption.Werep-
resentthis unknown associationby a variableanj , such
thatai

nj = 1 if bnj translatesto wni ; otherwise,ai
nj = 0.

Therefore,p(ai
nj ) , p(anj = i ) is the probability that

patchbnj is alignedwith word wni in documentn. See
Figure 2 for an illustration. nw is the total numberof
word tokensin thetrainingset.

Weconstructajoint probabilityoverthetranslationpa-
rametersandlatentalignmentvariablesin suchawaythat
maximizingthejoint resultsin whatwebelieveshouldbe
the bestobject recognitionmodel (keepingin mind the
limitations placedby our setof features!).Without loss
of generality, thejoint probabilityis

p(b; ajw) =
NY

n =1

M nY

j =1

p(anj jan; 1:j � 1; bn; 1:j � 1; wn ; � )

� p(bnj jan; 1:j ; bn; 1:j � 1; wn ; � ) (1)

wherewn denotesthe set of words in the nth caption,
an; 1:j � 1 is thesetof latentalignments1 to j � 1 in image
n, bn; 1:j � 1 is thesetof patches1 to j � 1, and� is theset
of modelparameters.

Generallyspeaking,alignmentsbetweenwords and
patchesdependon all the other alignmentsin the im-
age, simply becauseobjects are not independentof
each other. Thesedependenciesare representedex-
plicitly in equation1. However, one usually assumes
p(anj jan; 1:j � 1; bn; 1:j � 1; wn ; � ) = p(anj = i jwn ; � ) to
guaranteetractability. In thispaper, werelaxtheindepen-
denceassumptionin ordertoexploit spatialcontext in im-
agesandwords.Weallow for interactionsbetweenneigh-
bouring imageannotationsthrougha pairwiseMarkov
random�eld (MRF). That is, the probability of a patch
beingalignedto a particularword dependson the word
assignmentsof adjacentpatchesin the image. It is rea-
sonableto make theassumptionthatgiventhealignment
for a particularpatch,translationprobability is indepen-
dentfrom theotherpatch-word alignments.A simpli�ed
versionof thegraphicalmodelfor illustrativepurposesis
shown in Figure3.
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Figure3: Thegraphicalmodelfor a simplesetwith one
document.Theshadedcirclesaretheobservednodes(i.e.
thedata). Thewhitecirclesare unobservedvariablesof
themodelparameters. Linesrepresenttheundirectedde-
pendenciesbetweenvariables. Thepotential controls
theconsistencybetweenannotations,while thepotentials
� nj representthepatch-to-word translationprobabilities.

In Figure 3, the potentials � nj , p(bnj jw?) are
the patch-to-word translation probabilities, where w?

denotesa particular word token. We assigna Gaus-
sian distribution to eachword token, so p(bnj jw?) =
N (bnj ; � w ? ; � w ? ). The potential  (anj ; ank ) encodes
the compatibility of the two alignments,anj and ank .
Thepotentialsarethesamefor eachimage. That is, we
useasingleW � W matrix  , whereW is thenumberof
wordtokens.The�nal joint probabilityis aproductof the
translationpotentialsandtheinter-alignmentpotentials:

p(b; ajw)=
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1
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:
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where� w ? (wni ) = 1 if thei th word in thenth captionis
thewordw?; otherwise,it is 0.

To clarify the unsupervisedmodel describedup to
this point, it helpsto think in termsof countingword-
to-patchalignmentsfor updatingthe modelparameters.
Looselyspeaking,we updatethe translationparameters
� w ? and � w ? by countingthe numberof times partic-
ular patchesare alignedwith word w?. Similarly, we
update (w?; w� ) by countingthe numberof times the
wordtokensw? andw� arefoundin adjacentpatchalign-
ments.Wenormalizethelattercountby theoverallalign-
ment frequency to prevent countingalignmentfrequen-
ciestwice.

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

In summary, our learningobjective is to �nd goodval-
uesfor theunknown modelparameters� , f �; � ;  ; � g,



where � and � are the meansand covariancesof the
Gaussiansfor eachword,  is the setof alignmentpo-
tentialsand� is thesetof shrinkagehyper-parametersfor
featureweighting.For furtherdetailson how to compute
the modelparametersusingapproximateEM andloopy
belief propagation,we refer the readerto (Carbonettoet
al., 2003;CarbonettoanddeFreitas,2003)

3 Evaluation metric considerations

Before we discusswhat makes a good evaluationmet-
ric, it will help if we answerthis question:“what makes
a good imageannotation?” As we will see,thereis no
straightforwardanswer.

Figure4: Examplesof imageswhich demonstratethat the
importanceof conceptshas little or no relation to the
area theseconceptsoccupy. On the left, “polar bear”
is at leastpertinentas “snow” even thoughit takesup
lessarea in the image. In the photograph on the right,
“tr ain” is mostlikely thefocusof attention.

It is fair to say that certainconceptsin an imageare
moreprominentthanothers.Onemighttaketheapproach
thatobjectsthatconsumethemostspacein animageare
themostimportant,andthis is roughlytheevaluationcri-
terion usedin previous papers(Carbonettoet al., 2003;
CarbonettoanddeFreitas,2003).Considertheimageon
theleft in Figure4. We claim that“polar bear”is at least
as importantassnow. Thereis an easyway to test this
assertion– pretendtheimageis annotatedeitherentirely
as“snow” or entirelyas“polar bear”. In our experience,
people�nd thelatterannotationasappealing,if 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 many words in a single label
obfuscatesthe goal of getting the most importantcon-
cept,“train”,correct.

Ideally, whencollectinguser-annotatedimagesfor the
purposeof evaluation,we shouldtag eachword with a
weightto specifyits prominencein thescene.In practice,
this is problematicbecausedifferentusersfocustheir at-
tentionon differentconcepts,not to mentionthefactthat
it is anburdensometask.

For lack of a goodmetric, we evaluatethe proposed
translationmodelsusingtwo errormeasures.Error mea-
sure 1 reportsanerrorof 1 if themodelannotationwith
thehighestprobabilityresultsin anincorrectpatchanno-

tation. Theerror is averagedover thenumberof patches
in eachimage,andthenagainover thenumberof images
in thedataset. Error measure 2 is similar, only we av-
eragethe error over the patchescorrespondingto word
(accordingto themanualannotations).Theequationsare
givenby

E :m: 1 ,
1
N

NX

n =1

1
M n

M nX

j =1

�
1� � ~anj (banj )

�
(2)

E :m: 2 ,
1
N

NX

n =1

1
L n

L nX

i =1

1
jPni j

P niX

j

�
1� � ~anj (banj )

�
(3)

where Pni is the set of patchesin image n that are
manually-annotatedusingword i , banj is themodelalign-
ment with the highestprobability, ~anj is the provided
“true” annotation,and� ~anj (banj ) is 1 if ~anj = banj .

Our intuition is that the metric wherewe weight all
conceptsequally, regardlessof size,is betteroverall. As
we will seein thenext section,our translationmodelsdo
notperformaswell underthiserrormeasure.This is due
to the fact that the joint probabilityshown in equation1
maximisesthe�rst errormetric,notthesecond.Sincethe
agentcannotknow the trueannotationsbeforehand,it is
dif�cult to constructa modelthatmaximisesthesecond
errormeasure,but we arecurrentlypursuingapproxima-
tionsto thismetric.

4 Experiments

We built a datasetby having Jośe therobotroamaround
thelab takingpictures,andthenhaving laboratorymem-
berscreatecaptionsfor thedatausinga consistentsetof
words. For evaluationpurposes,we manuallyannotated
the images.Therobomediadatasetis composedof 107
training imagesand43 test images1. The training and
testsetscontainacombinedtotalof 21word tokens.The
wordfrequenciesin thelabelsandmanualannotationsare
shown in �gure 5.

In our experiments,we considertwo scenarios.In the
�rst, we useNormalizedCuts(Shi andMalik, 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 differentsegmentationsareshown
alongwith theanecdotalresultsin Figure8. For thecrude
segmentation,we usedpatchesof heightandwidth ap-
proximately1=6th the sizeof the image. We found that
smallerpatchesintroducedtoomuchnoiseto thefeatures
andresultedin poortestperformance,andlargerpatches
containedtoo many objectsat once. In future work, we

1Experiment data and Matlab code are available at
http://www.cs.ubc.ca/˜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

shelves 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 anda manuallyan-
notatedpatch, in the robomediatraining and test sets.
The�nal two columnsshowtheprecisionof the transla-
tion modeltMRF using the grid segmentationfor each
token, averaged over the 12 trials. Precisionis de�ned
as theprobability themodel's predictionis correct for a
particular word and patch. Sinceprecisionis 1 minus
the error of equation3, the total precisionon both the
training and testsetsmatchesthe average performance
of tMRF-patchon Error measure 2, asshownin in Fig-
ure 7. Whilenot presentedin the table, theprecisionon
individualwordsvariessigni�cantly fromoneonetrial to
thenext. Notethat somewordsdo notappearin boththe
trainingandtestsets,hencethen/a.
yThemodelpredictswordswithout accessto thetestim-
agelabels.Weprovidethis informationfor completeness.
zWe canusethemanualannotationsfor evaluationpur-
poses,but weunderlinethefact that an agentwouldnot
haveaccessto theinformationpresentedin the“Annota-
tion %” column.

will investigateahierarchicalpatchrepresentationto take
into accountbothshortandlongrangepatchinteractions,
asin (FreemanandPasztor, 1999).

We comparetwo models. The �rst is the translation
model wheredependenciesbetweenalignmentsare re-
movedfor thesakeof tractability, calledtInd. Thesecond
is thetranslationmodelin whichweassumedependences



Figure6: Correctannotationsfor NormalizedCuts,grid
andmanualsegmentations.Whenthere are multiplean-
notationsin a singlepatch, any oneof themis correct.
Evenwhenbotharecorrect,thegrid segmentationis usu-
ally more preciseand,asa result,more closelyapproxi-
matesgenericobjectrecognition.

betweenadjacentalignmentsin the image. This model
is denotedby tMRF. We representthe sophisticatedand
crudesegmentationscenariosby -seg and-patch, respec-
tively.

Oneadmonitionregardingtheevaluationprocedure:a
translationis deemedcorrectif at leastoneof thepatches
correspondsto the model's prediction. In a mannerof
speaking,whenasegmentencompassesseveralconcepts,
we are giving the model the bene�t of the doubt. For
example,accordingto our evaluationtheannotationsfor
boththegrid andNormalizedCutssegmentationsshown
in Figure6 correct. However, from observation thegrid
segmentationprovidesamorepreciseobjectrecognition.
As a result,evaluationcanbe unreliablewhenNormal-
izedCutsofferspoorsegmentations.It is alsoimportant
to rememberthatthetrueresultimagesshown in thesec-
ondcolumnof Figure8 areidealisations.

Experimentalresultson 12 trials areshown in Figure
7, andselectedannotationspredictedby thetMRF model
on the testsetareshown in Figure8. The mostsignif-
icant result is that the contextual translationmodelper-
forms the bestoverall, andperformsequallywell when
suppliedwith eitherNormalizedCutsor anaivesegmen-
tations. We stressthat even thoughthe modelstrained
usingboth the grid andNormalizedCutssegmentations
are displayedon the sameplots, in Figure 6 we indi-
catethatobjectrecognitionusingthegrid segmentationis
generally more precise, giventhesameevaluationresult
in Figure 7. Learningcontextual dependenciesbetween
alignmentappearsto improve performance,despitethe
largeamountof noiseandthe increasein thenumberof
modelparametersthat have to be learned. The contex-






Figure7: ResultsusingError measures1 and2 on therobomediatraining andtestsets,displayedusinga Box-and-
Whisker plot. Themiddle line of a box representsthe median. Thecentral box representsthe valuesfrom the 25
to 75 percentile, usingtheupperandlower statisticalmedians.Thehorizontalline extendsfromtheminimumto the
maximumvalue, excludingoutsideandfar outvalueswhich aredisplayedasseparatepoints.Thedottedline at thetop
is therandompredictionupperbound.Overall, thecontextual modeltMRF is an improvementover the independent
model,tInd. Onaverage, tMRF tendsto performequallywell usingthesophisticatedor naivepatch segmentations.

tual modelalso tendsto producemorevisually appeal-
ing annotationssincethey thetranslationssmoothedover
neighbourhoodsof patches.

The performanceof the contextual translationmodel
on individualwordson thetrainingandtestsetsis shown
in Figure5, averagedover the trials. Sinceour approx-
imate EM training a local maximumpoint estimatefor
the joint posteriorand the initial model parametersare

setto randomvalues,we obtaina greatdealof variance
from one trial to the next, asobserved in the Box-and-
Whisker plots in Figure 7. While not shown in Figure
5, we have noticedconsiderablevariationin whatwords
arepredictedwith highprecision.For example,theword
“ceiling” is predictedwith an averagesuccessrate of
0:347, althoughthe precisionon individual trials ranges
from 0 to 0:842.



Figure8: Selectedannotationson therobomediatestdatapredictedby thecontextual (tMRF) translationmodel.We
showour model'spredictionsusingbothsophisticatedandcrudesegmentations.The“true” annotationsareshownin
thesecondcolumn.Noticethat theannotationsusingNormalizedCutstendto bemore visuallyappealingcompared
to the rectangulargrid, but intuition is probablymisleading: the error measuresin Figure 7 demonstrate that both
segmentationsproduceequallyaccurateresults.It is also importantto notethat theseannotationsare probabilistic;
for clarity weonly displayresultswith thehighestprobability.

From the Bayesianfeatureweightingpriors � placed
on the word clustermeans,we can deducethe relative
importanceof our featureset. In our experiments,lumi-
nanceandverticalpositionin theimagearethetwo most
importantfeatures.

5 Discussionand conclusion

Ourexperimentssuggestthatwecaneliminatethecostly
stepof segmentationwithout incurring a penaltyto the
objectrecognitiontask. This realisationallows us to re-

movethemaincomputationalbottleneckandpursuereal-
time learningin a mobilerobotsetting.Moreover, by in-
troducingspatialrelationshipsinto the model,we main-
tainadegreeof consistency betweenindividualpatchan-
notations. We canconsiderthis to be an early form of
segmentationthattakesadvantageof bothhigh-level and
low-level information. Thus, we are solving both the
segmentationand recognitionproblemssimultaneously.
However, we emphasizethe needfor further investiga-
tion to pin down the role of segmentationin the image
translationprocess.



Our translationmodelis disposedto predictingcertain
wordsbetterthanothers.However, at this point we can-
not make make any strongconclusionsasto why certain
wordseasyto classify (e.g. cabinets),while othersare
dif�cult (e.g. �lers). FromFigure5, it appearsto bethe
casethatwordsthatoccurfrequentlyandpossessa con-
sistentsetof featurestendto bemoreeasilyclassi�ed.

Initially, we weredoubtful that spatialcontext in the
modelwould improve resultsgiven that the robot roams
in afairly homogeneousenvironment.Thiscontrastswith
experimentson the Corel datasets(Carbonettoand de
Freitas,2003),wherebythe photographswerecaptured
from a wide variety of settings. However, the experi-
mentson the robomediadatademonstratethat there is
somethingto be gainedby introducing inter-alignment
dependenciesin the model, even in environmentswith
relatively noisyandunreliabledata.

Genericobject recognitionin the context of robotics
is a challengingtask. Standardlow-level featuressuch
ascolourandtextureareparticularlyineffective in a lab-
oratoryenvironment.For example,chairscancomein a
varietyof shapesandcolours,and“wall” refersto averti-
calsurfacethathasvirtually norelationto colour, texture
andposition. Moreover, it is muchmoredif�cult to de-
lineatespeci�c conceptsin a scene,even for humans—
doesa table includethe legs, andwheredoesonedraw
the line betweenshelves,drawers,cabinetsand the ob-
jectscontainedin them?(This explainswhy many of the
manually-annotatedpatchesin Figures6 and 8 are left
empty.) Objectrecognitionon theCorel datasetis com-
paratively easybecausethe photosarecapturedto arti-
�cially delineatespeci�c concepts. Colour and texture
tendto bemoreinformative in naturalscenes.

In orderto tackleconcernsmentionedabove, oneap-
proachwould beto constructa moresophisticatedrepre-
sentationof objects.A morerealisticalternativewouldbe
to reinforceour representationwith high-level features,
includingmorecomplex spatialrelations.

Oneimportantcriterion we did not addressexplicitly
is on-line learning. Presently, we train our modelsas-
sumingthatall theimagesarecollectedat onetime. Re-
searchshows that porting batch learning to an on-line
processusing EM doesnot posesigni�cant challenges
(SmithandMakov, 1978;SatoandIshii, 2000;Brochuet
al., 2003).With thediscussionpresentedin this paperin
mind, real-timeinteractive learningof semanticassocia-
tionsin Jośe'senvironmentis verymuchwithin reach.
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