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Abstract

This paperevaluatesthe hypothesisthat
pictorial representationscanbeusedto ef-
fectively convey simple sentencesacross
languagebarriers. Comparative evalu-
ations show that a considerableamount
of understandingcan be achieved using
visual descriptionsof information, with
evaluation �gures within a comparable
range of those obtainedwith linguistic
representationsproducedby anautomatic
machinetranslationsystem.

1 Intr oduction

Universal communicationrepresentsone of the
long-standinggoals of the humanity – borderless
communicationamongpeople,regardlessof thelan-
guagethey speak.Accordingto recentstudies(Eth,
2005), (Gibbs, 2002) there are about 7,000 lan-
guagesspoken worldwide. From these,only about
15–20 languagescan currently take advantageof
the bene�ts provided by machinetranslation,and
even for these languages,the automaticallypro-
ducedtranslationsarenoterrorfreeandtheirquality
lagsbehindthehumanexpectations.

In this paper, we investigatea new paradigmfor
translation: translation thr ough pictur es, as op-
posedto translationthroughwords,asa meansfor
producinguniversalrepresentationsof information
that can be effectively conveyed acrosslanguage
barriers.Regardlessof thelanguagethey speak,peo-
ple sharealmostthe sameability to understandthe

contentof pictures. For instance,speakers of dif-
ferentlanguageshaveadifferentwayof referringto
the conceptof apple, as illustratedin Figure 1(a).
Instead,apicturecanbeunderstoodby all peoplein
the sameway, replacingthe multitudeof linguistic
descriptionswith one,virtually universalrepresen-
tation(Figure1(b)).
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Figure1: Linguistic andvisual representationsfor
theconcept“apple”.

In additionto enablingcommunicationacrosslan-
guages,theability to encodeinformationusingpic-
torial representationshasotherbene�ts,suchaslan-
guagelearningfor childrenor for thosewhostudya
foreignlanguage,communicationto andfrom prelit-
erateor non-literatepeople,or languageunderstand-
ing for peoplewith languagedisorders.

This paperdescribesa systemfor the automatic
generationof pictorial translationsfor simple sen-
tences,andevaluatesthehypothesisthatsuchpicto-
rial descriptionscanbe understoodindependentof
language-speci�crepresentations.An exampleof
the pictorial translationsthat we target is shown in
Figure2(a).

Thereareof courselimitationsinherentto theuse
of visualrepresentationsfor thepurposeof commu-



nication. First, therearecomplex informationsthat
cannotbeconveyedthroughpictures,asin e.g. “An
inhaledformof insulinwonfederal approval yester-
day,” which requirethe moreadvancedrepresenta-
tionsthatcanonly beencodedin language.Second,
thereis a largenumberof conceptsthathave a level
of abstractionthatprohibitsa visual representation,
suchase.g. politics or regenerate. Finally, cultural
differencesmay result in varying levels of under-
standingfor certainconcepts.For instance,thepro-
totypical imagefor housemaybedifferentin Asian
countriesascomparedto countriesin Europe.Simi-
larly, theconceptof coffeemaybecompletelymiss-
ing from the vocabulary of certainLatin American
tribes, and thereforeimagesrepresentingthis con-
ceptarenot easilyunderstoodby speakersof such
languages.

While we acknowledgeall theselimitations and
dif�culties, we attempt to take a �rst cut at the
problem,andevaluatetheamountof understanding
for simplesentenceswhen“translatedthroughpic-
tures,” ascomparedto themoretraditionallinguistic
translations.Note that we do not attemptto repre-
sentcomplex statesor events(e.g.emotionalstates,
temporalmarkers,change)or theirattributes(adjec-
tives,adverbs),nor do we attemptto communicate
linguistic structure(e.g. prepositionalattachments,
lexical order, certainty, negation). Instead,we focus
on generatingpictorial translationsfor simplesen-
tences,using visual representationsfor basiccon-
cretenounsandverbs,andwe evaluatethe amount
of understandingthat can be achieved with these
simplevisualdescriptionsascomparedto their lin-
guisticalternatives.

Startingwith a given short sentence,we usean
electronicillustrateddictionary (PicNet)andstate-
of-the-artnaturallanguageprocessingtools to gen-
eratea pictorial translation.A numberof usersare
thenasked to producean interpretationof thesevi-
sualrepresentations,which arethencomparedwith
theinterpretationgeneratedbasedonalinguisticde-
scription of the sameinformation. Resultsshow
thata considerableamountof understandingcanbe
achieved basedon visual descriptionsof informa-
tion, with evaluation �gures within a comparable
rangeof thoseobtainedfor automaticallyproduced
linguistic representations.

2 Understandingwith Pictures

Thehypothesisguidingourstudyis thatsimplesen-
tencescanbeconveyedvia pictorial representations
with limited or no use of linguistic descriptions.
While linguistic expressionsarecertainlyirreplace-
able when it comesto complex, abstractconcepts
suchasmaterialismor scholastics, simpleconcrete
conceptssuchas appleor drink canbe effectively
describedthroughpictures,andconsequentlycreate
pictorial representationsof information.

Our goal is to testthe level of understandingfor
entire piecesof information representedwith pic-
tures,e.g. short sentencessuchas I want to drink
a glassof water, which is differentthantestingthe
ability to graspasingleconceptrepresentedin apic-
ture (e.g. understandthat the conceptshown in a
pictureis apple). We thereforeperformour experi-
mentswithin a translationframework, wherewe at-
temptto determineandevaluatetheamountof infor-
mationthatcanbeconveyedthroughpictorial repre-
sentations.

Speci�cally, we comparethelevel of understand-
ing for threedifferentwaysof representinginforma-
tion: (1) fully conceptual,usingonly pictorial rep-
resentations;(2) mixed linguistic and conceptual,
using representationsconsistingof picturesplaced
within a linguistic context; and�nally (3) fully lin-
guistic,usingonly wordsto representinformation.

2.1 Translation Scenarios

We conductout experimentsunderthe assumption
thatthereis a languagebarrierbetweenthetwo par-
ticipantsin an informationcommunicationprocess.
Thesender(speaker) attemptsto communicatewith
a receiver (listener), but the only communication
meansavailableis a languageknown to thesender,
but not to the receiver. We thereforedeal with a
standardtranslationframework, where the goal is
to convey informationrepresentedin an“unknown”
(source)languageto aspeakerof a“known” (target)
language.Thefollowing threetranslationscenarios
areevaluated:

ScenarioS1. No languagetranslationtool is avail-
able. The information is conveyed exclusively
through pictures, and while linguistic representa-
tionscanstill beusedto suggestthepresenceof ad-



I eat the egg and the coffee work as breakfast.

(b) Mixed pictorial and linguistic translation (automatic) for 

(a) Pictorial translation for "The house has four bedrooms and one kitchen."

"You should read this book."

(c) Linguistic translation (automatic) for "I eat eggs and coffee for breakfast."

Figure2: Samplepictorial andlinguistic translationsfor threeinput texts.

ditional concepts,they arenotunderstoodby thein-
formationrecipient. In this scenario,thecommuni-
cationis performedentirelyatconceptuallevel. Fig-
ure2(a)shows anexampleof sucha pictorial trans-
lation.

Scenario S2. An automaticlanguagetranslation
tool is available,which is coupledwith a pictorial
translationtool for a dualvisual-linguisticrepresen-
tation. The linguistic representationsin the target
(“known”) languageare producedusing an auto-
matic translationsystem,and thereforenot neces-
sarily accurate.Figure2(b) shows anexampleof a
mixedpictorial-linguistictranslation.

ScenarioS3. Thethird casewe evaluateconsistsof
a standardlanguagetranslationscenario,wherethe
informationis conveyed entirely at linguistic level.
Similar with the previous case,the assumptionis
that a machinetranslationtool is available, which
canproduce(sometimeerroneous)linguistic repre-
sentationsin the target “known” language.Unlike
the previous scenariohowever, no pictorial transla-
tionsareused,andthereforewe evaluatetheunder-
standingof information using representationsthat
arefully linguistic. An exampleof sucha represen-
tationis illustratedin Figure2(c).

In thefollowing section,webrie�y describethecon-
structionof thePicNetillustrateddictionary, which
associatespictureswith word meaningsas de�ned
in anelectronicdictionary. We thendescribeanau-
tomaticsystemfor generatingpictorial translations,

and evaluateits ability to convey simple piecesof
informationacrosslanguagebarriers.

3 PicNet

PicNet (Bormanet al., 2005) is a knowledge-base
consistingof dual visual-linguistic representations
for wordsandphrases– seenascognitive unitsen-
codingthe smallestunits of communication.Start-
ing with a machinereadabledictionarythatde�nes
thewordsin thecommonvocabulary andtheir pos-
sible meanings,PicNetaddsvisual representations
to thedictionaryentries,to theendof building a re-
sourcethatcombinesthelinguisticandpictorial rep-
resentationsof basicconcepts.

PicNet relies on a Web-basedsystemfor aug-
mentingdictionarieswith illustrative imagesusing
volunteercontributionsover theWeb. Theassump-
tion is thatall Webusersareexpertswhenit comes
to understandingthe contentof imagesand�nding
associationsbetweenwords andpictures. Given a
word and its possiblemeanings– as de�ned by a
comprehensivedictionary– Webusersparticipatein
avarietyof game-likeactivities targetingtheassoci-
ationof pictureswith words.

The primary lexical resourceusedin PicNet is
WordNet (Miller, 1995)– a machinereadabledic-
tionary containinga large numberof conceptsand
relationsbetweenthem. While theWordNetdictio-
nary coversEnglishconcepts,it is also linked to a
largenumberof dictionariescoveringseveralEuro-



sofa, couch, lounge - (an upholstered
seat for more than one person)

write - (communicate or express by
writing)

Figure3: Sampleword/imageassociationsfromPic-
Net.

peanlanguages(Vossen,1998),andto the Chinese
HowNetdictionary(Carpuatetal., 2002).

Initially, PicNet was seeded with images
culled from automatedimage searchesusing Pic-
Search(http://www.picsearch.com)and AltaVista
(http://www.altavista.com/image),which resulted
in 72,968 word/image associationsautomatically
collected. Data validation is then performedby
Web volunteerswho can chooseto participatein
a variety of activities, including free association
(assigna concept to a randomly selectedimage
from the database), image upload (upload an
image the user �nds representative for a given
concept), image validation (assigna quality vote
to a randomly selectedconcept/imageassociation
from the PicNet dictionary), or competitive free
association(a game-like activity where multiple
userscan simultaneouslyvote on a concept/image
association).

3.1 Ensuring Data Quality

Collectingfrom thegeneralpublicholdsthepromise
of providing muchdataat low cost. It alsomakes
attendingto an importantaspectof datacollection:
ensuringcontribution quality. PicNet implements
a scoring schemethat ranks concept/imagepairs
basedon the total numberof votes received from
usersof the variousPicNetactivities. A complete
history of users'decisionsis maintainedand used
to ranktheconcept/imageassociations.Eachaction
providesan implicit quanti�ed vote relating to the
concept/imagepair. The sum of thesevotes cre-
atesa scorefor the pair, allowing PicNet to rank
imagesassociatedto a particularconcept.The fol-
lowing list representsthepossibleactionsthatusers
canperformon thePicNetsite,andthecorrespond-
ing votes: Uploadan imagefor a selectedconcept
(+5); Imagevalidation– well relatedto theconcept

(+4); Imagevalidation– relatedto many conceptat-
tributes(+3); Imagevalidation– looselyrelatedto
the concept(+1); Imagevalidation– not relatedto
the concept(� 5); Freeassociation(+3); Competi-
tive free association(+n, wheren is the numberof
usersagreeingwith theassociation).

3.2 PicNetEvaluations

Evaluationsconcerningthe quality of the datacol-
lectedthroughPicNetwereconductedbasedon the
concept/imageassociationscollectedup-to-datefor
approximately6,200 conceptsfrom 320 contribu-
tors. A manual inspectionof 100 random con-
cept/imagepairssuggestedthat thescoringscheme
is successfulin identifyinghighqualityassociations,
with about85 associationsfoundcorrectby trusted
humanjudges. Figure 3 shows two samplecon-
cept/imageassociationscollectedwith PicNet and
their dictionaryde�nitions. Moredetailson thePic-
Net activities andevaluationareprovided in (Bor-
manetal., 2005).

In our picture translationexperiments,PicNet is
usedto assignan imageto basicnounsand verbs
in the input sentence. Once again, no attemptis
madeto assignpicturesto adjectivesor adverbs. In
additionto the imagerepresentationsfor nounsand
verbsascollectedthroughPicNet,we alsousea set
of pictorial representationsfor pronouns,usingim-
agesfrom a languagelearningcourse1.

4 A Systemfor Automatic Pictorial
Translations

The automatictranslationof an input text into pic-
turesis a non-trivial task,sincethe goal is to gen-
eratepictorial representationsthat are highly cor-
relatedwith the wordsin the sourcesentence,thus
effecting a level of understandingfor the pictorial
translationswhich would be comparableto that for
thelinguistic representationsalone.

Startingwith an input sentence,the text is tok-
enizedandpart-of-speechtagged(Brill, 1992),and
word lemmasareidenti�ed usinga WordNet-based
lemmatizer. Next, we attemptto identify the most
likely meaningfor eachopen-classword using a
publicly available state-of-the-artsensetaggerthat

1http://tell.�l.purdue.edu/JapanProj/FLClipart/



identi�es the meaningof wordsin unrestrictedtext
with respectto theWordNetsenseinventory(Mihal-
ceaandCsomai,2005).

Oncethetext is pre-processed,andtheopen-class
wordsarelabeledwith theirparts-of-speechandcor-
respondingword meanings,we usePicNetto iden-
tify pictorial representationsfor eachnounandverb.
We supplyPicNetwith the lemma,part-of-speech,
and sensenumber, and retrieve the highestranked
picture from the collectionof concept/imageasso-
ciationsavailable in PicNet. To avoid introducing
errorsin thepictorial translation,we useonly those
concept/imageassociationsthatrankaboveathresh-
old scoreof 4, indicatingahighqualityassociation.

5 Experimentsand Evaluation

Throughour experiments,we target the evaluation
of thetranslationquality for eachof thethreetrans-
lationscenariosdescribedbefore.

We createda testbedof 50 shortsentences,con-
sistingof 30 randomlyselectedexamplesfrom lan-
guagelearningcourses,and20 sentencesfrom vari-
ousdomain-speci�ctextscovering�elds suchase.g.
�nance, sports,or travel. While all thesentencesin
our testbedareshort,with an averageof 15 words
each,they have variouslevels of dif�culty , ranging
from simplebasicvocabularytaughtin beginnerlan-
guageclasses,to morecomplex sentencescontain-
ing domain-speci�cvocabulary.

Although our translationsystem,asdescribedin
Section4, is designedto work with English as a
sourcelanguage,in orderto facilitatetheevaluations
we have alsocreateda Chineseversionof the sen-
tencesin ourdataset2. Thereasonfor usingChinese
(ratherthanEnglish)asthe source“unknown” lan-
guagewasto ensurethe fairnessof the evaluation:
since this researchwas carriedout in an English-
speakingcountry, it wasdif�cult to �nd userswho
did not speakEnglishandwhowerecompletelyun-
awareof the peculiaritiesof the English language.
Instead,by using Chineseas the sourcelanguage,
we were able to conductan evaluationwhere the
usersinterpretingthepictorial representationswere

2This representsthe”unknown” languagefor thetranslation
evaluationsbelow. Thetranslationwasgeneratedby two native
Chinesespeakers,throughseveral iterationsuntil anagreement
wasreached.

not awareof any of the speci�cs of the sourcelan-
guage(suchasvocabulary, word order, or the syn-
tacticstructurespeci�c to Chinese).

Startingwith theChineseversionof eachsentence
in ourdataset,threetranslationsweregenerated:(1)
A pictorial translation,whereverbs,nouns,andpro-
nounsare representedwith pictures,while the re-
mainingcontext is representedin Chinese3 (no pic-
torial translationsare generatedfor thoseverbsor
nounsnot availablein PicNet). (2) A mixed picto-
rial and linguistic translation,whereverbs,nouns,
andpronounsarestill representedwith pictures,but
thecontext is representedin English.(3) A linguistic
translation,asobtainedfrom a machinetranslation
system(Systranhttp://www.systransoft.com),which
automaticallytranslatestheChineseversionof each
sentenceinto English; no pictorial representations
areusedin this translation.

Interpretation 1:  

Interpretation 2:  

Interpretation 3:  I need my eye glasses to read this book.

I need glasses to read a book.

I use glasses to read my books.

Figure4: Variousinterpretationsby differentusers
for asamplepictorial translation.

Eachof thethreetranslationsis thenshown to �f-
teen different users,who are asked to indicate in
their own words their interpretationof the visual
and/orlinguistic representations.For instance,Fig-
ure 4 shows a pictorial translationfor the sentence
“I needglassesto readthis book,” andthreeinter-
pretationsby threedifferentusers4.

3Thepictorialtranslations,automaticallyassignedto theEn-
glish versionof eachsentence,weremanuallyassignedto the
conceptsin the Chinesesentence.It is importantto note that
thisstepwasrequiredexclusively for thepurposeof conducting
the evaluations. In the generalcase,the pictorial translations
are automaticallyassignedto a sourceEnglish sentence,and
usedas suchin the communicationprocess. However, since
we wantedto circumvent theproblemof all theusersavailable
for our studybeingEnglishspeakers,we choseto conductthe
evaluationsusinga languagedifferentthanEnglish(andconse-
quentlyselectedChineseasthesourcelanguage).

4A pictorialrepresentationwasnotusedfor theverb“need”,
sincenoimageassociationwasfoundin PicNetfor thisconcept.



5.1 Evaluation Metrics

To assessthequalityof theinterpretationsgenerated
by eachof the threetranslationscenariosdescribed
before,we useboth manualand automaticassess-
mentsof quality, basedon metricstypically usedin
machinetranslationevaluations.

First, we usea humanevaluationof quality, con-
sistingof anadequacy assessment.A humanjudge
waspresentedwith thecorrectreferencetranslation
anda candidateinterpretation,andwasaskedto in-
dicatehow muchof theinformationin thegoldstan-
dardreferencetranslationwaspreservedin thecan-
didateinterpretation.The assessmentis doneon a
scalefrom 1 (“none of it”) to 5 (“all the informa-
tion”)5.

Second,we use two automatic evaluations of
quality traditionally used in machine translation
evaluation. The NIST evaluation (Doddington,
2002) is basedon the Bleu score(Papineniet al.,
2002). It is an information-weightedmeasureof
the precisionof unigrams,bigrams,trigrams,four-
grams,and � ve-gramsin the candidateinterpreta-
tions with respectto the “gold-standard”reference
translation. The other metric is the GTM score
(Turianet al., 2003),which measuresthesimilarity
betweentexts in termsof precision,recall, and F-
measure.Both measureswerefound to have good
performanceat discriminating translationquality,
with highcorrelationsto humanjudgments.

5.2 Results

For eachsentencein our testbedandfor eachpossi-
ble translation,wecollectedinterpretationsfrom �f-
teendifferentusers,accountingfor a total of 2,250
interpretations.No Chinesespeakerswereallowed
to participatein the evaluations,sinceChinesewas
the “unknown” languageusedin our experiments.
Theusergroupincludeddifferentethnicgroups,e.g.
Hispanics,Caucasians,Latin Americans,Indians,
accountingfor different cultural biases. While all
theuserswereaccustomedto theAmericanculture

5Traditionally, human evaluationsof machinetranslation
quality have alsoconsidered�uency asanevaluationcriterion.
However, sincewe measurethequality of thehuman-produced
interpretations(ratherthanmeasuringdirectlythequalityof the
automaticallyproducedtranslations),theinterpretationsare�u-
ent, andthereforedo not requirean explicit evaluationof �u-
ency.

(all of themhaving livedin theUnitedStatesfor two
or moreyears),only a small fraction of themwere
Englishnativespeakers.

All theinterpretationsprovidedby theuserswere
scoredusing the three evaluation measures: the
GTM F-measureandtheNIST scores,andtheman-
ually assessedadequacy. Table1 shows the evalu-
ation results,averagedacrossall usersandall sen-
tences.

Evaluation
automatic manual

Typeof translation NIST (Bleu) GTM Adequacy

S1: Pictures 41.21 32.56 3.81
S2: Pictures+linguistic 52.97 41.65 4.32
S3: Linguistic 55.97 44.67 4.40

Table 1: Resultsfor the three translationscenar-
ios, usingautomaticandmanualevaluationcriteria.
Standarddeviationsweremeasuredat: 7.80for the
NIST score,6.30 for the GTM score,and0.31 for
theadequacy score.

The lower boundis representedby the “no com-
munication”scenario(nolanguage-basedcommuni-
cationbetweenthe two speakers),correspondingto
a baselinescoreof 0 for all the translationscores.
For thehumanadequacy score,theupperboundcon-
sistsof a scoreof 5, which re�ects a perfectinter-
pretation. For the NIST andthe GTM scores,it is
dif�cult to approximateanupperbound,sincethese
automaticevaluationsdo not have theability to ac-
count for paraphrasesor othersemanticvariations,
which typically get penalizedin thesescores.Pre-
vious evaluationsof a NIST-like scoreon human-
labeledparaphrasesled to a scoreof 70%, which
canbe consideredasa roughestimationof the up-
perbound.

5.3 Discussion

Theresultsindicatethata signi�cant amountof the
information containedin simple sentencescan be
conveyedthroughpictorial translations.Thehuman
adequacy scoreof 3.81, also re�ected in the auto-
matic NIST and GTM scores,indicate that about
76%6 of the contentcan be effectively communi-
catedusingpictures.This scoreis explainedby the

6Thefractionof theadequacy scorefor pictorial translations
(3.81)dividedby themaximumadequacy score(5.00).



intuitive visual descriptionsthat canbe assignedto
someof the conceptsin a text, andby the humans
ability to ef�ciently contextualize conceptsusing
their backgroundworld knowledge. For instance,
while the conceptsread and book could also lead
to astatementsuchase.g.“Readabouta book,” the
most likely interpretationis “Read a book,” which
is what mostpeoplewill think of whenseeingthe
pictorial representationsof thesetwo concepts.

5.3.1 Data Analysis

In an attempt to understandthe level of dif�-
culty associatedwith the understandingof picto-
rial translationsfor differentsentencetypes,weper-
formeda detailedanalysisof the testset,andmea-
suredthecorrelationbetweenvariouscharacteristics
of the testsentencesandthe level of understanding
achieved during the sentenceinterpretationexperi-
ments. Speci�cally, given a sentencefeature(e.g.
the numberof words in a sentence),and an eval-
uationscorefor translationquality (e.g. the NIST
score),wedeterminedthePearsoncorrelationfactor
(r ) betweenthefeatureconsideredandthequalityof
theinterpretation.In all thecorrelationexperiments,
wereportcorrelationmeasuresusingtheNIST eval-
uationscores,but similarcorrelationscoreswereob-
servedfor theotherevaluationmetrics.As typically
assumedin previous correlationstudies,a Pearson
factorof 0:10� 0:29 is associatedwith a low corre-
lation,0:30� 0:59 representsamediumcorrelation,
and0:60� 1:00 is consideredhighcorrelation.

Basedoncorrelationanalysesfor anumberof fea-
tures,thefollowing observationsweredrawn.

Sentencelength. Thereis a high negative correla-
tion (r = � 0:67) betweenthenumberof wordsin a
sentenceandthelevel of understandingachievedfor
thepictorial translations.This suggeststhat theun-
derstandingof pictorial translationsincreaseswith
decreasingsentencelength.Ourpictorial translation
paradigmis thereforemosteffective for short sen-
tences.

Ratioof wordswith a givenpart-of-speech. Thereis
a mediumpositive correlation(r = 0:44) between
the proportionof nounsin a sentenceandthe level
of understanding,andamediumnegativecorrelation
(r = � 0:47) betweenthenumberof functionwords
andthequalityof interpretation,indicatingthatsen-

tencesthatare“dense”in concepts(largenumberof
nouns,small numberof function words)areeasier
to understandwhenrepresentedthroughpictures.

Syntacticcomplexity. We modeledsyntacticcom-
plexity by countingthenumberof differentsyntactic
phrases(e.g.nounphrases),andby determiningthe
high-level structureof the syntacticparsetree(e.g.
subject-verb,subject-verb-indirectobject,etc.). We
foundthattheunderstandingof pictorial translations
decreaseswith increasingsyntacticcomplexity, with
amediumnegativecorrelationobservedbetweenthe
numberof noun-phrases(r = � 0:49) or preposi-
tional phrases(r = � 0:51) in a sentenceand the
quality of interpretation. Although no signi�cant
correlationwas found betweenthe level of under-
standingof apictorialtranslationandthestructureof
thesyntacticparsetree,onaveragebetterinterpreta-
tions wereobserved for sentenceswith a complete
subject-verb-directobjectstructure(ascomparedto
e.g.sentenceswith asubject-verbstructure).

Semanticclasses.Using the semanticclassesfrom
WordNet(26 semanticclassesfor nounsand15 se-
mantic classesfor verbs),we determinedfor each
sentencethenumberof conceptsbelongingto each
semanticclass,and measuredthe correlationwith
the level of understandingfor pictorial translations.
We found a low positive correlation(r = 0:20 �
0:30) associatedwith the numberof nounsbelong-
ing to the semanticclass“animal” (e.g. dog) and
“communication”(e.g. letter) and the verbsfrom
the semanticclassesof “cognition” (e.g. read) and
“consumption”(e.g. drink). No signi�cant correla-
tionswerefoundfor theothersemanticclasses.

Word frequency. For eachof thesentencesin thetest
set,wedeterminedthefrequency of eachconstituent
word (excluding stopwords) using the British Na-
tional Corpus. Theseword frequencieswere then
combinedinto a scorewhich, after normalization
with the length of the sentence,re�ects the usage
frequency for the conceptsdescribedin a sentence.
We founda mediumpositive correlation(r = 0:38)
betweenthe combinedfrequency of the wordsin a
sentenceandthelevel of understandingfor pictorial
translations,suggestingthatit is easierto understand
andinterpretthepictorial representationsassociated
with frequentlyusedwords.



5.3.2 Translation ScoreAnalysis

An analysisof the translationscoreslisted in
Table 1 reveals interestingaspectsconcerningthe
amount of understandingachieved for different
translationscenarios.

The scoreachieved throughthe pictorial transla-
tionsalone(S1)representsalargeimprovementover
thescoreof 0 for the“no communication”baseline
(which occurswhenthereareno meansof commu-
nicationbetweenthespeakers). Thescoreachieved
by thisscenarioindicatestheroleplayedby concep-
tual representations(pictures)in the overall under-
standingof simplesentences.

The differencebetweenthe scoresachieved with
scenarioS1 (pictorial representations)andscenario
S2 (mixed pictorial and linguistic representations)
pointsout therole playedby context thatcannotbe
describedwith visual representations.Adjectives,
adverbs,prepositions,abstractnounsandverbs,syn-
tactic structure,and others constitutea linguistic
context thatcannotberepresentedwith pictures,and
whichnonethelesshasanimportantrole in thecom-
municationprocess.

Finally, thegapbetweenthesecond(S2)andthe
third (S3)scenariosindicatestheadvantageof words
over picturesfor producingaccurateinterpretations.
Notehowever that this is a rathersmall gap,which
suggeststhat pictorial representationsplacedin a
linguistic context areintuitive,andcansuccessfully
convey informationacrossspeakers,with an effec-
tivenessthat is comparableto full linguistic repre-
sentations.

There were also caseswhen the pictorial rep-
resentationsfailed to convey the desiredmeaning.
For instance, the illustration of the pronoun he,
a riverbank, and a torch (for He seesthe river-
bank illuminated by a torch) received a wrong in-
terpretationfrom mostusers,perhapsdueto theun-
usual,not necessarilycommonsensicalassociation
betweenthe riverbank and the torch, which most
likely hinderedthe usersability to effectively con-
textualizetheinformation.

Interestingly, therewerealsocaseswherethe in-
terpretationof the pictorial translationwas better
than the one for the linguistic translation. For in-
stance,theChinesesentencefor I reademailon my
computerwas wrongly translatedby the machine

translationsystemto I readelectricity on my com-
puterpost. which wasmisleading,andled to anin-
terpretationthat wasworsethan the onegenerated
by the illustrationof theconceptsof I, read, email,
andcomputer.

Overall, while pictorial translationshave limita-
tionsin theamountof informationthey canconvey,
theunderstandingachievedbasedonpictorial repre-
sentationsfor simpleshortsentenceswas found to
be within a comparablerangeof the understanding
achievedbasedonanautomaticmachinetranslation
system,which suggeststhat suchpictorial transla-
tionscanbeusedfor thepurposeof communicating
simplepiecesof information.

6 RelatedWork

Early researchefforts in cognitive scienceandpsy-
chology(Potteret al., 1986)have shown thata pic-
turecansuccessfullyreplaceanounin arapidlypre-
sentedsentence,withoutany impacton theinterpre-
tation of the sentence,nor on the speedof under-
standing,suggestingthat the humanrepresentation
of word meaningsis basedon a conceptualsystem
which is not tied to agivenlanguage.

Work hasalsobeendoneon thedesignof iconic
languagesfor augmentativecommunicationfor peo-
plewith physicallimitationsor speechimpediments,
with iconic keyboardsthat can be touchedto pro-
ducea voice output for communicationaugmenta-
tion (ChangandPolese,1992).Also relatedto some
extent is thework donein visualprogramminglan-
guages(BoshernitsanandDownes,1997),wherevi-
sualrepresentationssuchasgraphicsandiconsare
addedto programminglanguagesto supportvisual
interactionsandto allow for programmingwith vi-
sualexpressions.

Anotherarearelatedto ourwork is machinetrans-
lation, which in recent years has witnessedsig-
ni�cant advances,with large scaleevaluationsand
well attendedevents organized every year. De-
spitethisprogress,currentmachinetranslationtech-
niquesare still limited to the translationacrossa
handfulof languages.In particular, statisticalmeth-
odsarerestrictedto thoselanguagepairsfor which
large parallel corporaexist, such as e.g. French-
English,Chinese-English,or Arabic-English.Deal-
ing with morphologicallycomplex languages(e.g.



Finnish),languageswith partialfreewordorder(e.g.
German),or languageswith scarceresources(e.g.
Quechua)proveto beverychallengingtasksfor ma-
chine translation,and there is still a long way to
go until a communicationmeanswill be available
amongall thelanguagesspokenworldwide.

Finally, a signi�cant amount of researchwork
hasbeendonein automaticimagecaptioning(e.g.
(Barnardand Forsyth, 2001), (Pan et al., 2004)).
This topic is howeveroutsidethegoalof ourcurrent
study, andthereforenotoverviewedhere.

7 Conclusions

Languagecansometimebean impedimentin com-
munication. Whetherwe are talking aboutpeople
who speakdifferent languages,studentswho are
learninga new language,or peoplewith language
disorders,the understandingof linguistic represen-
tationsin a givenlanguagerequirea certainamount
of knowledgethatnoteverybodyhas.

In thispaper, wedescribedasystemthatcangen-
eratepictorial representationsfor simplesentences,
and proposed“translation through pictures” as a
meansfor conveying simple piecesof information
acrosslanguagebarriers.Comparative experiments
conductedonvisualandlinguisticrepresentationsof
informationhave shown thata considerableamount
of understandingcanbe achieved throughpictorial
descriptions,with resultswithin acomparablerange
of thoseobtainedwith currentmachinetranslation
techniques.

Futurework will considerthe analysisof more
complex sentencesof variousdegreesof dif�culty .
Culturaldifferencesin pictureinterpretationarealso
an interestingaspectthatwe plan to considerin fu-
tureevaluations.

References

K. Barnardand D.A. Forsyth. 2001. Learningthe se-
manticsof wordsandpictures. In Proceedingsof the
IEEEInternationalConferenceonComputerVision.

A. Borman,R. Mihalcea,and P. Tarau. 2005. Picnet:
Augmentingsemanticresourceswith pictorial repre-
sentations.In Proceedingsof the AAAI SpringSym-
posiumonKnowledgeCollectionfromVolunteerCon-
tributors, Stanford,CA.

M. BoshernitsanandM. Downes.1997.Visualprogram-
ming languages:A survey. Technicalreport, U.C.
Berkeley.

E. Brill. 1992. A simplerule-basedpart of speechtag-
ger. In Proceedingsof the3rd Conferenceon Applied
Natural Language Processing, Trento,Italy.

M. Carpuat,G.Ngai,P. Fung,andK. Church.2002.Cre-
ating a bilingual ontology: A corpus-basedapproach
for aligningWordNetandHowNet. In Proceedingsof
the 19th InternationalConferenceon Computational
Linguistics(COLING2002), Taipei,Taiwan,August.

S. ChangandG. Polese.1992. A methodologyandin-
teractive environmentfor iconic languagedesign. In
Proceedingsof IEEEworkshoponvisuallanguages.

G. Doddington.2002. Automaticevaluationof machine
translationquality usingn-gramco-occurrencestatis-
tics. In Proceedingsof HumanLanguage Technology
HLT-2002, SanDiego.

2005.http://www.ethnologue.com.

W.W. Gibbs. 2002. Saving dying languages.Scienti�c
American, pages79–86.

R. MihalceaandA. Csomai.2005. Senselearner:Word
sensedisambiguationfor all wordsin unrestrictedtext.
In Proceedingsof the43ndAnnualMeetingof theAs-
sociationfor ComputationalLinguistics, Ann Arbor,
MI.

G. Miller. 1995. Wordnet:A lexical database.Commu-
nicationof theACM, 38(11):39–41.

J.Y. Pan, H.J. Yang, C. Faloutsos, and P. Duygulu.
2004. Gcap: Graph-basedautomaticimagecaption-
ing. In Proceedingsof the 4th International Work-
shopon MultimediaData andDocumentEngineering
(MDDE), Washington,DC.

K. Papineni,S. Roukos, T. Ward, and W. Zhu. 2002.
Bleu: a methodfor automaticevaluationof machine
translation. In Proceedingsof the 40th AnnualMeet-
ing of the Associationfor ComputationalLinguistics
(ACL 2002), Philadelphia,PA, July.

M.C. Potter, J.F. Kroll, B. Yachzel,E. Carpenter, and
J. Sherman.1986. Picturesin sentences:understand-
ing without words. Journal of ExperimentalPsychol-
ogy, 115(3).

J.Turian,L. Shen,andI. D. Melamed.2003.Evaluation
of machinetranslationandits evaluation. In Proceed-
ingsof theMachineTranslationSummit, New Orleans.

P. Vossen. 1998. EuroWordNet: A Multilingual
Databasewith Lexical SemanticNetworks. Kluwer
AcademicPublishers,Dordrecht.


