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Abstract

This paperevaluatesthe hypothesisthat
pictorial representationsanbe usedto ef-
fectively corvey simple sentencesicross
languagebarriers. Comparatre evalu-
ations shawv that a considerableamount
of understandingcan be achieved using
visual descriptionsof information, with
evaluation gures within a comparable
range of those obtained with linguistic
representationgroducedby anautomatic
machinetranslationsystem.

1 Intr oduction

Universal communicationrepresentsone of the
long-standinggoals of the humanity — borderless
communicatioramongpeople regardlessf thelan-
guagethey speak.Accordingto recentstudies(Eth,
2005), (Gibbs, 2002) there are about 7,000 lan-
guagesspolenworldwide. From these,only about
15-20 languagescan currently take adwantageof
the bene ts provided by machinetranslation,and
even for theselanguages,the automatically pro-
ducedtranslationsarenoterrorfreeandtheir quality
lagsbehindthe humanexpectations.

In this paper we investigate a new paradigmfor
translation: translation through pictures as op-
posedto translationthroughwords, asa meansfor
producinguniversalrepresentationsf information
that can be effectively corveyed acrosslanguage
barriers.Regardlesf thelanguagehey speakpeo-
ple sharealmostthe sameability to understandhe

contentof pictures. For instance,spealers of dif-
ferentlanguage$ave adifferentway of referringto
the conceptof apple asillustratedin Figure 1(a).
Instead a picturecanbe understoody all peoplein
the sameway, replacingthe multitude of linguistic
descriptionswith one, virtually universalrepresen
tation (Figure1(b)).

apple (English) alma (Hungarian)
pomme (French) ')A (Japanese)
manzana (Spanishtl.é.'i (Arabic)

mar (Romanian) ZEEL (Chinese)
apel (Indonesian) elma (Turkish)

(a) linguistic representations (b) pictorial representati

Figure 1: Linguistic andvisual representationfor
theconceptapple”.

In additionto enablingcommunicatioracrosdan-
guagesthe ability to encodanformationusingpic-
torial representationsasotherbene ts,suchaslan-
guagdearningfor childrenor for thosewho studya
foreignlanguagecommunicatiorio andfrom prelit-
erateor non-literatepeople or languagainderstand-
ing for peoplewith languagelisorders.

This paperdescribesa systemfor the automatic
generationof pictorial translationsfor simple sen-
tencesandevaluateghe hypothesighatsuchpicto-
rial descriptionscan be understoodndependentf
language-speci aepresentations.An example of
the pictorial translationghat we tamgetis shavn in
Figure2(a).

Thereareof coursdimitationsinherentto theuse
of visualrepresentationfor the purposeof commu-



nication. First, thereare comple< informationsthat
cannotbe corveyedthroughpictures,asin e.g.“An
inhaledform of insulinwonfederl approval yester
day’ which requirethe more advancedrepresenta-
tionsthatcanonly be encodedn language Second,
thereis alarge numberof conceptshathave alevel
of abstractiorthat prohibitsa visual representation,
suchase.g. politics or regenerte Finally, cultural
differencesmay resultin varying levels of under
standingfor certainconceptsFor instancethe pro-
totypicalimagefor housemay be differentin Asian
countriesascomparedo countriesn Europe.Simi-
larly, the concepif coffeemaybe completelymiss-
ing from the vocalulary of certainLatin American
tribes, and thereforeimagesrepresentinghis con-
ceptare not easily understoodby spealers of such
languages.

While we acknavledgeall theselimitations and
dif culties, we attemptto take a rst cut at the
problem,andevaluatethe amountof understanding
for simple sentencesvhen“translatedthroughpic-
tures, ascomparedo themoretraditionallinguistic
translations.Note that we do not attemptto repre-
sentcomple statesor events(e.g. emotionalstates,
temporalmarlkers,change)r their attributes(adjec-
tives, adwerbs),nor do we attemptto communicate
linguistic structure(e.g. prepositionalattachments,
lexical order, certainty negation). Insteadwe focus
on generatingpictorial translationgfor simple sen-
tences,using visual representationfor basic con-
cretenounsandverbs,andwe evaluatethe amount
of understandinghat can be achiezed with these
simplevisual descriptionsascomparedo their lin-
guisticalternatves.

Startingwith a given short sentencewe usean
electronicillustrateddictionary (PicNet) and state-
of-the-artnaturallanguageprocessingoolsto gen-
eratea pictorial translation. A numberof usersare
thenasledto producean interpretationof thesevi-
sualrepresentationsyhich arethencomparedwith
theinterpretatiorgeneratedhasecon alinguistic de-
scription of the sameinformation. Resultsshov
thata considerablemountof understandinganbe
achiered basedon visual descriptionsof informa-
tion, with evaluation gures within a comparable
rangeof thoseobtainedfor automaticallyproduced
linguistic representations.

2 Understandingwith Pictures

Thehypothesigyuidingour studyis thatsimplesen-
tencescanbe corveyedvia pictorial representations
with limited or no use of linguistic descriptions.
While linguistic expressionarecertainlyirreplace-
ablewhenit comesto comple, abstractconcepts
suchasmaterialismor scholastics simpleconcrete
conceptssuchas apple or drink can be effectively
describedhroughpictures,andconsequentlgreate
pictorial representationsf information.

Our goalis to testthe level of understandingor
entire piecesof information representedvith pic-
tures,e.g. shortsentencesuchas| wantto drink
a glassof water, which is differentthantestingthe
ability to graspasingleconceptepresenteth apic-
ture (e.g. understandhat the conceptshavn in a
pictureis applg. We thereforeperformour experi-
mentswithin a translationframeavork, wherewe at-
temptto determineandevaluatetheamountof infor-
mationthatcanbe conveyedthroughpictorial repre-
sentations.

Speci cally, we comparehelevel of understand-
ing for threedifferentwaysof representingnforma-
tion: (1) fully conceptualusingonly pictorial rep-
resentations;(2) mixed linguistic and conceptual,
using representationsonsistingof picturesplaced
within a linguistic context; and nally (3) fully lin-
guistic,usingonly wordsto represeninformation.

2.1 Translation Scenarios

We conductout experimentsunderthe assumption
thatthereis alanguagebarrierbetweerthetwo par
ticipantsin aninformationcommunicatiorprocess.
The sender(spealer) attemptdo communicatevith
a recever (listener), but the only communication
meansavailableis a languageknown to the sender
but not to the recever. We thereforedeal with a
standardtranslationframework, wherethe goal is
to corvey informationrepresente¢h an“unknown”
(source)anguageo a spealer of a“known” (target)
language.The following threetranslationscenarios
areevaluated:

ScenarioS1. No languageranslationtool is avail-
able. The information is corveyed exclusively
through pictures, and while linguistic representa-
tionscanstill beusedto suggesthe presencef ad-
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(a) Pictorial translation for"The house has four bedrooms and one kitchen."
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(b) Mixed pictorial and linguistic translation (automatic) f#iou should read this book

| eat the egg and the coffee work as breakfast.

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

Figure2: Samplepictorial andlinguistic translationgor threeinput texts.

ditional conceptsthey arenotunderstoody thein-
formationrecipient. In this scenariothe communi-
cationis performedentirelyatconceptualevel. Fig-
ure 2(a)shavs 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 representations the tamget

(“known”) languageare producedusing an auto-

matic translationsystem,and thereforenot neces-
sarily accurate.Figure 2(b) shavs an exampleof a

mixed pictorial-linguistictranslation.

ScenarioS3. Thethird casewe evaluateconsistof
a standardanguagdranslationscenariowherethe
informationis corveyed entirely at linguistic level.
Similar with the previous case,the assumptionis
that a machinetranslationtool is available, which
canproduce(sometimeerroneous)inguistic repre-
sentationsn the target “known” language. Unlike
the previous scenarichowever, no pictorial transla-
tionsareused,andthereforewe evaluatethe under
standingof information using representationghat
arefully linguistic. An exampleof sucharepresen-
tationis illustratedin Figure2(c).

In thefollowing sectionwebrie y describehecon-
structionof the PicNetillustrateddictionary which
associatepictureswith word meaningsas de ned
in anelectronicdictionary We thendescribeanau-
tomaticsystemfor generatingpictorial translations,

and evaluateits ability to corvey simple piecesof
informationacrosdanguagebarriers.

3 PicNet

PicNet (Bormanet al., 2005) is a knowledge-base
consistingof dual visual-linguistic representations
for wordsandphrases- seenascognitive units en-
codingthe smallestunits of communication.Start-
ing with a machinereadablalictionarythatde nes
thewordsin the commonvocalulary andtheir pos-
sible meanings PicNetaddsvisual representations
to thedictionaryentries to the endof building are-
sourcethatcombineghelinguisticandpictorial rep-
resentationsf basicconcepts.

PicNet relies on a Web-basedsystemfor aug-
mentingdictionarieswith illustrative imagesusing
volunteercontritutionsover the Weh Theassump-
tion is thatall Web usersareexpertswhenit comes
to understandinghe contentof imagesand nding
associationdetweenwords and pictures. Given a
word and its possiblemeanings— asde ned by a
comprehensk dictionary— Webusersarticipaten
avarietyof game-like actvities targetingtheassoci-
ationof pictureswith words.

The primary lexical resourceusedin PicNetis
WordNet (Miller, 1995)— a machinereadabledic-
tionary containinga large numberof conceptsand
relationsbetweerthem. While the WordNetdictio-
nary covers Englishconceptsit is alsolinkedto a
large numberof dictionariescovering several Euro-



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

write - (communicate or express by
writing)

Figure3: Samplevord/imageassociationfrom Pic-
Net.

peanlanguagegVossen,1998),andto the Chinese
HowNetdictionary(Carpuatetal., 2002).

Initially, PicNet was seeded with images
culled from automatedmage searchesusing Pic-
Search (http://www picsearch.coml@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 actwities, including free association
(assigna conceptto a randomly selectedimage
from the database),image upload (upload an
image the user nds representate for a given
concept),image validation (assigna quality vote
to a randomly selectedconcept/imageassociation
from the PicNet dictionary), or competitve free
association(a game-like actvity where multiple
userscan simultaneouslyote on a concept/image
association).

3.1 Ensuring Data Quality

Collectingfrom thegenerapublicholdsthepromise
of providing much dataat low cost. It alsomakes
attendingto animportantaspectof datacollection:
ensuringcontritution quality. PicNetimplements
a scoring schemethat ranks concept/imagepairs
basedon the total numberof votesreceved from
usersof the variousPicNetactvities. A complete
history of users'decisionsis maintainedand used
to rankthe concept/imageassociationsEachaction
provides an implicit quanti ed vote relatingto the
concept/imagepair. The sum of thesevotes cre-
atesa scorefor the pair, allowing PicNetto rank
imagesassociatedo a particularconcept. The fol-
lowing list representshe possibleactionsthatusers
canperformon the PicNetsite,andthe correspond-
ing votes: Uploadanimagefor a selectedconcept
(+5); Imagevalidation— well relatedto the concept

(+4); Imagevalidation— relatedto mary 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-
lectedthroughPicNetwereconductedasedon the
concept/imageassociationgollectedup-to-datefor
approximately6,200 conceptsfrom 320 contritu-
tors. A manualinspectionof 100 random con-
cept/imagepairssuggestedhatthe scoringscheme
is successfuin identifying high qualityassociations,
with about85 associationgound correctby trusted
humanjudges. Figure 3 shows two samplecon-
cept/imageassociationgollectedwith PicNetand
their dictionaryde nitions. More detailson the Pic-
Net actiities and evaluationare provided 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 adjectvesor adwerbs. In
additionto theimagerepresentationfor nounsand
verbsascollectedthroughPicNet,we alsousea set
of pictorial representationfor pronounsusingim-
agesfrom alanguagdearningcourse.

4 A Systemfor Automatic Pictorial
Translations

The automatictranslationof an input text into pic-
turesis a non-trivial task, sincethe goal is to gen-
erate pictorial representationshat are highly cor
relatedwith the wordsin the sourcesentencethus
effecting a level of understandindor the pictorial
translationsvhich would be comparabléo that for
thelinguistic representationalone.

Startingwith an input sentencethe text is tok-
enizedand part-of-speecltagged(Brill, 1992),and
word lemmasareidenti ed usinga WordNet-based
lemmatizer Next, we attemptto identify the most
likely meaningfor eachopen-classwvord using a
publicly available state-of-the-arsensetaggerthat

http://tell. |.purdue.edu/JapanProj/FLClipart/



identi es the meaningof wordsin unrestrictedext
with respecto theWordNetsensénventory(Mihal-
ceaandCsomai2005).

Oncethetext is pre-processedndtheopen-class
wordsarelabeledwith their parts-of-speecandcor-
respondingvord meaningswe usePicNetto iden-
tify pictorialrepresentationfor eachnounandverh
We supply PicNetwith the lemma, part-of-speech,
and sensenumber and retrieve the highestranked
picture from the collection of concept/imagesso-
ciationsavailablein PicNet. To avoid introducing
errorsin the pictorial translationwe useonly those
concept/imagassociationthatrankabove athresh-
old scoreof 4, indicatinga high quality association.

5 Experimentsand Evaluation

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

We createda testbedof 50 shortsentencesgon-
sistingof 30 randomlyselectedexamplesfrom lan-
guagdearningcoursesand20 sentencefrom vari-
ousdomain-speci dextscovering elds suchase.g.

nance, sports,or travel. While all the sentence

our testbedare short, with an averageof 15 words
each,they have variouslevels of dif culty, ranging
from simplebasicvocalularytaughtin beginnerlan-
guageclassesto more comple sentencesontain-
ing domain-speci cvocahulary.

Although our translationsystem,as describedn
Section4, is designedto work with English as a
sourcdanguagein orderto facilitatetheevaluations
we have alsocreateda Chineseversionof the sen-
tencesn ourdatasef. Thereasorfor usingChinese
(ratherthanEnglish) asthe source“unknown” lan-
guagewasto ensurethe fairnessof the evaluation:
sincethis researchwas carriedout in an English-
speakingcountry it wasdif cult to nd userswho
did not speakenglishandwho werecompletelyun-
aware of the peculiaritiesof the Englishlanguage.
Instead,by using Chineseas the sourcelanguage,
we were able to conductan evaluationwherethe
usersinterpretingthe pictorial representationg/ere

2This representthe”unknown” languagdor thetranslation
evaluationsbelown. Thetranslatiorwasgeneratedby two native
Chinesespealkrs,throughseveraliterationsuntil anagreement
wasreached.

not aware of ary of the speci cs of the sourcelan-
guage(suchasvocahulary, word ordet or the syn-
tacticstructurespeci c to Chinese).

Startingwith theChineserersionof eachsentence
in ourdataset,threetranslationsveregenerated(1)
A pictorialtranslationwhereverbs,nounsandpro-
nounsare representedvith pictures,while the re-
mainingcontext is represente¢h Chinesé (no pic-
torial translationsare generatedor thoseverbsor
nounsnot availablein PicNet). (2) A mixed picto-
rial and linguistic translation,whereverbs, nouns,
andpronounsarestill representedith pictures but
thecontext is representeth English.(3) A linguistic
translation,as obtainedfrom a machinetranslation
system(Systrarttp://www.systransoft.comjyhich
automaticallytranslateghe Chineseversionof each
sentencdnto English; no pictorial representations
areusedin this translation.

Interpretation 1:
Interpretation 2:
Interpretation 3:

| use glasses to read my books.
I need glasses to read a book.
| need my eye glasses to read this book.

Figure4: Variousinterpretationdy differentusers
for asamplepictorial translation.

Eachof thethreetranslationss thenshavn to f-
teen different users,who are asled to indicatein
their own words their interpretationof the visual
and/orlinguistic representationg-or instance Fig-
ure 4 shaws a pictorial translationfor the sentence
“I needglassego readthis book; andthreeinter-
pretationsby threedifferentusers.

*Thepictorialtranslationsautomaticallyassignedo the En-
glish versionof eachsentencewere manuallyassignedo the
conceptdn the Chinesesentence.lt is importantto note that
this stepwasrequiredexclusively for the purposeof conducting
the evaluations. In the generalcase,the pictorial translations
are automaticallyassignedo a sourceEnglish sentenceand
usedas suchin the communicationprocess. However, since
we wantedto circumwentthe problemof all the usersavailable
for our studybeing Englishspealers,we choseto conductthe
evaluationsusingalanguagdaifferentthanEnglish(andconse-
quentlyselectedChineseasthe sourcdanguage).

A pictorialrepresentatiowasnotusedhor theverb“need”,
sincenoimageassociationvasfoundin PicNetfor thisconcept.



5.1 Evaluation Metrics

To assesthequality of theinterpretationgenerated
by eachof the threetranslationscenariosiescribed
before,we useboth manualand automaticassess-
mentsof quality, basedon metricstypically usedin
machinetranslationevaluations.

First, we usea humanevaluationof quality, con-
sistingof anadequag assessmentA humanjudge
waspresentedvith the correctreferenceranslation
anda candidatenterpretationandwasasledto in-
dicatehow muchof theinformationin thegold stan-
dardreferencdranslatiorwaspreseredin the can-
didateinterpretation. The assessmeris doneon a
scalefrom 1 (“none of it”) to 5 (“all the informa-
tion”)®.

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
(Turian et al., 2003),which measureshe similarity
betweentexts in termsof precision,recall, and F-
measure.Both measuresvere found to have good
performanceat discriminating translation quality;
with high correlationdo humanjudgments.

5.2 Results

For eachsentencén our testbedandfor eachpossi-
ble translationwe collectedinterpretationgrom f-

teendifferentusers,accountingfor atotal of 2,250
interpretations.No Chinesespealkrswere allowed
to participatein the evaluations,sinceChinesewas
the “unknown” languageusedin our experiments.
Theusergroupincludeddifferentethnicgroupse.g.
Hispanics, Caucasianslatin Americans, Indians,
accountingfor different cultural biases. While all

the userswere accustomedo the Americanculture

STraditionally human evaluationsof machinetranslation
quality have alsoconsidereduency asanevaluationcriterion.
However, sincewe measureghe quality of the humanproduced
interpretations(ratherthanmeasuringlirectly thequality of the
automaticallyproducedranslations)theinterpretationsre u-
ent, andthereforedo not requirean explicit evaluationof u-

engy.

(all of themhaving livedin the United Statedor two
or moreyears),only a small fraction of themwere
Englishnative spealers.

All theinterpretationprovidedby theuserswere
scored using the three evaluation measures: the
GTM F-measur@andtheNIST scoresandthe man-
ually assesseddequag. Table 1 shavs the evalu-
ationresults,averagedacrossall usersandall sen-
tences.

Evaluation
automatic manual
Typeof translation NIST (Bleu) GTM | Adequay
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.
Standarddeviationswere measuredt: 7.80for the
NIST score,6.30for the GTM score,and 0.31 for
theadequag score.

The lower boundis representedby the “no com-
munication”scenarignolanguage-basetcbmmuni-
cationbetweenthe two spealers),correspondindo
a baselinescoreof 0 for all the translationscores.
Forthehumanadequag score theupperboundcon-
sistsof a scoreof 5, which re ects a perfectinter-
pretation. For the NIST andthe GTM scoresit is
dif cult to approximateanupperbound,sincethese
automaticevaluationsdo not have the ability to ac-
countfor paraphrasesr other semanticvariations,
which typically get penalizedin thesescores.Pre-
vious evaluationsof a NIST-like scoreon human-
labeledparaphraseted to a scoreof 70%, which
canbe consideredasa rough estimationof the up-
perbound.

5.3 Discussion

Theresultsindicatethata signi cant amountof the
information containedin simple sentencesan be
conveyedthroughpictorial translations The human
adequag scoreof 3.81, alsore ected in the auto-
matic NIST and GTM scores,indicate that about
76% of the contentcan be effectively communi-
catedusingpictures. This scoreis explainedby the

5Thefractionof theadequag scorefor pictorial translations
(3.81)divided by themaximumadequayg score(5.00).



intuitive visual descriptionghat canbe assignedo

someof the conceptsn a text, and by the humans
ability to efciently contetualize conceptsusing
their backgroundworld knowledge. For instance,
while the conceptsread and book could also lead
to astatemensuchase.g.“Read abouta book” the

mostlikely interpretationis “Read a booK; which

is what most peoplewill think of whenseeingthe

pictorial representationsf thesetwo concepts.

5.3.1 DataAnalysis

In an attemptto understandthe level of dif -
culty associatedvith the understandingpf picto-
rial translationdor differentsentenceypes,we per
formeda detailedanalysisof the testset,andmea-
suredthecorrelationbetweenvariouscharacteristics
of the testsentenceandthe level of understanding
achieved during the sentencenterpretationexperi-
ments. Speci cally, given a sentencdeature(e.g.
the numberof wordsin a sentence)and an eval-
uation scorefor translationquality (e.g. the NIST
score)we determinedhe Pearsortorrelationfactor
(r) betweerthefeatureconsidere@ndthequality of
theinterpretationIn all thecorrelationexperiments,
wereportcorrelationmeasuresisingthe NIST eval-
uationscoresbut similar correlationscoresvereob-
senedfor the otherevaluationmetrics.As typically
assumedn previous correlationstudies,a Pearson
factorof 0:10 0:29is associateavith alow corre-
lation,0:30 0:59representa mediumcorrelation,
and0:60 1:00is consideredhigh correlation.

Basedncorrelationanalyse$or anumberof fea-
tures,thefollowing obserationsweredravn.

Sentencdength. Thereis a high negative correla-
tion(r = 0:67) betweerthe numberof wordsin a
sentencandthelevel of understandingchievedfor

the pictorial translations.This suggestshatthe un-
derstandingof pictorial translationsincreaseswith

decreasingentencéength.Our pictorial translation
paradigmis thereforemost effective for shortsen-
tences.

Ratioof wordswith a givenpart-of-speel. Thereis
a mediumpositive correlation(r = 0:44) between
the proportionof nounsin a sentenceandthe level
of understandingandamediumnegative correlation
(r = 0:47) betweerthe numberof functionwords
andthequality of interpretationjndicatingthatsen-

tenceghatare“dense”in conceptglarge numberof
nouns,small numberof function words) are easier
to understanavhenrepresentethroughpictures.

Syntacticcompleity. We modeledsyntacticcom-

plexity by countingthenumberof differentsyntactic
phrasege.g. nounphrases)andby determiningthe

high-level structureof the syntacticparsetree (e.g.

subject-erb, subject-erb-indirectobject,etc.). We

foundthattheunderstandingf pictorialtranslations
decreasewith increasingsyntacticcompleity, with

amediumnegative correlationobseredbetweerthe

numberof noun-phrase¢r =  0:49) or preposi-
tional phraseqr = 0:51) in a sentenceand the

quality of interpretation. Although no signi cant

correlationwas found betweenthe level of under

standingof apictorialtranslatiorandthestructureof

thesyntacticparsetree,on averagebetterinterpreta-
tions were obsenred for sentencesvith a complete
subject-erb-directobjectstructure(ascomparedo

e.g.sentencewith asubject-erbstructure).

Semanticclasses.Using the semanticclassedrom
WordNet(26 semanticclassegor nounsand15 se-
mantic classedor verbs),we determinedfor each
sentencehe numberof conceptdbelongingto each
semanticclass,and measuredhe correlationwith
the level of understandindor pictorial translations.
We found a low positive correlation(r = 0:20
0:30) associateavith the numberof nounsbelong-
ing to the semanticclass“animal” (e.g. dog) and
“communication”(e.g. letter) and the verbsfrom
the semanticclassesf “cognition” (e.g. read and
“consumption”(e.qg. drink). No signi cant correla-
tionswerefoundfor the othersemanticlasses.

Word frequencyFor eachof thesentences thetest
set,we determinedhefrequeny of eachconstituent
word (excluding stopwords) using the British Na-
tional Corpus. Theseword frequenciesvere then
combinedinto a scorewhich, after normalization
with the length of the sentencere ects the usage
frequeng for the conceptadescribedn a sentence.
We found a mediumpositive correlation(r = 0:38)
betweenthe combinedfrequeny of the wordsin a
sentencandthelevel of understandindpor pictorial
translationssuggestinghatit is easieito understand
andinterpretthe pictorial representationassociated
with frequentlyusedwords.



5.3.2 Translation Score Analysis

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

The scoreachiered throughthe pictorial transla-
tionsalone(S1)representalargeimprovementover
the scoreof 0 for the “no communication’baseline
(which occurswhenthereareno meansof commu-
nicationbetweerthe spealers). The scoreachieved
by this scenaridndicategherole playedby concep-
tual representationfpictures)in the overall under
standingof simplesentences.

The differencebetweenthe scoresachieved with
scenarioS1 (pictorial representationsnd scenario
S2 (mixed pictorial and linguistic representations)
pointsout therole playedby contet thatcannotbe
describedwith visual representations.Adjectives,
adwerbs prepositionsabstrachounsandverbs,syn-
tactic structure, and others constitutea linguistic
contect thatcannotberepresentedith picturesand
which nonetheleshasanimportantrole in thecom-
municationprocess.

Finally, the gap betweenthe secondS2) andthe
third (S3)scenariosndicategheadwantageof words
over picturesfor producingaccuratenterpretations.
Note however thatthis is a rathersmall gap, which
suggestghat pictorial representationplacedin a
linguistic context areintuitive, andcansuccessfully
corvey informationacrossspealers, with an effec-
tivenesghat is comparableo full linguistic repre-
sentations.

There were also caseswhen the pictorial rep-
resentationgailed to corvey the desiredmeaning.
For instance, the illustration of the pronoun he
a riverbank and a torch (for He seesthe river-
bankilluminated by a torch) receved a wrong in-
terpretatiorfrom mostusersperhapsiueto theun-
usual, not necessarilycommonsensicahssociation
betweenthe riverbank and the torch, which most
likely hinderedthe usersability to effectively con-
textualizetheinformation.

Interestingly therewerealsocasesvherethein-
terpretationof the pictorial translationwas better
thanthe one for the linguistic translation. For in-
stancethe Chinesesentencdor | reademailon my
computerwas wrongly translatedby the machine

translationsystemto | read electricity on my com-
puter post. which wasmisleadingandled to anin-
terpretationthat was worsethanthe one generated
by theillustration of the conceptof I, read email
andcomputer

Overall, while pictorial translationshave limita-
tionsin the amountof informationthey cancorvey,
theunderstandingchievedbasedn pictorial repre-
sentationdor simple shortsentencesvas found to
be within a comparableangeof the understanding
achieredbasedn anautomatianachinetranslation
system,which suggestghat suchpictorial transla-
tionscanbe usedfor the purposeof communicating
simplepiecesof information.

6 RelatedWork

Early researctefforts in cognitive scienceandpsy-
chology(Potteret al., 1986)have shavn thata pic-
turecansuccessfullyeplaceanounin arapidly pre-
sentedsentencewithoutary impactontheinterpre-
tation of the sentencenor on the speedof under
standing,suggestinghat the humanrepresentation
of word meaningss basedon a conceptuakystem
whichis nottiedto a givenlanguage.

Work hasalsobeendoneon the designof iconic
language$or augmentatie communicatiorfor peo-
plewith physicallimitationsor speechmpediments,
with iconic keyboardsthat can be touchedto pro-
ducea voice outputfor communicatioraugmenta-
tion (ChangandPolese1992).Also relatedio some
extentis thework donein visual programmindan-
guagegBoshernitsamndDownes,1997),wherevi-
sualrepresentationsuchasgraphicsandiconsare
addedto programminglanguagego supportvisual
interactionsandto allow for programmingwith vi-
sualexpressions.

Anotherarearelatedio ourwork is machindrans-
lation, which in recentyears has withessedsig-
ni cant adwanceswith large scaleevaluationsand
well attendedevents organized every year De-
spitethis progresscurrentmachingranslatiortech-
niquesare still limited to the translationacrossa
handfulof languagesln particular statisticalmeth-
odsarerestrictedto thoselanguagepairsfor which
large parallel corporaexist, suchas e.g. French-
English,Chinese-Englishor Arabic-English.Deal-
ing with morphologicallycomplex languagege.g.



Finnish),languagesvith partialfreewordorder(e.g.
German),or languageswith scarceresourcege.g.
Quechuaproveto bevery challengingasksfor ma-
chine translation,and thereis still a long way to
go until a communicationmeanswill be available
amongall thelanguagespolenworldwide.

Finally, a signi cant amountof researchwork
hasbeendonein automaticimage captioning(e.g.
(Barnardand Forsyth, 2001), (Pan et al., 2004)).
Thistopicis however outsidethegoalof our current
study andthereforenot overviewedhere.

7 Conclusions

Languagecansometimebe animpedimentin com-
munication. Whetherwe are talking aboutpeople
who speakdifferent languages,studentswho are
learninga new language,or peoplewith language
disordersthe understandingf linguistic represen-
tationsin a givenlanguageequirea certainamount
of knowvledgethatnot everybodyhas.

In this paperwe describedh systenmthatcangen-
eratepictorial representationfor simplesentences,
and proposed-“translation through pictures” as a
meansfor corveying simple piecesof information
acrosdanguagebarriers. Comparatie experiments
conducteanvisualandlinguisticrepresentationsf
informationhave shavn thata considerablemount
of understandingan be achiered throughpictorial
descriptionswith resultswithin acomparableange
of thoseobtainedwith currentmachinetranslation
techniques.

Futurework will considerthe analysisof more
compl sentence®sf variousdegreesof dif culty .
Culturaldifferencesn pictureinterpretatiorarealso
aninterestingaspecthatwe planto considerin fu-
tureevaluations.
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