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Abstract

Inspired by the DefenseAdvancedResearch Projects
Agency's (DARPA) recentsuccessesin speech recognition,
we introducea new taskfor sign language recognition re-
search: a mobileone-wayAmericanSignLanguage trans-
lator. We arguethat such a deviceshouldbefeasiblein the
next few years,mayprovideimmediatepracticalbene�tsfor
theDeafcommunity, andleadsto a sustainableprogramof
research comparableto earlyspeech recognitionefforts.We
groundour efforts in a particular scenario,that of a Deaf
individual seekingan apartmentanddiscussthesystemre-
quirementsandour interfacefor this scenario.Finally, we
describeinitial recognition resultsof 94% accuracy on a
141signvocabulary signedin phrasesof fours signsusing
a one-handedglove-basedsystemandhiddenMarkov mod-
els(HMMs).

1. Intr oduction

Twenty–eightmillion Deafandhard–of–hearingindivid-
uals form the largestdisabledgroup in the United States.
Everydaycommunicationwith thehearingpopulationposes
a major challengeto thosewith hearingloss. Most hear-
ing peopledo not know signlanguageandknow very little
aboutdeafnessin general.For example,mosthearingpeo-
ple do not know how to communicatein spoken language
with a Deafor hard–of–hearingpersonwho canspeakand
readlips (e.g.that they shouldnot turn their heador cover
their mouths).Although many Deaf peoplelead success-
ful and productive lives,overall, this communicationbar-
rier canhave detrimentaleffectson many aspectsof their
lives.Not only canperson–to–personcommunicationbar-
riers impedeeverydaylife (e.g.at thebank,postof�ce, or
grocerystore),but essentialinformationabouthealth,em-
ployment,andlegalmattersis ofteninaccessible.

Commoncurrentoptionsfor alternative communication
modesincludecochlearimplants,writing, andinterpreters.
Cochlearimplantsarenot a viableoptionfor all Deafpeo-
ple.In fact,only 5.3%of thedeafpopulationin Americahas
a cochlearimplant,andof those,10.1%of theseindividu-
alsno longerusetheir implant(complaintscitedaresimilar
to thoseof hearingaides)[2]. The ambiguityof handwrit-
ingandslownessof writing makesit averyfrustratingmode
of communication.Conversationalrates(both spoken and
signed)rangefrom between175to 225WPM, while hand-
writing ratesrangefrom 15 to 25 WPM [5]. In addition,
Englishis oftentheDeafperson'ssecondlanguage,Ameri-
canSignLanguage(ASL) beingtheir �rst. Althoughmany
Deafpeopleachieve a high level of pro�ciency in English,
not all Deafpeoplecancommunicatewell throughwritten
language.Since the averageDeaf adult readsat approxi-
matelya fourth gradelevel [1, 9], communicationthrough
writtenEnglishcanbetooslow andoftenis notpreferred.

Interpretersare commonlyusedwithin the Deaf com-
munity, but interpreterscan charge high hourly ratesand
beawkwardin situationswhereprivacy is of high concern,
suchasat a doctoror lawyer's of�ce. Interpretersfor Deaf
peoplewith specializedvocabularies,suchasa PhDin Me-
chanicalEngineering,canbe dif�cult to �nd andvery ex-
pensive. It canalsobedif�cult to �nd an interpreterin un-
foreseenemergencieswheretimely communicationis ex-
tremelyimportant,suchascaraccidents.

2. The One-Way Translator

Our goal is to offer a signrecognitionsystemasanother
choiceof augmentingcommunicationbetweentheDeafand
hearingcommunities.Weseekto implementamobile,self–
containedsystemthata Deafusercoulduseasa limited in-
terpreter. This wearablesystemwould captureandrecog-
nize the Deaf user's signing.The usercould thencue the



systemto generatespeechfor thehearinglistener. However,
this ideais complicatedwith theproblemof machinetrans-
lationof ASL to English.To helpconstraintheproblem,we
assumethesignerwill useContactSign.

2.1. LanguageModeling

American Sign Language(ASL) grammar is signi�-
cantly different than Englishgrammar, and many hearing
studentsof ASL have dif�culty with its complex features
if they learn it after early childhood. Thus, native sign-
ers(someonewho haslearnedfrom birth and is fully �u-
ent)will oftenusecontactsigning,which usesmany of the
grammaticalfeaturesof Englishandlessof ASL, whenen-
counteringhearingsigners[11]. By usingContactSign,we
reducethecomplexity of thelanguagesetweareseekingto
recognize,while maintaininga languagesetthat is already
familiar to theDeafcommunityasa tool for whencommu-
nicatingwith thehearing.

We chooseto further constrainthe problem by lever-
aging the idea of “formulaic” language.Formulaic lan-
guageis languagethat is ritualizedor prefabricated.It in-
cludesroutines,idioms, set phrases,rhymes,prayersand
proverbs[16]. TheDARPA one–wayspeechtranslationsys-
temsusedby peace–keepingtroops,maritimelaw enforce-
ment,anddoctorsusesthis ideato askquestionsdesigned
for speci�c responses.The systemprovidestranslationsof
predeterminedphrasesdesignedto provide informationor
elicit feedback.Informative phrasesincludesentenceslike
“I amhereto helpyou” and“The doctorwill beheresoon”.
Requestsandquestionsinclude“Pleaseraiseyour handif
you understandme”, “Is anybodyhurt?” and“Are you car-
ryingaweapon?”[12]. Requestsandquestionsarelimited to
thosewhoseanswersinvolve simplegestures,suchasnod-
ding yes/no,pointing, or raisinga numberof �ngers (e.g.
“How many childrendoyouhave?”).

Cox describesa system,TESSA,that combinesformu-
laic languagewith speechrecognitionandsemanticphrase
analysisto generatephrasesin British Sign Languagefor
Deafcustomersatthepostof�ce [4]. A setof formulaiclan-
guagephraseswerecompiledfrom observedinteractionsat
thepostof�ce. Thesephraseswerethentranslatedinto sign
and recordedon video. The postalemployee speaksto a
systemthatperformsspeechrecognitionandusessemantic
mappingto choosethe most likely phrase.The clerk may
say“Interestin theUK is tax free”, andthesystemwould
cuethephrase“All interestis freeof UK incometax” which
would thenreferencethe video of a signedtranslationfor
theDeafcustomerto see.

Theuseof formulaic languageallows for a reductionin
vocabulary size andallows for bettererror handling.Cox
showed a progressive decreasein error ratesfor the lan-
guageprocessor, by allowing a userto selectfrom larger

N bestlists: 1–bestwas9.7%,3–bestwas3.8%and5–best
was2.8% [4]. The applicationof the phraseselectionop-
tionsalsoresultedin a signi�cant increasein usersatisfac-
tion with thesystem.

Oneof the reasonsfor TESSA's successwasits limited
domain.After consultingwith membersof the Deaf com-
munity, several scenarioswere suggestedwherethe one–
way ASL to English translatormay be bene�cial: doc-
tor's/lawyer's of�ce, emergency situationssuchascar ac-
cidents,navigation in airports,andshoppingfor an apart-
ment.We chosethe last scenariodueto its interactive na-
tureandpotentiallylimited vocabulary.

Theapartment-huntingscenariois similar to thespeech
recognitioncommunity's Airline Travel Information Ser-
vice(ATIS) scenario[7] whereuserswouldtry to solvespe-
ci�c airline travel problemsusingspeechaccessto a com-
puterizeddatabase.Early versionsof ATIS were actually
“Wizard of Oz” studieswherea humanwould be substi-
tuted for the computerto respondto the user's requests.
In this way theexperimenterscouldelicit “natural” speech
from the subjectsto determinewhat vocabulary shouldbe
includedin thetheactualspeechrecognitionsystem.Thus,
with avocabularyof afew thousandwordstunedto thespe-
ci�c scenario,the ATIS speechrecognitionsystemcould
give theuserthe impressionof a unlimitedvocabulary. We
intendto performsimilar studieswith membersof theDeaf
communityto determinetheappropriatevocabulary for the
apartment-huntingtask.

2.2. Interface

In orderto begin exploring the feasibility of a one-way
translator, we areworking on both the interfaceaswell as
therecognitioncomponentssimultaneously. A preliminary
interfaceis necessaryto performWizardof Oz studiesand
elicit naturalsign in the context of the apartment-hunting
task. In addition, the preliminary interfacegeneratesuse-
ful feedbackfrom theDeafcommunity.

Figure1 showsanearlyprototypeof theone-way trans-
lator. While thesystemshown is basedon computervision
only (note the camerain the hat), the imagedemonstrates
thehead-updisplayusedto provideavisualinterfaceto the
userwhile hesigns.An early �nding from interactingwith
theDeafcommunityis that thedisplayshouldbemounted
on thenon-dominant-handsideof thesignerto avoid colli-
sionduringsignsmadearoundtheface.

Figures2-5demonstrateatypicalprogressionof thecur-
rent interfaceduring translation.Note that the interfaceis
beingdesignedfor ahybridcomputervisionandaccelerom-
eter approachwhere the signer wearsa camerain a hat
aimedat his or her hands,as in Figure 1. Thus, a video
imagefrom the camerais includedin the interfaceso that
thesignerknows whenthesystemis successfullytracking



Figure 1. Prototype one-wa y translator (vi-
sion system onl y sho wn). The head-up dis-
play provides a 640x480 color interface for
the signer .

his hands.Figure2 shows the initial screenfor thetransla-
tor. To startthesystem,thesignerclicks a buttonmounted
onhis wrist. Suchaninterfacemaybeimplementedaspart
of a Bluetoothenabledwristwatch. At present,the inter-
faceis emulatedwith thebuttonsof a smallopticalmouse.
As the usersigns(Figure3), the systemcollectsdataun-
til theuserclicks thewrist buttonagainto indicatetheend
of thephrase.Theusercanalsoclick asecondbuttononthe
wrist to re-startthe process.After clicking the stop sign-
ing button,thesystemrecognizesthesignedphrase,deter-
minesthe mostsimilar phrasesin Englishfrom its phrase
list, andallows the signerto selectbetweenthemusinga
wrist mountedjog-dial (Figure4). Note that thesephrases
could be displayedasa seriesof miniaturesign language
icons for signerscompletelyunfamiliar with written En-
glish. Oncethe signerselectsthe closestphrase,the sys-
temspeaksthephrase,showing its progressin barasshown
in Figure5. The signercan interrupt the systemor repeat
theEnglishphraseasdesired.

While this interfaceis preliminary, it hasbeenusedfor
asimpledemonstrationrecognizercombiningcomputervi-
sionandwrist-mountedaccelerometers.Testingwith native
signersis necessaryto determineif thesystemis acceptable
to the communityandif it canbe usedto reachconversa-
tional speeds.However, initial reactionhasbeenpositive.

3. SignLanguageRecognition

In the past,we have demonstrateda HMM basedsign
languagerecognitionsystemlimited to a forty word vocab-
ulary anda controlledlighting environment[13]. The user

Figure 2. Initial screen for the translator . To
star t the system, the signer clic ks a button
mounted on the wrist.

Figure 3. The system collects data as the
user signs a phrase .

wore a hat–mountedcamerato capturetheir signing.Data
setsweretakenin acontrolledlaboratoryenvironmentwith
standardlighting and background.The imageswere then
processedonadesktopsystemandrecognizedin real–time.
Thesystemwastrainedona40wordvocabularyconsisting
of samplesof verbs,nouns,adjectives,and pronounsand
reachedaccuracy of 97.8%on an independenttestsetus-
ing a rule–basedgrammar.

However, this systemwas more appropriateto labora-
tory conditions than to a mobile environment.More re-
cently, wehaveshown thatcombiningaccelerometer-based
sensingwith a computervision hand-trackingsystemmay
leadto betterresultsin the harshsituationstypical of mo-
bile sensing[3]. Thesystemsarecomplementaryin thatthe
hat-basedvision systemtracksthe handsin a planeparal-
lel to thegroundwhile thewrist-worn accelerometers,act-
ing astilt sensorsdueto theaccelerationdueto gravity, pro-



Figure 4. The signer selects among potential
phrase translations.

Figure 5. The translator speaks the selected
English phrase .

vide informationasto theangleof thehandsin thevertical
plane.

The Acceleglove (seeFigure 6) provides anotherap-
proachto mobile sign recognition.Accelerometerson the
individual �ngers, wrist, andupperarmprovideorientation
andaccelerationinformationwith respectto eachotherand
potentiometersat theelbow andshoulderprovide informa-
tion as to the hand's absolutepositionwith respectto the
body. In previous work [8], the Acceleglove systemwas
shown to recognize176 signs in isolation using decision
trees.Many signsaretaughtwith abeginninghandshape,a
movement,andanendinghandshape.With theAcceleglove
system,theusermakesthe initial handshape,andtherec-
ognizershows which signscorrespondto that handshape.
The systemeliminatessignsinteractively as the userpro-
ceedswith themovementandendhandshape.

In thispaper, wecombinetheAcceleglovehardwarewith
the Georgia TechGestureToolkit (GT2K) [15] to attempt

Figure 6. The Acceleglo ve. Five micr o two-
axis acceler ometer s mounted on rings read
�ng er �e xion. Two more in the back of the
palm measure orientation. Not sho wn are two
potentiometer s whic h measure bend at the
shoulder and elbo w and another two-axis ac-
celerometer whic h measures the upper arm
angles.

phrase-level recognitionwith a 141 sign vocabulary. Our
goal is to prove the feasibility of a phraselevel ASL one-
way translatorusingamobileapparatus.A highwordaccu-
racy in a continuoussignrecognitiontaskwith this system
wouldsuggestthatamobilephraselevel translatoris possi-
ble.

4. RecognitionExperiment

Acquiring data with which to train our systembegan
with choosingasetof signsto recognize.SincetheAccele-
glove was alreadypart of an existing recognitionsystem,
a subsetof signswaschosenfrom the list of signsunder-
stoodby the original system.Thesesignswerethenorga-
nizedinto partsof speechgroupsof noun,pronoun,adjec-
tive, andverb for a total of 141 signs.Using a fairly rigid
grammarof ”noun/pronounverb adjective noun”, a list of
665 sentenceswas generated,ensuringthat eachsign ap-
pearedin thedataat least10 times.

To capturethesigndata,theoriginalAccelegloverecog-
nition programwasalteredto includeuserpromptsandto
log thedatafrom theglove'ssensors.Thesignersatin front
of the capturingcomputerat a �x ed distance,wearingthe
glove on his right arm, and holding in his left a pair of
buttonsattachedto the glove, with both armson the arm-
restsof thechair. Theprogramdisplayedthesentenceto be
signed,andwhenthesignerwasready, hewould pressone
of thebuttonsto begin capture.At theendof thesentence,
thesignerwould returnhis armsto thearmrests,andpress
theotherbuttonto signify thatthesentencehadended.The
computerwould thensave thecaptureddatato a numbered
�le, andincrementto thenext sentencein thelist. Thispro-



Grammar Testingon training Indep.testset
part–of–speech 98.05% 94.47%

unrestricted 94.19% 87.63%

Table 1. Sign accuracies based on a par t–of–
speec h and an unrestricted grammar .

cesswasrepeatedfor all 665sentences,with acamera�lm-
ing theprocessto aid in theidentifying incorrectsigns.

Training of the HMM-basedrecognizerwasdonewith
GT2K [15]. After �ltering the data to accountfor irreg-
ular frame–ratesfrom the glove, the datawas labeledus-
ing thesentencelist. To minimizetheimpactof thesigner's
armsbeginningandendingatthechairarmrests,the“signs”
start–sentenceandend–sentencewereaddedto the recog-
nition list. A pair of grammarswascreated.The �rst fol-
lows thesamepartsof speechbasedform usedto generate
thesentencelist, surroundedby thestart–sentenceandend-
sentencesigns.The secondwasa moreunrestrictedgram-
mar, looking only for the start–sentencesign, followed by
any numberof any of thesignsin thevocabulary, followed
by theend–sentencesign.A setof trainingandtestingsets
were createdusing a randomlyselected90% of the data
for training and the remaining10% for model validation.
Themodelwasthentrainedwith theautomatictrainer. Sign
boundarieswerere-estimatedover several iterationsto en-
surebettertraining.After training, themodelsweretested
againsttheremaining10%of thesentences.Recognitionac-
curacy wasdetermined,with thestandardpenaltiesfor sub-
stitutions,insertions,anddeletions.Thisprocessof training
andtestingwasrepeated21 times,yieldinganoverallaccu-
racy basedontheaverageof eachof the21sets.Themodels
createdwereeachtestedwith both the strict andthe unre-
strictedgrammars,resultingin accuracy ratingsof 94.47%
averagefor thestrict grammarand87.63%averagefor the
unrestricted.An additionalmodelwascreated,usingall of
the datafor training and all of the dataagainfor testing.
Accuracy ratingsfor this testing–on–trainingmodel were
94.19%for theunrestrictedgrammar, 98.05%for thestrict
(seeTable1).

Accuracy wasdeterminedfollowing thestandardspeech
recognitionformulaof
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whereN is the numberof signs,D is the numberof dele-
tions,I is thenumberof insertions,andS is thenumberof
substitutions.Notethatonly substitutionsarepossiblewith
thestrict part–of–speechgrammar.

5. Discussionand Future Work

Theresultsaboveareverypromising.HMM recognition
systemstend to scalelogarithmically with the size of the
vocabulary in bothspeedandaccuracy. SinceASL hasap-
proximately6000commonlyusedsigns,thepatternrecog-
nition framework of this projectshouldbe scalableto the
largertask.In addition,thereis asigni�cant amountof work
in the spoken languagecommunity for applying context,
grammar, andnaturallanguageframeworks to HMM rec-
ognizers.Hopefully, this prior work will allow rapidadop-
tion of suchframework for ASL. Even so,ASL is signi�-
cantlydifferentfrom spokenlanguagein thatit allows spa-
tial memoryandspatialcomparisons.In addition,faceand
body gesturescommunicatea signi�cant amountof infor-
mationin ASL. Thus,we expectthis �eld to bea challenge
for many yearsin thefuture.

Theresultssuggestthefeasibilityof ourgoalof aphrase
level translator. A phraselevel translatorwith the interface
describedpreviously hassigni�cant toleranceto individual
sign errors.The systemsimply needsto recognizeenough
of thesignssothat theclosestphraseis returnedin thetop
few choicesfor the userto select.Hopefully, the planned
Wizard of Oz studieswill show that a relatively low num-
berof phrasesandsignsarenecessaryto handlemostsitu-
ationsin theapartment-huntingscenario.However, assoon
asthis signandphraselexicon is gathered,thesystemwill
be testedagainstthesephrasesas signedby multiple na-
tive signers.Theseexperimentswill help to further re�ne
themodelsaswell asto produceaninitial automaticrecog-
nition systemthatcanbe usedto testthe translatorin situ.
As thesystemimproves,moresignerscanexperimentwith
the system,anda larger corpusdevelops.If the systemis
successfulwith theapartment-huntingscenario,we hopeto
expandthetranslator's scopeto otherscenariosof concern
to the Deaf community. In this way we hopeto copy the
model of the speechrecognitioncommunitywhich lever-
agedits successin theATIS taskto moredif�cult scenarios
suchastakingdictation.

We alsoexpectto experimentwith the translatorappa-
ratus.We wish to combinethe Acceleglove systemwith
a computervision systemto determinewhich featuresand
signseachsystemcanbestrecognize.In addition,we will
discussthe variouswearablehardwareoptionswith mem-
bersof theDeafcommunityto determinewhichoptionsare
mostdesirable.Finally, we will improve the translatorin-
terfaceaswegainmoreexperiencein makingpracticalsys-
temswith thecommunity.

6. RelatedWork

Following a similar path to early speechrecognition,
many early attemptsat machinesign languagerecognition



concentratedonisolatedsignsor �ngerspelling.Spacedoes
not permit a thoroughreview, but, in general,most cur-
rentsystemsrely oninstrumentedglovesor adesktop-based
camerasystem.Before1995mostsystemsemployedaform
of templatematchingor neuralnetsfor recognition;how-
ever, many currentsystemsnow employ HMMs.

In 1998,LiangandOuhyoung'swork in TaiwaneseSign
Language[10] showed very encouragingresults with a
glove-basedrecognizer. This HMM-basedsystemrecog-
nizes51 postures,8 orientations,and8 motion primitives.
When combined,theseconstituentscan form a lexicon
of 250 words which can be continuouslyrecognizedin
real-timewith 90.5% accuracy. At ICCV'98, Vogler and
Metaxasdescribeda desk-based3D camerasystemthat
achieves89.9%word accuracy on a 53 word lexicon [14].
Since the vision processis computationallyexpensive in
this implementation,anelectromagnetictracker is usedin-
terchangeablywith thethreemutuallyorthogonalcalibrated
camerasfor collectingexperimentaldata.Most recentlyat
ICMI2003, Fang,Gao,andZhaodiscusseda decisiontree
andSOFM/HMM recognizerthat achieved approximately
91%accuracy on isolatedChineseSignLanguagesignsin a
5113-signvocabulary [6]. This systemis restrictedto desk-
baseduseasit employstwo fully instrumentedCybergloves
andthreePolhemussix degreeof freedomtrackers.

7. Conclusion

We have introducedthe conceptof a one-way sign to
spokentranslatorasasuitabletaskfor signlanguagerecog-
nition research.We have demonstrateda preliminary sys-
temfor phrase-level signrecognitionwith a persignaccu-
racy of 94%,suggestingthatsuf�ciently largevocabularies
andhigh enoughaccuraciesarepossiblefor a mobileone-
wayAmericanSignLanguageto Englishtranslatorin alim-
iteddomain.Finally, we havediscussedaninterfacedesign
for the one-way translatorthat puts the signer-in-the-loop
for selectingandverifying the appropriatephrasetransla-
tion.

Acknowledgments

The authorswould like to thankJohnMakhoul for his
discussionswhich led to theone-way translatortask.

References

[1] Stanfordachievementtest,9thedition,form s. NormsBook-
let for DeafandHard-of-HearingStudents, 1996.Gallaudet
ResearchInstitute.

[2] Regionsregionalandnationalsummaryreportof datafrom
the 1999-2000annualsurvery of deaf andhardof hearing
children and youth. Technicalreport, Washington,D. C.,
January2001.GRI, GallaudetUniversity.

[3] H. Brashear, T. Starner, P. Lukowicz, and H. Junker. Us-
ing multiple sensorsfor mobile sign languagerecognition.
In ISWC, pages45–53,White Plains,NY, 2003.

[4] StephenJ. Cox. Speechandlanguageprocessingfor a con-
strainedspeechtranslationsystem. In Proc. Int.. Conf.. on
SpokenLanguage Processing, Denver, Co.,September2002.

[5] J.DarraghandI. Witten.TheReactiveKeyboard. Cambridge
Serieson Human-ComputerInteraction.CambridgeUniver-
sity Press,Cambridge,1992.

[6] Gaolin Fang, Wen Gao, and Debin Zhao. Large vocabu-
lary sign languagerecognitionbasedon hierarchicaldeci-
siontrees.In Intl. Conf. on Multimodal Interfaces, Vancou-
ver, BC, November2003.

[7] C.T. Hemphill,J.J.Godfrey, andDoddingtonG.R. Theatis
spokenlanguagesystemspilot corpus.

[8] J. Hernandez-Rebollar. A New InstrumentedApproach for
Translating the AmericanSign Language into Soundand
Text. PhD thesis,George WashingtonUniversity, Washing-
ton,DC, August2003.

[9] JudithHolt, Carol B. Traxler, andThomasE. Allen. Inter-
pretingthescores:A user's guideto the9th editionstanford
achievementtest for educatorsof deafandhard-of-hearing
students. Gallaudet Research Institute Technical Report,
91(1),1997.GallaudetResearchInstitute.

[10] R. Liang and M. Ouhyoung. A real-timecontinuousges-
turerecognitionsystemfor signlanguage.In Third Interna-
tional Conferenceon AutomaticFaceandGesture Recogni-
tion, pages558–565,Nara,Japan,1998.

[11] C. Lucasand C. Valli. Sign language research: Theoreti-
cal issues, chapterASL, English,andcontactsigning,pages
288–307.GallaudetUniversityPress,WashingtonDC,1990.

[12] Ace Sarich. DARPA one-way phrasetranslationsystem
(PTS).http://www.sarich.com/translator/.

[13] T. Starner, J. Weaver, and A. Pentland. Real-timeAmer-
ican Sign Languagerecognitionusing desk and wearable
computer-basedvideo. IEEE Trans.Patt. Analy. andMach.
Intell., 20(12),December1998.

[14] C. VoglerandD. Metaxas.ASL recognitionbasedona cou-
pling betweenHMMs and 3D motion analysis. In ICCV,
Bombay, 1998.

[15] T. Westeyn, H. Brashear, A. Atrash,andT. Starner. Geor-
gia techgesturetoolkit: Supportingexperimentsin gesture
recognition.In Intl. Conf. on MultimodalInterfaces, 2003.

[16] A. Wray andM. Perkins. The functionsof formulaic lan-
guage:an integratedmodel. Language & Communication,
1(20):1–28,2000.


