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ABSTRACT
We arebuilding an aid for individualswith hearingimpair-
mentswhich converts continuousspeechinto an animated
visualdisplay. A speechanalysissystemcontinuouslyesti-
matesphonemeprobabilitiesfrom theinputacousticstream.
Phonemesymbolsaredisplayedgraphicallywith brightness
in proportionto estimatedphonemeprobabilities.Weusean
automatedlayout algorithmto designthe displayto group
acousticallyconfusablephonemestogetherin the graphical
display.

Intr oduction
We are working on automaticspeechanalysistechniques
which canbe usedto augmentthe communicationabilities
of hearing-impairedindividuals. For examplean individual
might weara portabledevice which includesa microphone
to recordthecommunicationpartnerÕsspeech,andsomesort
of tactile, visual or electricalstimulusoutputdevice which
displaysthespeechaftersomepreprocessing.

A basicdesigndecisionin building sucha hearingaid is to
determinehow muchinterpretationof thespeechsignalwill
be left to the userversusthe machine. At oneend of the
spectrum,the communicationaid might extract only basic
spectralcharacteristicsof theinputspeechandpresentthem
to the user throughtactile, visual or electrical stimulus(a
cochlearimplant is an exampleof sucha device). Given a
low level representationof thespeechsignal,the useris re-
sponsiblefor interpretingthe spectralpatternsas phoneme
andultimatelywordsequences.Sucha device maycomple-
mentinformationavailableto theuserthroughotherchannels
suchaslip readingsimilar to cuedspeech[1].

On the other end of the spectrum,one might imagine a
portabledevice which consistsof a speechrecognizerand
agraphicaldisplay. To communicatewith ahearingimpaired
user, the communicationpartnerwould talk into a micro-
phoneattachedto thedevice. The speechrecognizerwould

convertthespeechtotext whichwouldbeshownonaportable
display.

Unfortunatelystate-of-the-artspeechrecognizerswill pro-
ducehigh error rateswhenappliedto opendomainconver-
sationalspeech.High accuracy recognitionresultswhichare
typicallyreportedfor speechrecognizersareachievedby lim-
iting thedomain(topic) of thespeech.Whenthedomainis
known in advance,reliablevocabulariesandstatisticallan-
guagemodelsmay beusedto constraintherecognitiontask
andvastlyimproverecognitionaccuracy. In thescenariopre-
sentedabove, if we wish to put no restrictionson the topic
discussedusingthecommunicationaid,thespeechrecognizer
maynot rely onany domaindependentassumptions.

Ourapproachistouseautomaticmethodstoestimatephoneme
probabilitieswhich are displayedgraphically. The system
makesnoharddecisionsaboutphonemeclassiÞcationbut in-
steaddisplaysall phonemeprobabilitiesto theuserallowing
themto interpretsequencesof probabilityestimatesasword
sequences.We usean automaticlayoutalgorithmto design
thegraphicaldisplaywith thegoalof improving readability.

Phoneme Probability Estimation
Audio is sensedusinga headmountednoisecancellingmi-
crophone(this would be worn by the persontalking to the
disableduser). The audio signal from the microphoneis
sampledat 16-bit 16 kHz analogandthenprocessedusing
the Relative Spectral(RASTA) algorithm[3]. RASTA pro-
videsa spectralrepresentationof the audiosignalwhich is
relatively invariantto backgroundnoise.

TheRASTA coefÞcientsarecomputedon20msframesof au-
dio (recomputedevery 10ms)andfed into a recurrentneural
network(RNN) similar to thesystemdescribedin [6] to pro-
ducephonemeprobabilityestimatesat a rateof 100Hz. The
RNNhasbeentrainedusingbackpropagationin time[10] on
the TIMIT database[8] which is a databaseof phonetically
labeledspeechrecordedfrom 630 adult male and female
native Englishspeakersfrom all the major dialect regions
of the United States.The RNN producesa 40-dimensional
phonemeprobabilityvector(39 phonemeclassesasdeÞned
by [5] andsilence)every 10ms.

OnthestandardspeakerindependentTIMIT testset,theRNN
recognizesphonemeswith 68%accuracy. To actasahearing
aid, we needto displaythe outputof the RNN in graphical



Figure 1: Phoneme symbol layout which was gener-
ated automatically using simulated annealing

form. Oneoptionis toclassifyeachframeof audioby select-
ing thephonemewith thehighestprobabilityestimatefrom
the RNN and displayingthe symbolof this phoneme(this
is similar to the approachtakenin [2] to displayphonemes
througha vibrotactileoutputdisplay). Although this sim-
pliÞestheinformationwhich is displayedto theuser, it also
introduceserrorssincetheRNN misclassiÞesapproximately
threein tenphonemes.Insteadwechoosetodisplaytheprob-
ability of all 40phonemeswithoutforcingthesystemtomake
a hardclassiÞcation.In thenext sectionwe describethede-
signof thedisplaywhich attemptsto displaytheprobability
vectorin a naturalway.

The Graphical Displa y
The probability vectorproducedby the RNN is connected
to a graphicaldisplay. The displayconsistsof a lattice of
phonemesymbolsasshown in Figure1 (Weusethesame39
phonemeclassesas[4] andrepresentsilencewith anasterisk).
Simulatedannealing[7] wasusedto automatethephoneme
layoutsothatphonemeswith highconfusabilitywereplaced
in closephysicalproximity. Confusibility wasmeasuredby
runningtheentireTIMIT testdatasetthroughtheRNN and
tabulating the classiÞcationerrorsmadeby the networkfor
eachphoneme.For examplein Figure1 thephonemes/t/ and
/k/ areadjacentsincethey areoften confusedby the RNN.
Ontheotherhand/m/ and/g/ areplacedonoppositesidesof
thedisplaysincethey wererarelyconfusedfor eachother.

To displaya spokenutterance,thebrightnessof eachsymbol
is setproportionalto theprobabilityestimateof thatphoneme
computedby theRNN. Figures2 and3 show a sequenceof
seven screenshotsastheword ÒunjustiÞedÓis spoken.The
Þrstscreenshows the displaytransitioningfrom the /ah/ to
the /n/ phonemein the Þrst syllable of the word. Notice
that the RNN is conÞdentin its classiÞcationof /n/ (where
thereis signiÞcantconfusionwith only the phoneme/m/).
In contrastthereis lessconÞdencein theidentityof theÞrst
initial phonemesothedisplaylightsupat leastfoursymbols.
The restof the screenshotsmay be similarly interpretedto
give thereaderanideaof typicaloutputfrom thedisplay.

Theresultingeffectmaybelikenedaspotlight whichsweeps

over thedisplaylattice. At instanceswhentheoutputof the
RNN is relativelyconÞdent(i.e. mostof theprobabilitymass
of thevectorisassignedtorelativelyfew phonemeclasses)the
spotlight isbrightandfocusedononlyoneorafew phoneme
symbols. Whenthe networkis lessconÞdentthe spotlight
becomesmorediffuseandpartially lightsseveralphonemes.
The goal is to not force a classiÞcationdecisionfrom the
RNN but insteaddisplayall informationfrom theRNN and
leave thehigherlevel interpretationof wordsequencesup to
theuser.

Summary and Future Directions
Wehavepresentedasystemfor convertingcontinuousspeech
to ananimatedgraphicaldisplay. Our emphasiswasto pro-
vide some higher level analysisof speech(conversion to
phonemeprobabilities)withoutforcingthemachineto make
any harddecisions.This lets theuserapplyher knowledge
of the situationalcontext to constraininterpretationof the
speechsignal. We usea recurrentneuralnetwork(RNN) to
estimatephonemeprobabilitiesfrom continuousspeech.To
reducethecomplexity of displaya40-dimensionalphoneme
probabilityvector, we designeda two-dimensionalphoneme
displaywhich mapsprobabilitiesto brightnessandarranges
thephonemessothatconfusablephonemesareplacedclose
to one another. The display resultsin a ÒspotlightÓeffect
whichsweepsover thedisplayandlightsupphonemegroups
over time. Thesizeof footprintandintensityof thespotlight
reßectsthe phonemeclassiÞcationconÞdenceof the under-
lying RNN.

In closingwe mentionsomefuturedirectionsfor this work.
Due to the early stageof this work we have not performed
any usabilitytestsalthoughtestswill beessentialin assessing
the practicalityof our ideas. The systemcurrently runs in
real-timeonanSGIR4400workstation.Ourultimategoalis
to implementthesystemonawearablecomputer[9] thereby
providing the hearingaid functionality in the userÕs clothes
and glasses. We also plan to to experimentwith non-text
symbolsfor thegraphicaldisplay.
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