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ABSTRACT

We are building an aid for individualswith hearingimpair-
mentswhich corverts continuousspeechinto an animated
visualdisplay A speechanalysissystemcontinuouslyesti-
matesphonemeprobabilitiesfrom the inputacousticstream.
Phonemesymbolsare displayedgraphicallywith brightness
in proportionto estimatedphonemeprobabilities.We usean
automatedayout algorithmto designthe displayto group
acousticallyconfusablephonemegogetherin the graphical
display

Introduction

We are working on automaticspeechanalysistechniques
which can be usedto augmentthe communicatiorabilities
of hearing-impairedndividuals. For examplean individual
might wear a portabledevice which includesa microphone
to recordthecommunicatiorpartner&speechandsomesort
of tactile, visual or electricalstimulusoutputdevice which
displaysthe speectaftersomepreprocessing.

A basicdesigndecisionin building sucha hearingaid is to
determinehow muchinterpretatiorof the speechsignalwill
be left to the userversusthe machine. At one end of the
spectrum,the communicationaid might extract only basic
spectrakcharacteristicof theinput speechand presenthem
to the userthroughtactile, visual or electrical stimulus (a
cochlearimplantis an example of sucha device). Given a
low level representationf the speechsignal,the useris re-
sponsiblefor interpretingthe spectralpatternsas phoneme
andultimatelyword sequencesSucha device may comple-
mentinformationavailableto theuserthroughotherchannels
suchaslip readingsimilarto cuedspeecH1].

On the other end of the spectrum,one might imagine a
portabledevice which consistsof a speechrecognizerand
agraphicalisplay To communicatevith ahearingmpaired
user the communicationpartnerwould talk into a micro-
phoneattachedo the device. The speechrecognizemwould

corvertthespeecho text whichwouldbeshovnonaportable
display

Unfortunatelystate-of-the-arspeechrecognizerswill pro-
ducehigh error rateswhenappliedto opendomaincorver-
sationalspeech High accurag recognitiorresultswhichare
typicallyreportedor speechrecognizersireachieved by lim-
iting the domain(topic) of the speech.Whenthe domainis
known in adwance,reliable vocalulariesand statisticallan-
guagemodelsmay be usedto constrainthe recognitiontask
andvastlyimproverecognitioraccurag. In thescenarigre-
sentedabove, if we wish to put no restrictionson the topic
discussedsingthecommunicatioraid, thespeechecognizer
may not rely on ary domaindependenassumptions.

Ourapproaclstouseautomatianethoddo estimatgphoneme
probabilitieswhich are displayedgraphically The system
makesnoharddecisionsaaboutphonemeelassibcatiotout in-
steaddisplaysall phonemeprobabilitiesto the userallowing
themto interpretsequencesf probabilityestimatesasword
sequencesWe usean automatidayoutalgorithmto design
the graphicaldisplaywith the goalof 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 analogandthen processedising
the Relative Spectral(RASTA) algorithm[3]. RASTA pro-
vides a spectralrepresentatiomf the audio signalwhich is
relatively invariantto backgroundoise.

TheRASTA coebcientsarecomputedn20msframesof au-
dio (recomputedvery 10ms)andfedinto arecurrentneural
network(RNN) similarto the systemdescribedn [6] to pro-
ducephonemeprobabilityestimatesat a rateof 100Hz. The
RNN hasbeentrainedusingbackpropagatiorn time[10] on
the TIMIT databasg8] which is a databasef phonetically
labeled speechrecordedfrom 630 adult male and female
native English speakerdrom all the major dialect regions
of the United States. The RNN producesa 40-dimensional
phonemeprobabilityvector (39 phonemeclassesasdebned
by [5] andsilence)every 10ms.

OnthestandarégpeakemdependentIMIT testset,theRNN
recognizephonemesvith 68%accurag. To actasahearing
aid, we needto displaythe outputof the RNN in graphical
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Figure 1: Phoneme symbol layout which was gener-
ated automatically using simulated annealing

form. Oneoptionis to classifyeachframeof audioby select-
ing the phonemaewith the highestprobability estimatefrom
the RNN and displayingthe symbol of this phoneme(this
is similar to the approachtakenin [2] to displayphonemes
througha vibrotactile outputdisplay). Although this sim-
plibestheinformationwhich is displayedo the user it also
introduceerrorssincethe RNN misclassibpeapproximately
threein tenphonemesinsteadve choosdo displaytheprob-
ability of all 40 phonemesvithoutforcingthesystento make
a hardclassibcationIn the next sectionwe describethe de-
signof the displaywhich attemptgo displaythe probability
vectorin a naturalway.

The Graphical Display

The probability vector producedby the RNN is connected
to a graphicaldisplay The display consistsof a lattice of
phonemesymbolsasshovn in Figurel (We usethesame39
phonemelassess[4] andrepresensilencewith anasterisk).
Simulatedannealind 7] wasusedto automatehe phoneme
layoutsothatphonemesvith high confusabilitywereplaced
in closephysicalproximity. Confusibility wasmeasuredy
runningtheentireTIMIT testdatasetthroughthe RNN and
takulatingthe classibcatiorerrorsmadeby the networkfor
eachphoneme For examplein Figurel thephonemedét/ and
/kl are adjacentsincethey are often confusedby the RNN.
Ontheotherhand/m/and/g/ areplacedon oppositesidesof
thedisplaysincethey wererarely confusedor eachother

To displaya spokerutterancethe brightnesof eachsymbol
is setproportionato theprobabilityestimateof thatphoneme
computedby the RNN. Figures2 and3 shav a sequencef

seven screenshotsasthe word Ounjustibedi® spoken. The
prstscreenshaws the displaytransitioningfrom the /ah/to

the /n/ phonemein the prst syllable of the word. Notice

thatthe RNN is conbdenin its classibcatiorof /n/ (where
thereis signibpcantconfusionwith only the phoneme/m/).

In contrasthereis lessconbdencén theidentity of the brst
initial phonemesothedisplaylightsupatleastfour symbols.
The restof the screenshotsmay be similarly interpretedo

give thereaderanideaof typical outputfrom thedisplay

Theresultingeffect maybelikenedaspotlight which sweeps

over thedisplaylattice. At instancesvhenthe outputof the
RNN isrelatively conbden(i.e. mostof theprobabilitymass
ofthevectorisassignedorelatively few phonemelassesihe
spotlightis brightandfocusednonly oneor afew phoneme
symbols. Whenthe networkis lessconbdenthe spotlight
becomesnorediffuseandpartially lights several phonemes.
The goal is to not force a classibcatiordecisionfrom the
RNN but insteaddisplayall informationfrom the RNN and
leave the higherlevel interpretatiorof word sequencespto
theuser

Summary and Future Directions

We have presente@systenfor corvertingcontinuouspeech
to ananimatedgraphicaldisplay Ouremphasisvasto pro-

vide some higher level analysisof speech(corversion to

phonemeprobabilities)withoutforcing the machineto make

ary harddecisions. This letsthe userapply her knowledge
of the situationalcontext to constraininterpretationof the

speeclsignal. We usea recurrentneuralnetwork(RNN) to

estimatephonemeprobabilitiesfrom continuousspeech.To

reducethe compleity of displaya 40-dimensionaphoneme
probabilityvectotr we designeda two-dimensionaphoneme
displaywhich mapsprobabilitiesto brightnessandarranges
the phonemesothatconfusablephonemesre placedclose
to one another The display resultsin a Ospotlight@ffect

which sweepsver thedisplayandlightsupphonemegroups
over time. Thesizeof footprintandintensityof the spotlight

relRectsthe phonemeclassibcatiortonbdencef the under

lying RNN.

In closingwe mentionsomefuture directionsfor this work.
Due to the early stageof this work we have not performed
ary usabilitytestsalthoughtestswill beessentiain assessing
the practicality of our ideas. The systemcurrentlyrunsin
real-timeonanSGI R4400workstation.Ourultimategoalis
to implementthe systemon a wearablecomputer9] thereby
providing the hearingaid functionalityin the user®clothes
and glasses. We also plan to to experimentwith non-tect
symbolsfor thegraphicaldisplay
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justibed
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