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l. ABSTRACI'

Theepwufldifimnmhemunumpluofapmduflmphmmuedhydifiumtmdimmy

inpnrthemodelledesnsmoothnon-linearwnrpingoffllefreqnencyaxis.mapperdeaa'ihesaapeeeh

reeoyfitionsyflzminwhichdlepeakfiequmciesoflhemalysisfillflbmkmopfimisedfareanhspeaku

mmndofbdngfixedmpmduaminedmdepawdmmmuisumnwfiemhlhepmposedsyy

mmmmmmmimmmcMmMmmwammomhmm
Wmfornmmfimwmmdemtmmmddm 'l‘heappm—

pflmflmbankfiequwdesmusefornmspeakflmdmmmedbymofagndimtdeamt

algofithmthaxminimisestheenurainephonemeelsasifieafiontask. 'meuseofwohspwkmhdependent

frequency warping is applied to a phoneme classification experiment using a subset ofthe'lMl' database

The application ofmistechniquemspeaker-adaptive recognitionsystemsinlsodiscnssed.

2. INTRODUCI'ION

Wmhawanspakasgmmflymmspammwfimsymmmlm

performancethanspeaker-dependentsystems. Manyxeseardrmhnvepmposedw‘nysofreducingmis

pedomneegaphyoompemafingfmrhesemmpeahudiflmmduringmeognifiom 'lhepruposed

mmpensaflonlechniques generally followone ofrwoappmches. hibefimnppManadaptive n'ans-

formntionisappliedtonsetofspeakeruindependentnwdelsmimpmvetheirfinodleinpmspeedi. In

rhesecondeppmnhmnomflishgmsfomafionisnppfiedmdyhpmspeechdminthhmingmd

mgnifimnemuoaimdesdbedinmispspafouowmeswondofmmeapprudm.

One ofthe significant sources of inter-speaker variability arises from differences in vocal n-net lengdi.

Acousfietheorymdiemesmmmeaweneeofanyeompenufionhymeepeakmnflnmmflngomn

vocalmdlmenxionswfllresnltinaflnurmlingoffmmantfiequendea. Accordinglanumherof

papershavesnggestedwarpingthefieqnencysenleoftheinpntspeenhlnnlinearu).pieeewiselinear[2]

or non-linear [3] manner. In each casa theform ofthewnrping Motion is fixed in advance and a single

parameterisvariedtocompensale for inter-speakerdifi'erenees.

The neutralising prowdure described in this paper difi‘ers from the previous approaches in two ways: it

makes no prior assumptions aboutthe shape ofthe warping flinetion and It is determined by minimising the

error in a phoneme classification task rather than using the more common maximum likelihood criterion.
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3. SPEECH RECOGNISER STRUCTURE

Hespeechlecayniwusedinduseexpeximentshnsawnvenfienalmmueinwhichinputspeechhmcs

areconvenedweepsmlpanmemwhichfommeinputofahiddeMkovmodehecognim '

[nmefinntendoflheleooyfiminpmspeechisdividedinmcvutapping lefmneswhiehalewin—

dawedmdeonvefledintnlhefiequenqdomainbyadiscmafimiermflom. Theresulmmwwer

speammiathenfilmedbyasuofbandpassfilmandeenvenedmthecepsmldominbyadisaete

cosinemsfomMJhispmccssmaybetepnsenmdinmatflxfomas

o=Tlostflsqr(FWx)) (I)

in whiehtheeolumn vectm l and o lepmsenttheinput speech frame and lheeepstral coefficients. and

IhemmfieesW.F,EendTleplesenuhewindowing.mmerbankmdDCL'I‘hefimctionslogOend

sqmdenmeelementhydemmtlegandsqumfimefions.

IInmnslmuognimmxemmixfldefinesafixedmofmehspaeedbmdpmfilmwhosemsponseintlw
pawspecmldomainhasmasymmwic u-iangulnnhape. The disfian feature of the work presented

inflispaperisflmthene fiequenciesoflhefilmdefinedby Hmchosen foreach speakerto

eptimlseleoognitionpert‘omanee.

Formsonsofeompumiotullndnnalyficdeonvufim we haveusedmisedeusinemherthanuimgular

film Aswiflnheeonvenfionelmelfilmbmkmjlmmtbeasymmicmensmthmeaeheolumn

offlmmstounlty. Ifthefilmbankemuefiequmdumdenmedbytheveembnhemmiflmybe

definedhy:

Mm(u(r-b[k1)/(bIkI—hIk-1D)
for b[lc-l] s l < b[k]

HM= §+ t m(u (l-b[k))/(b[k+l] 4pm)
for b[k] S 1 5 b[k+1]

0 far l<b[k—I] or I>b[k+1]
(2)

 
260 Proc.I.O.A. Vol 18 Part 9 (1996) 



Proceedings of the Institute of Acoustics

SPEECH RECOGNITION USING SPEAKER DHENDENTFREQUENCY WARPING

4. MINIMUM CLASSIFICATION ERROR

neoptimisation oftbeenor count ofa phoneme clussifimtion mskwesfim intmdneed by [5.6] as a

newdisaiminntiven-aininspmeduie. Recently. theminimumclnssifiutionemrmetbod (MCBW

introducednsnnewhtddenMnfltov modelammnniningalsoflmmbasedonmegmaflisedpmba-

bilistiedeseent(GPD) method [7.8.9]. mmmwcmmufimmrmmwmbm

asafimuionoffltempammm. Mmegi-adientoftbewstfitnuioninenlmlntednndnpmb-

nbflisficdeoemtmetbodisappfiedinotderwfindtbeopfimnlmmm. hwwokwehave

expressedlhedmificafionmnrcoslfimcfionnsIfuncfionoffllefillzrbankpukfieqnflnciesbnthnw

usednmnvufimflyfiiwtdmtpmeedummfindopfimflpukfiequmdesfuapufiwluspukm

mo': {o1.og,...,o§.,} duommelammwmmmmdmmnnmmmm

offmnes. Enchtminingsequemebelongslanclmk: (1.2,...,K}.modelledbynmA¢.A& E A

wbeIeA={AhAg....,Ad representstbewholesetofl-Mds. lettlleobwvaflondenmyofnnl'm

beGmissinnwimmeanpnnddiagonaloovarinnoeQandtbemslfionpmblbilitiesbestmedinmnn-ixa.

The formulation ofthe cost function consists of four functions:

4.! Discriminantjunction.

Thisfnnnionisameammofthedismeebemeenminputminingsequenoenndmewmpondingl-W

from listA. 'Ihenegntivelag-likelihood score isohosen in ourstm'ly.

T I T-I T

de‘A) = 2:041.) -o{.,)’ £0049) ‘41)) ' I; “Slat-mm) +§ §I”S(d‘(c§(r)») (3)

wbexe.s(t)mpmmumemgnmtmmnmmfinmmefimfldipmumfimdmme

HMMoutput probability parameters of classk. Theeonmnttexmbnsbeenomltted.

4.2 Mischmifiwian meaning.

The mischssifieationfiimaion measutes thedegiee ofeonfuiun betwemtbeeoneotdnsund allmher‘

competing classes.

I t
d(0'.A)=xz(0’.A)+-Ios(—ZHP(—MI(O'.A))) (4)

- n K— l I,“ .

when k is the class to which 0‘ belongs. When n —t on. this beam:

atom =s.(o"A)-x;ggs/(0‘.A) (s)

which is the distance of the input observation between the contact model and the best inoonect model

(this simplification is applied in our men-ch). Clearly, a negative value of d(0‘.A] a comet

clnssification and a positive value indicates I misclassitiwion.
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4.3 Small- 10::function.

This function weights the misclassificstion measure using asigmoid function. When an inputis correctly
clmified (d(0‘.A) << 0), the weight (or penalty) will be near 0. Likewise. a misclsssified input will
have a near unin weight. .

1(0‘.A)=%(1+xw(fld(0‘.A))) be (a)
As [3 -t m. the sigmoid function tends to a step function.

Them function is as follows: L

DW=121(0‘.A) m
=1

D(A) represents a measure of the misclsssification of the given observation sequences (01 ...0") for
meendseclassifin‘A. Whenthediseriminnnrmncfionismenegafivelog-flkeiihwdscmemdflwloss
fimeficnisnnepfimfliomthiseoslfimcfionispreciselydieermme.

4.4 Co:th l

1

5.mmBANK AND HMM OMATION

Theminingphsseofmrspakernormnlisedmmmmicspeechrecogniser(ASR)jointlyopfimisesaset

«speaker-spuflcfilterbankssndmephmmmodelswiminthechssifim 'l‘henstphssederivesthe
opfimflfltubankofnnwspeakflformefixedchssifluesfimsmddufingthemhgphme lnboth

phmdwfilterbankpeakfiequenciesaredefivedbyminimisingtheprwinuslydsaibedeostfnnflim
ulongltsgmiient.

5.1 Gradient Analysis.

Thecost function evaluated for a specific Speaker is a non linear function ofthe vectorofpeak fiequencies.

The gradient VD is defined by differentiating the cost funfiion D(A) with respect to cad: peak frequency:

5050 so],
VD=[mi8—bifii-va (8)

whereeschelemtofthegndientvectoriscalwlaledbynpplyingthedisinmle:

50 54 '50‘ SH_=2 61 _ _ (9,
sum sy‘sd'sol'an '97:]

The above expression includes the derivative of the loss function.

81(0’,A) _ I '
‘ 8d "1+mh"(2pd(oI.A)) “0)
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This bell shaped derivative function directs the gradient seardr by concentrating on the improvement

chaining tokens near the decision threshold and leaving out well recognised or hopelessly recognised

tokens.

The differentiation of the cost with respect to one peak frequency. expressed by (9). is easily obtained.

However. thedetailedcaleulotion is too Iongtobepresented inthispaper.

5.21'crtl’hau.
'l‘hefiltetbankpenkflequenciesofunewspeakermdeterminedhyapplyingasteeputdcsoentalgorithm

to fire cost function. Erch iteration ofthis algorithm updates the peak frequencies by a small amount

alongthegradientdirection. Sineethefilterbankvaflesnflereadtitaafiomlthmrymncalmm
ththtettinlignmenlofendrteflsequenoenndmevalmmemfimdom 'l'hefollowingirerntive

prooedureisnpplied:

1. Deter-minethe mostpmhahleineorreetmodel foreaehlrainingtoken
2. Evaluatedteohjectivefunotionanditsderivative with respeetmeachelementofthespenker's

filterbank.

3. Adjustthe filterbank in the direction that will decrease the objective firnction.
4.[looptostep23numberoftimcs(eg. 2)

S. Looptostep l untileonvergenoeoourrs

5.3 menus.
hmeminsphasemeflmhanksohumimgspeakmmopfimisedmdmhdepwdem

phonememodelsmestimated. Themmhfordteopfimalfiuntendispert‘omodhyapplyingthetcst
phaseiterativepmeedure foralln-ainingspeakersnttlresametim Inordertofindtheopfimnlclnssifier

an additional loop is added to the previous process. resulting in the following iterntive prowdure:

l. all filter banks

LUsertmdardWminingtocreatephor-tememodels

3. For oath speaker;
4. Detaminethemos'tpmbableinconectmodelforeadrtniningtoken

5. Evaluate the objective function and its derivative with leaped to nah element of the speaker's

fllterbank.

6. Adjust the filter bank in the direction that will decrease the objective fundion.

7. Loop to step 5 a number of times (LE. 2)

8. Loop to step 4 a number of times (es. 4).

9. Loop to stepz until convergence oocurs.
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6.EXPERIMEN'I‘

Thetedmiquepresentedinthispaperhasbeentestedonaphunemeclmifleatiunexpefimmtot'49spuk-
ersofdtemfl'l'datnbase. Thefimdinlectregiondrl eonminsthespeeehdmoffl speakenfortmining
pttrposemd it spenltersfortestingthe system. htheuainingphMeishtmtmeesmusedperspeaku
todu'ivedieopflmnlfront end Indtheclassilier models. lnthe testphnse(speakfl‘depmdentleoognifion).
eigittaieesmeusedpuspeaketmdenvetheopfimnlfiontendfmafixeddassifien huehphase.
tlteleeoguitionmteisderivedfmmthesnme Esenteneesusedduringtheoptimisetionmge.

Thespeeehwaveformissegmentedinto l6msh-smesevery8msmdpasndflnoughaptumphasis
MAmwmmeomeWymmmmmmu
nmmflisdhefmbehgflmodmmughmespeakuapmifiefihuhmkwmmhsflniwdm
hundpnssfilters. A llmlOpoimdisaetewsinenansformisnppfiedtothelogmugyompmoflhefiltem
lnordfltogiven 10 cepstrumcoeflieient vector:

The pattern matching stage is implemented by 48, three-state. context-independent. lefi-ttH'ight hidden
Markov models representing the phoneme vocabulary, The state output probability disu-ilnrtion consists of
e single Gaussian mixture with diagonal variance. The models are trnined using the maximum likelihood
objective funefitm by applying iterations of the Baum-Weleh algorithm on isolated models.

Ihereeognitionnteofaphoneme classificationtaskisesfimnted meadr itetufionoftheminingprwe-
dummmtpmmdureispufonnedon thespeaker-independentmodelsgmetedaflaendr iteratinnof
dren-ainingprmedure. nemmmgfilwrbanksofmetenspeakasmusedmealmlmtheneognifion
meofnphonemeclsssiflcationtaskperfomedonmetestdau

7. RESULTS AND DlSCUSSlON

The results of the phoneme classification task aflel’ each iteration of the adaptation algorithm are shown
intisure 1(a). 'lhe topeurverepresents theevolutionofthe myritionmteofthe uniningsetofspeakers
wheiensthehottomwrveiepresentsthetestset. numeognifionmteofhmhniningnndtestsmim
proves steadily. After 34 iterations. the recognition rate increaSed from 36.34% NHJBE. a reduction in
mammary}. Generauymieitunuvendaptnuonunprovesreeognidonnndseeutoconvuge Haw-
ever.soniefimestheupdateonmempamneremmsuluhnshmpfiseindreeouflmefionforspeeific
speakers. This results in n dlvp in the general recognition rate as seen in figure 1(a). The speaker-specific
east function requires a few iterations to return to its normal decreasing course.

'lhe starting point of our search for the optimal speaker-specific filter bank is the mel-spaeed filter bank.
In: peak frequencies of two filter banks afler optimisation ale shown in figure Kb). It is clear that these
optimal filter banks are near the mel scale and a test can be carried out to establish ifa different starting
point will give different optimised filter banks

Proc.l.0.A. Vol 18 Part 9 (1996)
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   o u we u n
arr-n..-

(a) Recognition rates for training and test data (b) New filter hank (or two speakers

Figure 1: filter bank optimisation of training and test speakers

8. CONCLUSIONS

We have proposed a technique based on a speaker-specific transformation that improved the recognition

rate of a phoneme classification task. The novel aspect of our approach is to use the filter bank as a

speaker-specific u-ansformation. The MCE. optimising criterion was used as a cost function of a gradient

descent method in order to find the optimal peak frequencies. The front end and classifier of our ASR

were optimised iteratively by applying the gradient descent. This adaptation algorithm was tested on a

subset of the TIMJT database resulting in a 8% reduction of the error rate.

The proposed technique improves the recognition rate of a speakerdependent transfonnation/ speaker-

independent classifier ASR. The filter banks of the test speakers were optimised by a gradient descent

method as explained in section 5. The next step of the research currently being undertaken is to implement

an unsupervised speaker adaptation. In such a system. the training phase builds a space of filter banks and

a space of speaker characteristics derived from the Speech data of training speakers. A mapping between

both spaces is created for its use in the test phase. The test phase of the new system involves extracting

the new speaker's characteristics and using a predetermined mapping that selects the optimal filter bank

in the space of filter banks.

in order to tackle the local minimum burden of the the steepest descent method. an alternative optimisation

technique is cunently being examined in which the peak frequencies are optimised by means of a genetic

algorithm. In our environan the genetic algorithm has three advantages: the global minimum is found.

the front end and the classifier are optimised simultaneously rather than sequentially and it can be applied
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to any recognition task including phoneme classification. whole-word or sub-word continuous speech
recognition. Early experiments have shown encouraging results.
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