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Abstract

We investigatethe effect of speebt coding on automatic
spealer recanition whentraining and testing conditions
are matdedand mismattied. Experimentsisedstandad
speeb coding algorithms (GSM, G.729, G.723, MELP)
and a spealer recanition systenmbasedon gaussianmix-
ture modelsadaptedfrom a universal badground model.
Theeis little lossin recaynition performancéor toll qual-
ity speeb codes andslightly more losswhenlower quality
speeb codes are used. Speakr recaynition from coded
speeb using handsetdependenscoe normalizationand
testscore normalizationare examined.Both typesof scoe
normalizationsignificantlyimprove performanceand can
eliminatethe performancdossthat occurs whenthere is a
mismatt betweertraining andtestingconditions.

1. Introduction

With the increasein availability and use of digital cellu-
lar and VoIP telephory there hasbeenincreasednterest
in the effectsof speeclcompressiomlgorithmson spealer
recognitionsystems. In this paperwe investigatethe ef-
fectsof four commonlyusedspeechcodingalgorithmson
automaticspealer recognitionfor corversationatelephone
speech. We also examinethe effects of a mismatchbe-
tweenthe training andtestingphasef the spealer recog-
nition system,where, for example, the spealer model is
trainedfrom uncodedspeechandin the recognitionphase
thespeechs coded.

The spealer recognitionexperimentsin this paperare
performedusinga Gaussiamixture modeluniversalback-
ground model (GMM-UBM) spealer recognitionsystem
[1]. This type of spealer recognition systemhas con-
sistently had excellent performancein the annual NIST
Spealer RecognitiorEvaluationd1, 2]. In theexperiments,
codedspeechs generatedy first encodingandthendecod-
ing speechsggmentsfrom the NIST Spealer Recognition
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Benchmarkg$3] (SRB). This simulateghe conditionwhere
speectoriginatingfrom alandline is encodedligitally dur-
ing transmissionThis occurs for example,whena useron
alandline is connectedo a digital cellularuser

In pastwork [4] a relatively small datasetcontaining
only 50 targetspealerspergendemwasusedto examinethe
effects of speechcoding algorithmson the above spealer
recognitionsystem. Thoseexperimentsdemonstratedhat
therewasa slight lossin spealer recognitionperformance
for speecltompressewith toll quality codersandthatthis
lossincreasedslightly for lower quality speeclhcoders. In
particular this performancdossincreasedvhenthe train-
ing andtestingconditionsweremismatched.Theseexper
imentsusedelectrethandset&ndrequiredthatthe training
and testing speechuse the samehandset. We show that
theseresultshold for a larger and more challengingdata
setwhere carbonbutton handsetsare includedand where
thehandsets allowedto vary betweertrainingandtesting.
Theseaddedconditionsare known to posea significantly
increasedchallengeto automaticspealer recognitionsys-
tems[2]. We alsoexaminetheeffectof scorenormalization
whichis commonlyusedto boostsystemperformanceWe
find that handsetdependenscorenormalization(Hnorm)
and handsedependentestscorenormalization(HTnorm)
areaboutat effective atimproving systemperformancedor
codedspeechaboutasthey arefor speechthathasnotbeen
coded.We alsofind thatin mostcasesscorenormalization
removesthe performancdoss associatedvith a mismatch
betweertrainingandtestingconditions.

2. Background
2.1. Speech Coders

We chosefour standardspeecitodingalgorithmsto covera
rangeof speechguality andbit rates.Thecodersare: GSM
(12.2 kb/s), G.729(8 kb/s), G.723 (5.3 kb/s) and MELP
(2.4 kb/s). All of the codersusea sourcef/filterrepresen-
tation of speechwith the primary differenceseingthe fi-
delity of thetransmittedoarameterandthe mannerof cod-
ing andregeneratinghe excitation. The GSM coderis the



Figurel: GMM-UBMIlikelihoodratio detector

ETSI Pan-Europeastandardixed-pointenhancedSM at
12.2kb/sandis basednaregularmulti-pulseresidualkcod-
ing schemg5]. The G.729coderis a fixed point coderat
8 kb/s standardizedby ITU-T for personakcommunication
andsatellitesystemsandis basedon a conjugate-structure
algebraicCELP residualcoding scheme[6]. Thesetwo
codersproducetoll quality speech. The G.723 coderis
the CELP-basedTU-T multi-mediastandardcoderat 5.3
kb/s[7]. Finally, the Mixed ExcitationLinearPrediction[§
(MELP) coderwhich is the new U.S. FederalStandardor
speechcodingat 2.4 kb/s usesa syntheticexcitation (har
monicsplusnoise).This coderis usedfor narravbandradio
andsatellitecommunications.

2.2. Speaker Recognition System

Thebasicspealerdetectoiis alik elihoodratio detectomwith
target and alternatve probability distributions modeledby
Gaussiamixture models(GMMSs) as shawvn in Figure 1.
A UniversalBackgroundModel (UBM) GMM is usedas
thealternatve hypothesisnodel,andfrom this, targetmod-
els are derived using Bayesianadaptation(also known as
MaximumA-Posteriori(MAP) training)[1]. Thescoresare
normalizedsuchthat a single spealkrindependenthresh-
old canbeusedfor detection.

The front end processindgor the systemis asfollows.
A 19-dimensionainel-cepstralectoris extractedfrom the
speectsignalevery 10 msusinga 20 mswindow. Themel-
cepstralvectoris computedusinga simulatedriangularfil-
terbankon the DFT spectrum. Bandlimiting is then per
formedby only retainingthefilterbankoutputsfrom thefre-
gueng range300-3138Hz. Cepstralvectorsareprocessed
first with cepstralmeansubtractiorandthenwith RASTA
filtering to mitigatelinearchannebiaseffects.Deltacepstra
arethencomputedovera  framespanandappendedo
the cepstravectorproducinga 38 dimensionafeaturevec-
tor. Lastly, the featurevectorstreamis processedhrough
an adaptie, enegy-basedspeechdetectorto discardlow-
enegy vectors.

The UBM is a 2048 mixture gendefindependent,
handset-independe@®MM trainedusingabout9 hoursof
dataselectedrom the 1999NIST SRBto beapproximately

evenly divided betweersex andhandsetype. Tagetmod-
els are derived by Bayesianadaptation(a.k.a. MAP esti-
mation) of the UBM parametersising the two minutesof
trainingdata.Only themeanvectorsareadaptedasthis has
beenobsenedto provide betterperformance.The amount
of adaptatiorof eachmixture meanis datadependentDe-
tails of theadaptedsMM-UBM systencanbefoundin [1].

2.3. ScoreNormalization

In pastwork [1, 9], the useof scorenormalizationhassig-
nificantlyimprovedthe performancef spealerrecognition
systems. In this work we undertale to determineif score
normalization,in particularhandsetdependenscorenor-
malization(Hnorm) and handsetlependentest-scorenor-
malization(HTnorm),canbe usedto improve performance
whenthe speechhasbeencoded.In Hnorm,scoredrom a
handset-dependeoollectionof fixed non-taget(imposter)
speeb samplesare usedto normalize a spealer model,
while in HTnorm, scoresdrom a handset-dependeobllec-
tion of fixed non-taget(imposter)spealer modelsareused
to normalizea speectliestsggment.

In the applicationof Hnorm, we first computethe log-
likelihood ratio scoresfor a tamget spealer with a set of
impostertest sggmentscoming from both carbon-hutton
(CARB) andelectret(ELEC) handsets.We assumehese
scoreshave a Gaussiandistribution and we estimatethe
handset-dependenteansaandstandardieviationsfor these
scores.To avoid bimodaldistributions,thenon-speak&rdata
is of the samegenderas the target spealkr. The tamget
spealer now hastwo setsof parameterslescribinghis/her
model's respons¢o CARB andELEC type speech:

CARB CARB ELEC ELEC

In this paperwe used200 30-secondspeectsegmentsper
handsetype, pergenderderivedfrom the 1999NIST SRB
testcorpus.In generalthe durationof the speeclsegments
usedto estimateHnorm parametershould matchthe ex-
pecteddurationof thetestspeectsegments.

During recognition,a handsetetectoris usedto sup-
ply the handsetype of the testsegment. This detectoris
a simplemaximumlik elihood detectorwith handsetypes
representetly 256 mixture GMMs [10]. Thenfor eachtest

sgment, , Hnormis appliedto the log-likelihood ratio
scoreas

Hnorm (1)
where is thehandsetabelfor

The desiredeffect of Hnormis illustratedin Figure 2.
This figure shows Log-Likelihood Ratio (LLR) scoredis-
tributions for two spealers before (left column) and af-
ter (right column) Hnorm has beenapplied. The effect



Figure2: Pictorial exampleof HnormcompensationThis
picture showsLog-Likelihood Ratio (LLR) score distribu-
tionsfor two spealers befoe (left column)and after (right
column)Hnorm hasbeenapplied. After Hnorm, the non-
spealer scoke distribution for eadh handsettype has been
normalizedo zeo meanand unit standad deviation.

of removing the handsedependenbiasesand scalesis to
normalizethe non-taget spealker scoredistributions such
that they have zero meanand unit standarddeviation for
speechfrom both handsettypes. This resultsin better
performancewhen using a single thresholdfor detection.
In addition to removing handsetbias and scales,Hnorm
also helps normalize log-likelihood scoresacrossdiffer-
ent spealer models,againresultingin betterperformance
whenusingspealkrindependenthresholdsasin the NIST
Spealer RecognitionEvaluations[2, 11]. Hnormis in ef-
fect estimatingspealer andhandsespecificthresholdsand
mappingtheminto the log-likelihoodscoredomainrather
thanusingthemdirectly.

HTnormis similarto Hnormbut with thefollowing dif-
ference:in Hnorm we computenormalizationparameters
(meansandvariances¥or ead spealer modelby scoring
a fixed set of impostertest sgmentswith that particular
spealer model,while in HTnormthe normalizationparam-
etersare computedfor eact test messge by scoringthat
particulartestmessagevith afixed setof imposterspealer
models.

3. Experimentsand Results

Thedatausedfor this paperarederivedfrom NIST Spealer
RecognitionBenchmarkg3] (SRB)which aremadeup of
conversationaktelephonespeech. Codedspeechis gener
atedby encodingand then decodingthe speechsegments
with eachof the four speechcoders,simulatingthe condi-
tion wherespeechoriginatingfrom a land line is encoded
digitally during transmission. The datafor training the
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Figure3: Equal-Eror-Ratedor ConditionA (matchedcase
whele badkground model,training and testingspeet are
all coded).

UBM andfor computingHnorm and HTnorm parameters
wasselectedromthe1999NIST SRB.Thetestdatausedn
this paperarethatof thesinglespealer detectiortaskin the
2000NIST SRB.Thisisamuchlargerandmoredemanding
datasetthanwasusedin [4] wherethe handsetvasnot al-
lowedto vary betweertrainingandtestingandonly electret
handsetavere used. In contrast,the 2000NIST SRB in-
cludestestswherethetrainingandtestinghandsetsredif-
ferentandit includesbothelectretandcarbon-lttonhand-
sets. In additionthereare over 6000testutterancesom-
paredwith the 625testutterancesisedin [4]. Theresults
reportedbelow reflecta pooling of all single-speadr test
segmentsfrom both male and femalespealers. Although
both gendersareincludedin theresultsthereareno cross-
gendertestsassuchtestssignificantlyreducethe difficulty
of the problem.

Theapplicationof HhormandHTnormto codedspeech
requiresthat the handsetype (CARB or ELEC) be deter
minedfrom thecodedspeechlin theexperimentdbelow, the
handsetype for codedspeechwas detectedusing GMMs
trainedfrom uncodedCARB andELEC speechwith a de-
tectionthresholdadjustedor the coderasin [12].

3.1. Test Conditions

Thereare threeplacesin the systemwhere codedspeech
may be encounteredthe testdata,the targetspealer train-
ing data,and the backgroundmodeltraining data. In the
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Figure4: Equal-Error-Ratedor ConditionB (partially mis-
matded casewhee the badkground model and training
speeb are codedandthetestingspeet is not coded).

matchedcaseall of the speechis codedwhile in the mis-
matchedcasessomeof speechis codedwhile someof the
speechs not coded. For eachspeectcoder therearefour
conditionsthat we testedand comparedo a baselinecon-
dition in which no codingwasperformed.We describethe
conditionsin order of decreasinglegree of matchingbe-
tweentrainingandtesting.

Condition A: This is the fully matdhed casewhere
backgroundndtargetmodelsarederivedfrom coded
speechandthe testdatais alsocoded. In this case
trainingandtestingspeecharecodedanda matching
codedUBM is available.

Condition B: This is a partially mismatbted case
wherethe UBM andtarget model are derived from

coded speechand the test data is from uncoded
speech.Sincethe uncodedtestmessageare scored
againstwo codedmodels we expectperformanceo

decreaseelative to conditionA. In this casetraining

andtestingspeectaremismatchedbuta UBM match-
ing thetrainingspeechs available.

Condition C: This is a partially mismatbted case
wherethe UBM andtarget model are derived from
uncodedspeechand the test data is from coded
speech. Sincethe codedtest messagesre scored
againstwo uncodedmodels we expectperformance
similarto conditionB. As in conditionB thetraining
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Figure5: Equal-Eror-Ratedor ConditionC (partially mis-
matded casewher only the testspeeb is codedand the
badkgroundmodelandtraining speeb are not coded).

andtestingspeectaremismatchedbutaUBM match-
ing thetrainingspeechs available.

Condition D: This is the fully mismatbed case
wherethebackgroundnodelis derivedfrom uncoded
speechandthe target modelsandtestdataare from

codedspeechThetestdatais thusscoredagainsone
modelderivedfrom codedspeechthetargetspealer

model)andonemodelderived from uncodedspeech
(thebackgroundnodel);assuch we expecttheworst
performancdor this case.In this conditionthetrain-

ing and testing speechare matchedbut a matching
codedUBM is notavailable.

In eachcondition, the impostertest sggmentsusedto
computeHnormparameters/erematchedo thetestspeech
sggmentsandthe impostermodelsusedfor HTnorm were
trainedin the samemanneras the target spealer models.
For example,in condition D, the test sgmentsare coded
andthereforethe impostertest sgmentsusedto compute
Hnormparameterarealsocoded.Likewise,in conditionD
thetagetmodelsaretrainedusingcodedspeectandaclean
speecHJBM sothe impostermodelsfor HTnormarealso
trainedfrom codedspeechtanda cleanspeechiJBM.

3.2. Matched Condition with Score Normalization

Spealkr detectiorperformancdor thevariouscodersn the
fully matchedconditionis shavn in Figure3. Thisis the
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Figure 6: Equal-Eror-Ratesfor Condition D (fully mis-
mathedcasewhe training and testingspeeb are coded
but the badkgroundmodelspeeb wasnot coded).

conditionwhereall training and testingspeechare coded
anda matchingcodedUBM is used.Performancés shovn
in termsof the Equal-ErrorRate(EER)whichis theoperat-
ing pointwherethe probabilitiesof missandfalsealarmare
equal. Spealer detectionperformancefor the GSM coder
is nearlyidenticalto the performancen uncodedelephone
speeclandthereis aslightincreasen the EERasthecoder
bit rate (and speechquality) decreasesThe figure shavs
that both Hnorm and HTnorm are as effective for coded
speechasthey arefor uncodedspeechdecreasinghe EER
about2-3%. Thisis trueevenfor G.723andMELP where
the handseidentificationerroris roughly doublethe error
for uncodedspeech12].

3.3. Mismatched Conditions

Spealer detectionperformancen the variousmismatched
conditionsis shawvn in Figures4, 5, and6. Thetrendsseen
herearesimilarto thematchedconditionwherebothHnorm
andHTnormsignificantlyimprove systemperformanceln
the partially mismatchedonditions(B andC) HTnormap-
peargo be aseffective asHnormis for the high-ratecoders
GSMandG.729,but for thelow-rateMELP coderHTnorm
is not aseffective asHnorm. In the fully mismatchedon-
dition (D) the useof scorenormalization(eitherHnormor
HTnorm)yieldsgreateperformanceainsthatit doesn the
matchedA) or partially mismatchedB andC) conditions.
It is alsonotablethatin thefully mismatcheaonditionHT-
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Figure7: Equal-Eror-Ratesfor all four conditions(A, B,
C, andD) with no scoe normalization.

normhassignificantlybetterperformancehanHnorm.

All of theconditions(A, B, C, andD) aredirectly com-
paredwithout scorenormalizationin Figure7. Thefigure
shaws thatin conditionsA andB the performancaes iden-
tical (exceptfor the MELP coder),in conditionC thereis a
slight performancelrop,andin conditionD thereis alarge
performancedrop. WhenHnorm is applied,as shawvn in
Figure8, conditionsA, B, andC have similar performance
but conditionD still shavs a performancealrop. WhenHT-
normis used,asshavn in Figure9, thereis little to no dif-
ferencebetweerthe four conditions,exceptfor the MELP
coderin conditionsB andC.

4. Summary

In thispaperwe demonstratethattheadaptedsMM-UBM

spealer recognitionsystemcanbe effectively usedfor text-

independenspealer detectionwhentelephonespeechhas
beencompressedsingcommonspeectcodingalgorithms.
Thereis only a slight increasen the EER for toll quality
speecttoderdGSMandG.729)ascomparedvith thebase-
line uncodedspeectandthe performancédossfor lowerrate
speechcoders(G.723and MELP) is only slightly greater
It was shavn that scorenormalizationtechniquessuchas
Hnorm and HTnorm can be appliedto codedspeechand
thatboth scorenormalizationtechniquesreaseffective at
improving systenperformancdor codedspeectasthey are
for uncodedspeech. Overall, the effect of speechcoding
on the adaptedsMM-UBM spealer recognitionsystemis
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Figure8: Equal-Eror-Ratesfor all four conditions(A, B,
C, andD) with Hnorm.

relatively benignundermostconditions. Althoughthereis

a sig

nificantperformancdossif the speechusedto train

the backgroundnodelwasnot processedhroughthe same
speechcoderasthe the speechusedto train spealer mod-
els(conditionD), this performancdosscanbeeliminatedf
HTnormis used.
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