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Abstract
We investigatethe effect of speech coding on automatic
speaker recognition whentraining and testingconditions
are matchedand mismatched. Experimentsusedstandard
speech coding algorithms (GSM, G.729, G.723, MELP)
and a speaker recognition systembasedon gaussianmix-
ture modelsadaptedfrom a universal background model.
There is little lossin recognitionperformancefor toll qual-
ity speech codersandslightlymore losswhenlowerquality
speech coders are used. Speaker recognition from coded
speech using handsetdependentscore normalizationand
testscore normalizationare examined.Both typesof score
normalizationsignificantlyimprove performance, and can
eliminatetheperformancelossthat occurs whenthere is a
mismatch betweentrainingandtestingconditions.

1. Introduction

With the increasein availability and useof digital cellu-
lar and VoIP telephony therehas beenincreasedinterest
in theeffectsof speechcompressionalgorithmson speaker
recognitionsystems. In this paperwe investigatethe ef-
fectsof four commonlyusedspeechcodingalgorithmson
automaticspeaker recognitionfor conversationaltelephone
speech. We also examine the effects of a mismatchbe-
tweenthe trainingandtestingphasesof thespeaker recog-
nition system,where, for example, the speaker model is
trainedfrom uncodedspeechandin the recognitionphase
thespeechis coded.

The speaker recognitionexperimentsin this paperare
performedusinga Gaussianmixturemodeluniversalback-
ground model (GMM-UBM) speaker recognitionsystem
[1]. This type of speaker recognitionsystemhas con-
sistently had excellent performancein the annual NIST
SpeakerRecognitionEvaluations[1, 2]. In theexperiments,
codedspeechis generatedby first encodingandthendecod-
ing speechsegmentsfrom the NIST Speaker Recognition
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Benchmarks[3] (SRB).Thissimulatestheconditionwhere
speechoriginatingfrom alandline is encodeddigitally dur-
ing transmission.This occurs,for example,whena useron
a landline is connectedto adigital cellularuser.

In pastwork [4] a relatively small datasetcontaining
only 50 targetspeakerspergenderwasusedto examinethe
effectsof speechcodingalgorithmson the above speaker
recognitionsystem. Thoseexperimentsdemonstratedthat
therewasa slight lossin speaker recognitionperformance
for speechcompressedwith toll qualitycodersandthatthis
lossincreasedslightly for lower quality speechcoders. In
particular, this performancelossincreasedwhenthe train-
ing andtestingconditionsweremismatched.Theseexper-
imentsusedelectrethandsetsandrequiredthat thetraining
and testingspeechuse the samehandset. We show that
theseresultshold for a larger and more challengingdata
set wherecarbonbutton handsetsare includedandwhere
thehandsetis allowedto varybetweentrainingandtesting.
Theseaddedconditionsareknown to posea significantly
increasedchallengeto automaticspeaker recognitionsys-
tems[2]. Wealsoexaminetheeffectof scorenormalization
which is commonlyusedto boostsystemperformance.We
find that handsetdependentscorenormalization(Hnorm)
andhandsetdependenttestscorenormalization(HTnorm)
areaboutat effective at improving systemperformancefor
codedspeechaboutasthey arefor speechthathasnotbeen
coded.We alsofind that in mostcasesscorenormalization
removesthe performancelossassociatedwith a mismatch
betweentrainingandtestingconditions.

2. Background

2.1. Speech Coders

Wechosefour standardspeechcodingalgorithmsto covera
rangeof speechqualityandbit 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 source/filterrepresen-
tationof speech,with theprimarydifferencesbeingthefi-
delity of thetransmittedparametersandthemannerof cod-
ing andregeneratingtheexcitation. TheGSM coderis the



Figure1: GMM-UBMlikelihoodratio detector.

ETSI Pan-Europeanstandardfixed-pointenhancedGSM at
12.2kb/sandis basedonaregularmulti-pulseresidualcod-
ing scheme[5]. The G.729coderis a fixedpoint coderat
8 kb/sstandardizedby ITU-T for personalcommunication
andsatellitesystems,andis basedon a conjugate-structure
algebraicCELP residualcoding scheme[6]. Thesetwo
codersproducetoll quality speech. The G.723 coder is
the CELP-basedITU-T multi-mediastandardcoderat 5.3
kb/s[7]. Finally, theMixedExcitationLinearPrediction[8]
(MELP) coderwhich is thenew U.S.FederalStandardfor
speechcodingat 2.4 kb/s usesa syntheticexcitation (har-
monicsplusnoise).Thiscoderis usedfor narrowbandradio
andsatellitecommunications.

2.2. Speaker Recognition System

Thebasicspeakerdetectoris alikelihoodratiodetectorwith
target andalternative probability distributionsmodeledby
Gaussianmixture models(GMMs) as shown in Figure 1.
A UniversalBackgroundModel (UBM) GMM is usedas
thealternativehypothesismodel,andfrom this,targetmod-
els are derived using Bayesianadaptation(alsoknown as
MaximumA-Posteriori(MAP) training)[1]. Thescoresare
normalizedsuchthat a singlespeaker-independentthresh-
old canbeusedfor detection.

The front endprocessingfor the systemis as follows.
A 19-dimensionalmel-cepstralvectoris extractedfrom the
speechsignalevery10msusinga20mswindow. Themel-
cepstralvectoris computedusingasimulatedtriangularfil-
terbankon the DFT spectrum. Bandlimiting is then per-
formedby only retainingthefilterbankoutputsfrom thefre-
quency range300-3138Hz. Cepstralvectorsareprocessed
first with cepstralmeansubtractionandthenwith RASTA
filtering tomitigatelinearchannelbiaseffects.Deltacepstra
arethencomputedover a ��� framespanandappendedto
thecepstravectorproducinga 38 dimensionalfeaturevec-
tor. Lastly, the featurevectorstreamis processedthrough
an adaptive, energy-basedspeechdetectorto discardlow-
energy vectors.

The UBM is a 2048 mixture gender-independent,
handset-independentGMM trainedusingabout9 hoursof
dataselectedfrom the1999NIST SRBto beapproximately

evenly dividedbetweensex andhandsettype. Targetmod-
els arederived by Bayesianadaptation(a.k.a. MAP esti-
mation)of the UBM parametersusingthe two minutesof
trainingdata.Only themeanvectorsareadaptedasthishas
beenobservedto provide betterperformance.Theamount
of adaptationof eachmixturemeanis datadependent.De-
tailsof theadaptedGMM-UBM systemcanbefoundin [1].

2.3. Score Normalization

In pastwork [1, 9], theuseof scorenormalizationhassig-
nificantly improvedtheperformanceof speaker recognition
systems.In this work we undertake to determineif score
normalization,in particularhandsetdependentscorenor-
malization(Hnorm)andhandsetdependenttest-scorenor-
malization(HTnorm),canbeusedto improveperformance
whenthespeechhasbeencoded.In Hnorm,scoresfrom a
handset-dependentcollectionof fixednon-target(imposter)
speech samplesare used to normalizea speaker model,
while in HTnorm,scoresfrom a handset-dependentcollec-
tion of fixednon-target(imposter)speaker modelsareused
to normalizeaspeechtestsegment.

In the applicationof Hnorm,we first computethe log-
likelihood ratio scoresfor a target speaker with a set of
imposter test segmentscoming from both carbon-button
(CARB) andelectret(ELEC) handsets.We assumethese
scoreshave a Gaussiandistribution and we estimatethe
handset-dependentmeansandstandarddeviationsfor these
scores.To avoid bimodaldistributions,thenon-speakerdata
is of the samegenderas the target speaker. The target
speaker now hastwo setsof parametersdescribinghis/her
model's responseto CARB andELECtypespeech:

���	�
CARB
���
 � CARB
�� �	� ELEC
���
 � ELEC
��

In this paperwe used200 30-secondspeechsegmentsper
handsettype,pergenderderivedfrom the1999NIST SRB
testcorpus.In general,thedurationof thespeechsegments
usedto estimateHnorm parametersshouldmatchthe ex-
pecteddurationof thetestspeechsegments.

During recognition,a handsetdetectoris usedto sup-
ply the handsettype of the testsegment. This detectoris
a simplemaximumlikelihooddetectorwith handsettypes
representedby 256mixtureGMMs [10]. Thenfor eachtest
segment, � , Hnorm is appliedto the log-likelihoodratio
scoreas

�
Hnorm

� ��
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where
����� ��
 is thehandsetlabelfor � .

The desiredeffect of Hnorm is illustratedin Figure2.
This figure shows Log-LikelihoodRatio (LLR) scoredis-
tributions for two speakers before (left column) and af-
ter (right column) Hnorm has beenapplied. The effect



Figure2: Pictorial exampleof Hnormcompensation.This
picture showsLog-LikelihoodRatio (LLR) score distribu-
tions for two speakers before (left column)andafter (right
column)Hnorm hasbeenapplied. After Hnorm, the non-
speaker score distribution for each handsettypehasbeen
normalizedto zero meanandunit standard deviation.

of removing the handsetdependentbiasesandscalesis to
normalizethe non-target speaker scoredistributions such
that they have zero meanand unit standarddeviation for
speechfrom both handsettypes. This results in better
performancewhen using a single thresholdfor detection.
In addition to removing handsetbias and scales,Hnorm
also helps normalize log-likelihood scoresacrossdiffer-
ent speaker models,againresultingin betterperformance
whenusingspeaker-independentthresholdsasin theNIST
Speaker RecognitionEvaluations[2, 11]. Hnorm is in ef-
fect estimatingspeaker andhandsetspecificthresholdsand
mappingtheminto the log-likelihoodscoredomainrather
thanusingthemdirectly.

HTnormis similar to Hnormbut with thefollowing dif-
ference: in Hnorm we computenormalizationparameters
(meansandvariances)for each speaker modelby scoring
a fixed set of impostertest segmentswith that particular
speaker model,while in HTnormthenormalizationparam-
etersare computedfor each test message by scoringthat
particulartestmessagewith a fixedsetof imposterspeaker
models.

3. Experiments and Results

Thedatausedfor thispaperarederivedfrom NIST Speaker
RecognitionBenchmarks[3] (SRB)which aremadeup of
conversationaltelephonespeech. Codedspeechis gener-
atedby encodingand thendecodingthe speechsegments
with eachof the four speechcoders,simulatingthecondi-
tion wherespeechoriginatingfrom a land line is encoded
digitally during transmission. The data for training the
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Figure3: Equal-Error-Ratesfor ConditionA (matchedcase
where backgroundmodel,training and testingspeech are
all coded).

UBM andfor computingHnorm andHTnorm parameters
wasselectedfromthe1999NISTSRB.Thetestdatausedin
thispaperarethatof thesinglespeakerdetectiontaskin the
2000NIST SRB.Thisis amuchlargerandmoredemanding
datasetthanwasusedin [4] wherethehandsetwasnot al-
lowedto varybetweentrainingandtestingandonly electret
handsetswereused. In contrast,the 2000NIST SRB in-
cludestestswherethetrainingandtestinghandsetsaredif-
ferentandit includesbothelectretandcarbon-buttonhand-
sets. In addition thereareover 6000testutterancescom-
paredwith the 625 testutterancesusedin [4]. The results
reportedbelow reflecta pooling of all single-speaker test
segmentsfrom both maleandfemalespeakers. Although
bothgendersareincludedin theresultsthereareno cross-
gendertestsassuchtestssignificantlyreducethedifficulty
of theproblem.

Theapplicationof HnormandHTnormto codedspeech
requiresthat the handsettype (CARB or ELEC) be deter-
minedfrom thecodedspeech.In theexperimentsbelow, the
handsettype for codedspeechwasdetectedusingGMMs
trainedfrom uncodedCARB andELEC speechwith a de-
tectionthresholdadjustedfor thecoderasin [12].

3.1. Test Conditions

Thereare threeplacesin the systemwherecodedspeech
maybeencountered:thetestdata,the targetspeaker train-
ing data,and the backgroundmodel training data. In the
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Figure4: Equal-Error-Ratesfor ConditionB (partially mis-
matched casewhere the background model and training
speech are codedandthetestingspeech is notcoded).

matchedcaseall of the speechis codedwhile in the mis-
matchedcasessomeof speechis codedwhile someof the
speechis not coded.For eachspeechcoder, therearefour
conditionsthat we testedandcomparedto a baselinecon-
dition in which no codingwasperformed.We describethe
conditionsin order of decreasingdegreeof matchingbe-
tweentrainingandtesting.

� Condition A: This is the fully matchedcasewhere
backgroundandtargetmodelsarederivedfromcoded
speechand the testdatais alsocoded. In this case
trainingandtestingspeecharecodedanda matching
codedUBM is available.

� Condition B: This is a partially mismatched case
wherethe UBM and target model arederived from
coded speechand the test data is from uncoded
speech.Sincethe uncodedtestmessagesarescored
againsttwo codedmodels,we expectperformanceto
decreaserelative to conditionA. In this casetraining
andtestingspeecharemismatchedbutaUBM match-
ing thetrainingspeechis available.

� Condition C: This is a partially mismatched case
wherethe UBM and target model arederived from
uncodedspeechand the test data is from coded
speech. Since the codedtest messagesare scored
againsttwo uncodedmodels,weexpectperformance
similar to conditionB. As in conditionB thetraining

 0

 5

10

15

20

E
E

R
 (

%
)

Speech Coder

NONE
GSM

G729
G723

MELP

Condition C

No Normalization
Hnorm
HTnorm

Figure5: Equal-Error-Ratesfor ConditionC (partially mis-
matchedcasewhere only the testspeech is codedand the
backgroundmodelandtrainingspeech arenotcoded).

andtestingspeecharemismatchedbutaUBM match-
ing thetrainingspeechis available.

� Condition D: This is the fully mismatched case
wherethebackgroundmodelis derivedfrom uncoded
speechandthe target modelsandtestdataarefrom
codedspeech.Thetestdatais thusscoredagainstone
modelderivedfrom codedspeech(thetargetspeaker
model)andonemodelderivedfrom uncodedspeech
(thebackgroundmodel);assuch,weexpecttheworst
performancefor thiscase.In thisconditionthetrain-
ing and testingspeechare matchedbut a matching
codedUBM is notavailable.

In eachcondition, the impostertest segmentsusedto
computeHnormparameterswerematchedto thetestspeech
segmentsandthe impostermodelsusedfor HTnorm were
trainedin the samemanneras the target speaker models.
For example,in conditionD, the test segmentsarecoded
and thereforethe impostertestsegmentsusedto compute
Hnormparametersarealsocoded.Likewise,in conditionD
thetargetmodelsaretrainedusingcodedspeechandaclean
speechUBM so the impostermodelsfor HTnormarealso
trainedfrom codedspeechanda cleanspeechUBM.

3.2. Matched Condition with Score Normalization

Speakerdetectionperformancefor thevariouscodersin the
fully matchedconditionis shown in Figure3. This is the
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Figure 6: Equal-Error-Ratesfor Condition D (fully mis-
matchedcasewhere training and testingspeech are coded
but thebackgroundmodelspeech wasnotcoded).

conditionwhereall training and testingspeecharecoded
anda matchingcodedUBM is used.Performanceis shown
in termsof theEqual-Error-Rate(EER)whichis theoperat-
ing pointwheretheprobabilitiesof missandfalsealarmare
equal. Speaker detectionperformancefor the GSM coder
is nearlyidenticalto theperformanceonuncodedtelephone
speechandthereis aslight increasein theEERasthecoder
bit rate (andspeechquality) decreases.The figure shows
that both Hnorm and HTnorm are as effective for coded
speechasthey arefor uncodedspeech,decreasingtheEER
about2-3%. This is trueevenfor G.723andMELP where
the handsetidentificationerror is roughly doublethe error
for uncodedspeech[12].

3.3. Mismatched Conditions

Speaker detectionperformancein the variousmismatched
conditionsis shown in Figures4, 5, and6. Thetrendsseen
herearesimilarto thematchedconditionwherebothHnorm
andHTnormsignificantlyimprovesystemperformance.In
thepartiallymismatchedconditions(B andC) HTnormap-
pearsto beaseffectiveasHnormis for thehigh-ratecoders
GSMandG.729,but for thelow-rateMELP coderHTnorm
is not aseffective asHnorm. In the fully mismatchedcon-
dition (D) theuseof scorenormalization(eitherHnormor
HTnorm)yieldsgreaterperformancegainsthatit doesin the
matched(A) or partiallymismatched(B andC) conditions.
It is alsonotablethatin thefully mismatchedconditionHT-
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Figure7: Equal-Error-Ratesfor all four conditions(A, B,
C, andD) with noscorenormalization.

normhassignificantlybetterperformancethanHnorm.
All of theconditions(A, B, C, andD) aredirectlycom-

paredwithout scorenormalizationin Figure7. The figure
shows that in conditionsA andB theperformanceis iden-
tical (exceptfor theMELP coder),in conditionC thereis a
slightperformancedrop,andin conditionD thereis a large
performancedrop. WhenHnorm is applied,as shown in
Figure8, conditionsA, B, andC have similar performance
but conditionD still shows a performancedrop. WhenHT-
normis used,asshown in Figure9, thereis little to no dif-
ferencebetweenthe four conditions,exceptfor theMELP
coderin conditionsB andC.

4. Summary

In thispaper, wedemonstratedthattheadaptedGMM-UBM
speaker recognitionsystemcanbeeffectively usedfor text-
independentspeaker detectionwhentelephonespeechhas
beencompressedusingcommonspeechcodingalgorithms.
Thereis only a slight increasein the EER for toll quality
speechcoders(GSMandG.729)ascomparedwith thebase-
line uncodedspeechandtheperformancelossfor lowerrate
speechcoders(G.723andMELP) is only slightly greater.
It was shown that scorenormalizationtechniquessuchas
Hnorm and HTnorm can be appliedto codedspeechand
thatbothscorenormalizationtechniquesareaseffective at
improvingsystemperformancefor codedspeechasthey are
for uncodedspeech.Overall, the effect of speechcoding
on the adaptedGMM-UBM speaker recognitionsystemis
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Figure8: Equal-Error-Ratesfor all four conditions(A, B,
C, andD) with Hnorm.

relatively benignundermostconditions.Althoughthereis
a significantperformanceloss if the speechusedto train
thebackgroundmodelwasnot processedthroughthesame
speechcoderasthe the speechusedto train speaker mod-
els(conditionD), thisperformancelosscanbeeliminatedif
HTnormis used.
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