
PhoneticSpeaker Recognitionwith Support
Vector Machines

W. M. Campbell, J. P. Campbell, D. A. Reynolds,D. A. Jones,and T. R. Leek
MIT Lincoln Laboratory
Lexington,MA 02420

wcampbell,jpc,dar,daj,tleek@ll.mit.edu

Abstract

A recentareaof signi�cant progressin speaker recognitionis the use
of high level features—idiolect,phoneticrelations,prosody, discourse
structure,etc. A speaker not only hasa distinctive acousticsoundbut
useslanguagein a characteristicmanner. Largecorporaof speechdata
availablein recentyearsallow experimentationwith long termstatistics
of phonepatterns,word patterns,etc.of an individual. We proposethe
useof supportvectormachinesandtermfrequency analysisof phonese-
quencesto modela given speaker. To this end,we explore techniques
for text categorizationappliedto the problem. We derive a new kernel
basedupona linearizationof likelihoodratio scoring. We introducea
new phone-basedSVM speaker recognitionapproachthathalvestheer-
ror rateof conventionalphone-basedapproaches.

1 Intr oduction

Weconsidertheproblemof text-independentspeakerveri�cation. Thatis, givenaclaimof
identityandavoicesample(whosetext contentis a priori unknown),determineif theclaim
is corrector incorrect.Traditionalspeakerrecognitionsystemsusefeaturesbaseduponthe
spectralcontent(e.g.,cepstralcoef�cients) of thespeech.Implicitly, thesesystemsmodel
thevocaltractandits associateddynamicsoverashorttimeperiod.Theseapproacheshave
beenquitesuccessful,see[1, 2].

Traditionalsystemshave several drawbacks. First, robustnessis an issuebecausechan-
nel effectscandramaticallychangethemeasuredacousticsof a particularindividual. For
instance,a systemrelying only on acousticsmight have dif�culty con�rming that an in-
dividual speakingon a land-line telephoneis the the sameasan individual speakingon
a cell phone[3]. Second,traditionalsystemsalsorely uponseeminglydifferentmethods
thanhumanlisteners[4]. Humanlistenersareawareof prosody, word choice,pronuncia-
tion, accent,andotherspeechhabits(laughs,etc.) whenrecognizingspeakers.Potentially
becauseof this useof higherlevel cues,humanlistenersarelessaffectedby variationin
channelandnoisetypesthanautomaticalgorithms.

An exciting areaof recentdevelopmentpioneeredby Doddington[5] is the useof “high
level” featuresfor speakerrecognition.In Doddington'sidiolectwork,wordN -gramsfrom
conversationswereusedto characterizea particularspeaker. More recentsystemshave
useda varietyof approachesinvolving phonesequences[6], pronunciationmodeling[7],



andprosody[8]. For this paper, we concentrateon the useof phonesequences[6]. The
processingfor this typeof systemusesacousticinformationto obtainsequencesof phones
for agivenconversationandthendiscardstheacousticwaveform.Thus,processingis done
at thelevel of terms(symbols)consistingof, for example,phonesor phoneN -grams.

Thispaperis organizedasfollows. In Section2,wediscusstheNIST extendeddataspeaker
recognitiontask. In Section3.1,we presenta methodfor obtaininga phonestream.Sec-
tion 3.2 shows the structureof the SVM phoneticspeaker recognitionsystem.Section4
discusseshow we constructa kernel for speaker recognitionusing term weighting tech-
niquesfor documentclassi�cation. We derive a new kernelbasedupona linearizationof
a likelihoodratio. Finally, Section5 shows theapplicationsof our methodsandillustrates
the dramaticimprovementin performancepossibleover standardphone-basedN -gram
speaker recognitionmethods.

2 The NIST extendeddata task

Experimentsfor thephone-basedspeaker recognitionexperimentswereperformedbased
upontheNIST 2003extendeddatatask[9]. Thecorpususedwasacombinationof phases
II andIII of theSwitchboard-2corpora[10].

Eachpotentialtrainingutterancein theNIST extendeddatataskconsistedof aconversation
side that was nominally of length 5 minutesrecordedover a land-line telephone.Each
conversationsideconsistedof a speaker having a conversationon a topic selectedby an
automaticoperator;conversationsweretypically betweenunfamiliar individuals.

For training and testing,a jacknife approachwas usedto increasethe numberof tests.
The datawas divided into 10 splits. For training, a given split containsspeakers to be
recognized(target speakers) and impostorspeakers; the remainingsplits could be used
to constructmodelsdescribingthe statisticsof the generalpopulation—a“background”
model.For example,whenconductingtestsonsplit 1, splits2-10couldbeusedto construct
a background.

Traininga speaker modelwasperformedby usingstatisticsfrom 1, 2, 4, 8, or 16 conver-
sationsides.This simulateda situationwherethesystemcoulduselongertermstatistics
andbecome“f amiliar” with theindividual; this longertermtrainingallows oneto explore
techniqueswhich might mimic morewhathumanlistenersperceive aboutan individual's
speechhabits.A largenumberof speakersandtestswereavailable;for instance,for 8 con-
versationtraining,739distincttargetspeakerswereusedand11; 171truetrialsand17; 736
falsetrials wereperformed.For additionalinformationon thetraining/testingstructurewe
referto theNIST extendeddatataskdescription[9].

3 Speaker Recognitionwith PhoneSequences

3.1 PhoneSequenceExtraction

Phonesequenceextraction for the speaker recognitionprocessis performedusing the
phonerecognitionsystem(PPRLM)designedby Zissman[11] for languageidenti�cation.
PPRLM usesa mel-frequency cepstralcoef�cient front endwith deltacoef�cients. Each
phoneis modeledin a gender-dependentcontext-independent(monophone)mannerusing
a three-statehiddenMarkov model(HMM). Phonerecognitionis performedwith aViterbi
searchusingafully connectednull-grammarnetwork of monophones;notethatnoexplicit
languagemodelis usedin thedecodingprocess.

The phonerecognitionsystemencompassedmultiple languages—English(EG), German
(GE),Japanese(JA), Mandarin(MA), andSpanish(SP).In earlierphoneticspeaker recog-



nition work [6], it wasfoundthat thesemultiple streamswereusefulfor improving accu-
racy. ThephonerecognizersweretrainedusingtheOGI multilanguagecorpuswhich had
beenhandlabeledby nativespeakers.

After a “raw” phonestreamwasobtainedfrom PPRLM, additionalprocessingwasper-
formedto increaserobustness.First,speechactivity detectionmarkswereusedto eliminate
phonesegmentswhereno speechwaspresent.Second,silencelabelsof durationgreater
than0:5 secondswerereplacedby “endstart”pairs.Theideain thiscaseis to capturesome
of thewaysin which a speaker interactswith others—doesthespeaker pausefrequently,
etc. Third, extraneoussilencewasremovedat thebeginningandendof theresultingseg-
ments.Finally, all phoneswith shortdurationwereremoved(lessthan3 frames).

3.2 PhoneticSVM System

Our systemfor speaker recognitionusingphonesequencesis shown in Figure1. Thesce-
nariofor its usageis asfollows. An individual makesa claim of identity. Thesystemthen
retrievestheSVM modelsof theclaimedidentity for eachof the languagesin thesystem.
Speechfrom theindividual is thencollected(atestutterance).A phonesequenceis derived
usingeachof thelanguagephonerecognizersandthenpost-processingis performedonthe
sequenceasdiscussedin Section3.1. After this step,thephonesequenceis vectorizedby
computingfrequenciesof N -grams—thisprocesswill bediscussedin Section4. We call
this termcalculationsincewe computetermtypes(unigram,bigram,etc.),termprobabili-
tiesandweightingsin this step[12]. This vectoris thenintroducedinto a SVM usingthe
speaker's modelin theappropriatelanguageanda scoreper languageis produced.Note
thatwe donot thresholdtheoutputof theSVM. Thesescoresarethenfusedusinga linear
weightingto producea �nal scorefor the testutterance.The�nal scoreis comparedto a
thresholdanda rejector acceptdecisionis madebaseduponwhetherthescorewasbelow
or abovethethreshold,respectively.

An interestingaspectof thesystemin Figure1 is that it usesmultiple streamsof phones
in differentlanguages.Thereareseveralreasonsfor this strategy. First, thesystemcanbe
usedwithout modi�cation for speakersin multiple languages.Second,althoughnot obvi-
ous,from experimentationwe show thatphonestreamsdifferentfrom the languagebeing
spokenprovidecomplimentaryinformationfor speaker recognition.That is, accuracy im-
proveswith theseadditionalsystems.A thirdpointis thatthesystemmayalsowork in other
languagesnot representedin thephonestreams.It is known that in thecaseof language
identi�cation, languagecharacterizationcanbeperformedevenif aphonerecognizeris not
availablein thatparticularlanguage[11].
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Figure1: Phoneticspeaker recognitionusingsupportvectormachines



Trainingfor thesystemin Figure1 is baseduponthestructureof theNIST extendeddata
corpus(seeSection2). Wetreateachconversationsidein thecorpusasa“document.” From
eachof theseconversationsideswe derive a single(sparse)vectorof weightedprobabili-
ties. To train a modelfor a givenspeaker, we usea one-versus-allstrategy. Thespeaker's
conversationsaretrainedto a SVM targetvalueof +1 . Theconversationssidesnot in the
currentsplit (seeSection2) areusedasabackground.Thatis, all conversationsidesnot in
thecurrentsplit areusedastheclassfor SVM targetvalueof � 1. Note that this strategy
ensuresthatspeakersthatareusedasimpostorsare“unseen”in thetrainingdata.

4 Kernel Construction

Possiblythe most importantaspectof the processof phoneticspeaker recognitionis the
selectionof thekernelfor theSVM. Of particularinterestis a kernelwhich will preserve
theidentitycuesaparticularindividualmightpresentin theirphonesequence.Wedescribe
two stepsfor kernelconstruction.

Our �rst stepof kernelconstructionis theselectionof probabilitiesto describethephone
stream.Wefollow theworkof [5, 6]. Thebasicideais to usea“bagof N -grams”approach.
For a phonesequence,we produceN -gramsby thestandardtransformationof thestream;
e.g., for bigrams(2-grams)the sequenceof phones,t1, t2, ..., tn , is transformedto the
sequenceof bigramsof phonest1 t2, t2 t3, ..., tn � 1 tn . We then�nd probabilitiesof N -
gramswith N �x ed.Thatis, supposeweareconsideringunigramsandbigramsof phones,
andthe uniqueunigramsandbigramsaredesignatedd1, ..., dM andd1 d1, ... dM dM ,
respectively; thenwe calculateprobabilitiesandjoint probabilities

p(di ) =
#( tk = di )P
k #( tk = dk )

p(di dj ) =
#( tk t l = di dj )

P
k ;l #( t i t j = dk dl )

(1)

where#( tk = di ) indicatesthenumberof phonesin theconversationsideequalto di , and
ananalogousde�nition is usedfor bigrams.Theseprobabilitiesthenbecomeentriesin a
vectorv describingtheconversationside

v = [p(d1) : : : p(dM ) p(d1 d1) : : : p(dM dM )]t : (2)

In general,thevectorv will besparsesincetheconversationsidewill not containall po-
tentialunigrams,bigrams,etc.

A secondstepof kernel constructionis the selectionof the “documentcomponent”of
termweightingfor theentriesof thevectorv in (2) andthenormalizationof theresulting
vector. By term weightingwe meanthat for eachentry, vi , of the vectorv , we multiply
by a “collection” (or background)component,wi , for that entry. We tried two distinct
approachesfor termweighting.

TFIDF weighting. The �rst is baseduponthestandardTFIDF approach[12, 13]. From
the backgroundsectionof the corpuswe computethe frequency of a particularN -gram
usingconversationsidesastheitemanalogousto adocument.I.e., if we let DF (t i ) bethe
numberof conversationsideswhereaparticularN -gram,t i , is observed,thenourresulting
term-weightedvectorhasentries

vi log
�

# of conversationsidesin background
DF (t i )

�
: (3)

Wefollow theweightingin (3) by anormalizationof thevectorto unit lengthx 7! x=kxk2.



Log-lik elihood ratio weighting. An alternatemethodof termweightingmaybederived
usingthefollowing strategy. Supposethatwe have two conversationsidesfrom speakers,
spk1 andspk2. Furthersupposethat thesequenceof N -grams(for �x edN ) in eachcon-
versationside is t1,t2, ..., tn andu1, u2, ..., um respectively. We denotethe uniqueset
of N -gramsasd1, ..., dM . We canbuild a “model” basedupontheconversationsidesfor
eachspeaker consistingof theprobabilityof N -grams,p(di jspkj ). We thencomputethe
likelihoodratio of the �rst conversationsideasis standardin veri�cation problems[1]; a
linearizationof thelikelihoodratiocomputationwill serveasthekernel.Proceeding,

p(t1; t2; : : : ; tn jspk2)
p(t1; : : : ; tn jbackground)

=
nY

i =1

p(t i jspk2)
p(t i jbackground)

(4)

wherewe have madetheassumptionthat theprobabilitiesareindependent.We thencon-
siderthelog of thelikelihoodrationormalizedby thenumberof observations,

score=
1
n

nX

i =1

log
�

p(t i jspk2)
p(t i jbackground)

�

=
MX

j =1

#( t i = dj )
n

log
�

p(dj jspk2)
p(dj jbackground)

�

=
MX

j =1

p(dj jspk1) log
�

p(dj jspk2)
p(dj jbackground)

�
:

(5)

If we now “linearize” thelog functionin (5) by usinglog(x) � x � 1, we get

score�
MX

j =1

p(dj jspk1)
p(dj jspk2)

p(dj jbackground)
�

MX

j =1

p(dj jspk1)

=
MX

j =1

p(dj jspk1)
p(dj jspk2)

p(dj jbackground)
� 1

=
MX

j =1

p(dj jspk1)
p

p(dj jbackground)

p(dj jspk2)
p

p(dj jbackground)
� 1

(6)

Thus,(6) suggestsweuseatermweightinggivenby 1=
p

p(dj jbackground). Notethatthe
strategy usedfor constructinga kernelis partof a generalprocessof �nding kernelsbased
upontrainingononeinstanceandtestinguponanotherinstance[2].

5 Experiments

ExperimentswereperformedusingtheNIST extendeddatatask“v1” lists (which encom-
passtheentireSwitchboard2 phaseII andIII corpora).Testswereperformedfor 1, 2, 4, 8,
and16trainingconversations.ScoringwasperformedusingtheSVM systemshown in Fig-
ure1. Fivelanguagephonerecognizerswereused—English(EG),German(GE),Japanese
(JA), Mandarin(MA), andSpanish(SP).Theresultingphonesequenceswerevectorizedas
unigramandbigramprobabilities(2). Both thestandardTFIDF termweighting(3) andthe
log-likelihoodratio (TFLLR) term weighting(6) methodswereused.We notethatwhen
a termdid not appearin thebackground,it wasignoredin trainingandscoring. A linear
kernelwasusedx � y + 1 to comparethevectorsof termweights.Trainingwasperformed
usingtheSVMTorchpackage[14] with c = 1. Comparisonsof performancefor different
strategiesweretypically donewith 8 conversationtrainingandEnglishphonestreamssince
thesewererepresentativeof overallperformance.



Table1: Comparisonof differenttermweightingstrategies,Englishonly scores,8 conver-
sationtraining

TermWeightingMethod EER
TFIDF 7.4%
TFLLR 5.2%

Resultswerecomparedvia equalerrorrates(EERs)—theerrorat thethresholdwhichpro-
ducesequalmissand falsealarmprobabilities,Pmiss = Pfa . Table1 shows the results
for two differentweightings,TFIDF (3) andTFLLR (6), usingEnglishphonesonly and8
trainingconversations.Thetableillustratesthatthenew TFLLR weightingmethodis more
effective.Thismaybedueto thefacttheIDF is too“smooth”;e.g.,for unigrams,theIDF is
approximately1 sincea unigramalmostalwaysappearsin a given5 minuteconversation.
Also, alternatemethodsof calculatingtheTF componentof TFIDF havenotbeenexplored
andmayyield gainscomparedto our formulation.

We next consideredthe effect on performanceof the languageof the phonestreamfor
the 8 conversationtraining case.Figure2 shows a DET plot (a ROC plot with a special
scale[15]) with resultscorrespondingto the5 languagephonestreams.Thebestperform-
ing systemin the�gure is anequalfusionof all scoresfrom theSVM outputsfor eachlan-
guageandhasanEERof 3:5%; otherfusionweightingswerenot exploredin detail. Note
thatthebestperforminglanguageis English,asexpected.Note,though,aswe indicatedin
Section3.1thatotherlanguagesdoprovidesigni�cant speaker recognitioninformation.
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Figure2: DET plot for the8 conversationtrainingcasewith varyinglanguagesandTFLLR
weighting.Theplot showsin orderof increasingEER—fusedscores,EG,MA, GE,JA, SP



Table2: Comparisonof equalerrorrates(EERs)for differentconversationtraininglengths
usingtheTFLLR phoneticSVM andthestandardlog likelihoodratio (LLR) method

# Training SVM EER LLR EER SVM EER
Conversations Reduction

1 13.4% 21.8% 38%
2 8.6% 14.9% 42%
4 5.3% 10.3% 49%
8 3.5% 8.8% 60%
16 2.5% 8.3% 70%
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Figure3: DET plot for 8 conversationtrainingshowing acomparisonof theSVM approach
(solid line) to thestandardlog likelihoodratio approachusingbigrams(dash-dotline) and
thestandardlog likelihoodratioapproachusingtrigrams(dashedline)

Table2 showstheeffectof differenttrainingconversationlengthsontheEER.As expected,
moretrainingdataleadsto lowererrorrates.We alsoseethatevenfor 1 trainingconversa-
tion, theSVM systemprovidessigni�cant speakercharacterizationability. Figure3 shows
DET plots comparingthe performanceof the standardlog likelihoodratio method[6] to
our new SVM methodusingtheTFLLR weighting.We show log likelihoodresultsbased
on bothbigramsandtrigrams;in addition,a slightly morecomplex modelinvolving dis-
countingof probabilitiesis used.Onecanseethe dramaticreductionin error, especially
apparentfor low falsealarmprobabilities.TheEERsof thestandardsystemare8:8% (tri-
grams,seeTable2) and10:4%(bigrams),whereasournew SVM systemproducesanEER
of 3:5%; thus,wehavereducedtheerrorrateby 60%.



6 Conclusionsand futur e work

An exciting new applicationof SVMs to speaker recognitionwasshown. By computing
frequenciesof phonesin conversations,speaker characterizationwasperformed. A new
kernelwasintroducedbasedon the standardmethodof log likelihoodratio scoring. The
resultingSVM methodreducederrorratesdramaticallyoverstandardtechniques.
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