PhoneticSpealer 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,dadaj,tleek@Il.mit.edu

Abstract

A recentareaof signi cant progressin spealer recognitionis the use
of high level features—idiolectphoneticrelations,prosody discourse
structure,etc. A spealer not only hasa distinctive acousticsoundbut
useslanguagen a characteristiananner Large corporaof speechdata
availablein recentyearsallow experimentatiorwith long term statistics
of phonepatternsword patternsetc. of anindividual. We proposethe
useof supportvectormachinesandtermfrequeng analysisof phonese-
quencedo modela given spealer. To this end,we explore techniques
for text categorizationappliedto the problem. We derive a new kernel
basedupona linearizationof likelihood ratio scoring. We introducea
new phone-base&VM spealer recognitionapproactthathalvesthe er
ror rateof corventionalphone-basedpproaches.

1 Intr oduction

We consideithe problemof text-independenspealer veri cation. Thatis, givena claim of
identity andavoicesamplgwhosetext contents a priori unknavn), determinef theclaim
is corrector incorrect. Traditionalspealerrecognitionsystemsisefeaturesbaseduponthe
spectralcontent(e.g.,cepstralcoefcients) of the speechimplicitly, thesesystemsnodel
thevocaltractandits associatedynamicsoverashorttime period. Theseapproachebave
beenquitesuccessfulseg[1, 2].

Traditional systemshave several drawbacks. First, robustnesds an issuebecausehan-
nel effectscandramaticallychangethe measuredcousticof a particularindividual. For
instancea systemrelying only on acousticamight have dif culty con rming thatanin-
dividual speakingon a land-linetelephones the the sameas an individual speakingon
acell phone[3]. Secondjraditionalsystemsalsorely uponseeminglydifferentmethods
thanhumanlisteners[4]. Humanlistenersareawareof prosody word choice,pronuncia-
tion, accentandotherspeechabits(laughs.etc.) whenrecognizingspealers. Potentially
becausef this useof higherlevel cues,humanlistenersarelessaffectedby variationin
channelndnoisetypesthanautomaticalgorithms.

An exciting areaof recentdevelopmentpioneeredby Doddington[5] is the useof “high
level” featuredor spealerrecognition.In Doddingtonsidiolectwork, word N -gramsfrom
corversationswere usedto characterizea particularspealer. More recentsystemshave
useda variety of approachefvolving phonesequencef6], pronunciatiormodeling[7],



andprosody[8]. For this paper we concentraten the useof phonesequencef6]. The
processindor thistype of systemusesacoustianformationto obtainsequencesf phones
for agivencorversatiorandthendiscardgheacoustiovaveform. Thus,processings done
atthelevel of terms(symbols)consistingof, for example,phonesor phoneN -grams.

Thispaperis organizedasfollows. In Section?, we discusgheNIST extendeddataspealer
recognitiontask. In Section3.1, we presenta methodfor obtaininga phonestream.Sec-
tion 3.2 shaws the structureof the SVM phoneticspealer recognitionsystem. Section4
discussediow we constructa kernelfor spealer recognitionusing term weightingtech-
niquesfor documentclassi cation. We derive a new kernelbasedupona linearizationof
alikelihoodratio. Finally, Section5 shavs the applicationsof our methodsandillustrates
the dramaticimprovementin performancepossibleover standardphone-based -gram
spealer recognitionmethods.

2 The NIST extendeddata task

Experimentdor the phone-basedpealer recognitionexperimentswvere performedbased
upontheNIST 2003extendeddatatask[9]. The corpususedwasacombinationof phases
Il andlll of the Switchboard-Zorpora[10].

Eachpotentialtrainingutterancen the NIST extendeddatataskconsistedf acorversation
side that was nominally of length5 minutesrecordedover a land-line telephone. Each
corversationside consistedof a spealer having a corversationon a topic selectedby an
automaticoperator,conversationsveretypically betweerunfamiliar individuals.

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

Training a spealer modelwasperformedby usingstatisticsfrom 1, 2, 4, 8, or 16 corver

sationsides. This simulateda situationwherethe systemcould uselongerterm statistics
andbecome'familiar” with theindividual; this longertermtraining allows oneto explore
techniquesvhich might mimic morewhathumanlistenersperceve aboutan individual's

speecthabits.A largenumberof spealersandtestswereavailable;for instancefor 8 con-

versatiortraining, 739distincttargetspealerswereusedandll; 17 1ltruetrialsand17; 736
falsetrials wereperformed.For additionalinformationon the training/testingstructurewe

referto theNIST extendeddatataskdescription9].

3 Spealer Recognitionwith PhoneSequences

3.1 PhoneSequenceExtraction

Phonesequencesxtraction for the spealer recognitionprocessis performedusing the
phonerecognitionsystem(PPRLM)designedy Zissman11] for languagedenti cation.
PPRLM usesa mel-frequenyg cepstralcoefcient front endwith deltacoefcients. Each
phoneis modeledin a genderdependentontet-independenfmonophonejmannerusing
athree-statdiddenMarkov model(HMM). Phonerecognitionis performedwith a Viterbi
searctusingafully connectedull-grammametwork of monophonesjotethatno explicit
languagemodelis usedin thedecodingprocess.

The phonerecognitionsystemencompasserthultiple languages—EnglisEG), German
(GE),JapanesglA), Mandarin(MA), andSpanish(SP).In earlierphoneticspealer recog-



nition work [6], it wasfound thatthesemultiple streamswereusefulfor improving accu-
ragy. Thephonerecognizersveretrainedusingthe OGI multilanguagecorpuswhich had
beenhandlabeledby native spealers.

After a “raw” phonestreamwas obtainedfrom PPRLM, additionalprocessingvas per

formedto increaseobustnessFirst, speectactiity detectiormarkswereusedo eliminate
phonesegmentswhereno speechwaspresent.Secondsilencelabelsof durationgreater
than0:5 secondsverereplaceddy “end start” pairs. Theideain this casds to capturesome
of thewaysin which a spealer interactswith others—doeshe spealer pausefrequently

etc. Third, extraneoussilencewasremoved at the beginningandendof the resultingseg-

ments.Finally, all phoneswith shortdurationwereremoved(lessthan3 frames).

3.2 PhoneticSVM System

Our systemfor spealer recognitionusingphonesequences shavn in Figurel. Thesce-
nariofor its usagds asfollows. An individual makesa claim of identity. The systemthen
retrievesthe SVM modelsof the claimedidentity for eachof the languagesn the system.
SpeecHrom theindividualis thencollected(atestutterance) A phonesequencés derived

usingeachof thelanguagghonerecognizerandthenpost-processinig performedonthe

sequencasdiscussedn Section3.1. After this step,the phonesequencés vectorizedby

computingfrequencieof N -grams—thigorocesswill be discussedn Section4. We call

this term calculationsincewe computetermtypes(unigram bigram,etc.),term probabili-
tiesandweightingsin this step[12]. This vectoris thenintroducedinto a SVM usingthe
spealer's modelin the appropriatdanguageanda scoreper languageas produced.Note
thatwe do notthresholdthe outputof the SVM. Thesescoresarethenfusedusingalinear
weightingto producea nal scorefor the testutterance.The nal scoreis comparedo a
thresholdandarejector acceptdecisionis madebaseduponwhetherthe scorewasbelow

or aborethethresholdrespectiely.

An interestingaspeciof the systemin Figurel is thatit usesmultiple streamsof phones
in differentlanguagesThereareseveralreasondor this stratey. First,the systemcanbe
usedwithout modi cation for spealersin multiple languagesSecondalthoughnot obvi-
ous,from experimentatiorwe shav that phonestreamdifferentfrom the languagebeing
spoken provide complimentaryinformationfor spealer recognition.Thatis, accurag im-
proveswith theseadditionalsystemsaA third pointis thatthesystemmayalsowork in other
languagesot representeih the phonestreams.It is known thatin the caseof language
identi cation, languagecharacterizatioganbe performedevenif aphonerecognizeis not
availablein thatparticularlanguagg11].
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Figurel: Phoneticspealer recognitionusingsupportvectormachines



Trainingfor the systemin Figurel is baseduponthe structureof the NIST extendeddata
corpugseeSection?). Wetreateachcorversatiorsidein thecorpusasa“document. From
eachof thesecorversationsideswe derive a single (sparse)ectorof weightedprobabili-
ties. To train a modelfor a givenspealer, we usea one-\ersus-alkstratgy. The spealer's
corversationaretrainedto a SVM targetvalueof +1. The corversationsidesnotin the
currentsplit (seeSection?) areusedasa backgroundThatis, all corversatiorsidesnotin

the currentsplit areusedasthe classfor SVM targetvalueof 1. Note thatthis strateyy
ensureshatspealersthatareusedasimpostorsare“unseen”in thetrainingdata.

4 Kernel Construction

Possiblythe mostimportantaspectof the processof phoneticspealer recognitionis the

selectionof the kernelfor the SVM. Of particularinterestis a kernelwhich will presere

theidentity cuesa particularindividual might presentn theirphonesequenceWe describe
two stepsfor kernelconstruction.

Our rst stepof kernelconstructioris the selectionof probabilitiesto describethe phone
stream Wefollow thework of [5, 6]. Thebasicideais to usea“bagof N -grams”approach.
For aphonesequencewe produceN -gramsby the standardransformatiorof the stream;
e.g., for bigrams(2-grams)the sequencef phonesty, t,, ..., t,, is transformedo the
sequencef bigramsof phoned; _t,, to_ts, ...,tn 1-tn. Wethen nd probabilitiesof N -

gramswith N x ed. Thatis, supposeve areconsideringunigramsandbigramsof phones,
andthe uniqueunigramsand bigramsare designatedl, ..., dy andd;_dj, ... dy _dw,

respectiely; thenwe calculateprobabilitiesandjoint probabilities

) = #(tx = d)
p(dl) K #( tk = dk) (1)
p(di_d;) = P #( tety = di_dj)

ki #( tit) = di-dp)

where#( tx = d;) indicateshe numberof phonesn the corversatiorsideequalto d;, and
ananalogoudgle nition is usedfor bigrams. Theseprobabilitiesthenbecomeentriesin a
vectorv describingthe corversatiorside

v=1[p(di) ::: p(dw) p(di-di) ::i p(dw -dw)]': 2)

In generalthevectorv will be sparsesincethe corversationsidewill not containall po-
tentialunigramspigramsetc.

A secondstep of kernel constructionis the selectionof the “documentcomponent”of
termweightingfor the entriesof the vectorv in (2) andthe normalizationof the resulting
vector By termweightingwe meanthat for eachentry; v;, of the vectorv, we multiply
by a “collection” (or background)}componentw;, for that entry. We tried two distinct
approachefor termweighting.

TFIDF weighting. The rst is baseduponthe standardl FIDF approacH12, 13]. From
the backgroundsectionof the corpuswe computethe frequeng of a particularN -gram
usingcorversationsidesastheitem analogoud¢o adocumentl.e.,if weletDF (t;) bethe
numberof corversatiorsideswherea particularN -gram,t; , is obsened,thenourresulting
term-weightedrectorhasentries

# of conversation sidesin background

DF (1) 3

v; log

We follow theweightingin (3) by anormalizatiorof thevectorto unitlengthx 7! x=kxks.



Log-likelihood ratio weighting. An alternatemethodof termweightingmay be derived
usingthefollowing stratgy. Supposehatwe have two corversationsidesfrom spealers,
spk; andspk,. Furthersupposehatthe sequencef N -grams(for x edN) in eachcon-
versationsideis ty,t2, ..., tn andus, uy, ..., uy respectiely. We denotethe uniqueset
of N -gramsasd;, ..., dy . We canbuild a“model” baseduponthe corversationsidesfor
eachspealer consistingof the probability of N -grams,p(dijspk; ). We thencomputethe
likelihoodratio of the rst corversationsideasis standardn veri cation problems[1]; a
linearizationof thelik elihoodratio computatiorwill sene asthekernel.Proceeding,

p(ta;ta;:::tajspky) Y p(tijspk)

(4)

wherewe have madethe assumptiorthatthe probabilitiesareindependentWe thencon-
siderthelog of thelik elihoodratio normalizedby the numberof obsenations,

1 X p(tijspks)

seore= o - log p(ti jpbackground)
X o#mti=d), p(d) jspky)
n p(d; jbadkground) )

=1

p(d; jspka)
p(d; jbadkground)

XA -
= p(d; jspk;) log
j=1

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

b

score p(d; jspky) P(d jspk;)
1

p(d jbackground) P(d; jspky)

p(d; jspky) ®)
p(d; jbadkground)

= p(d; jspk;)
1

Ao pdispk)  p(diispky)
i1 i p(d; jbackground) v p(d; jbackground)

Thus,(6) suggestsve useatermweightinggivenby 1=p p(d; jpadkground). Notethatthe
stratgy usedfor constructinga kernelis partof ageneraprocesof nding kernelsbased
upontrainingon oneinstanceandtestinguponanotherinstancg?2].

5 Experiments

Experimentsvereperformedusingthe NIST extendeddatatask“v1” lists (which encom-
pasgheentireSwitchboard phasdl andlll corpora).Testswereperformedor 1, 2, 4, 8,
andl6trainingcorversationsScoringwasperformedusingthe SVM systenmshavnin Fig-
urel. Fivelanguagephonerecognizersvereused—EnglisfEG), GermanGE), Japanese
(JA), Mandarin(MA), andSpanishSP).Theresultingphonesequencewerevectorizedas
unigramandbigramprobabilities(2). Boththestandardr FIDF termweighting(3) andthe
log-likelihoodratio (TFLLR) term weighting (6) methodswereused. We notethatwhen
atermdid not appeaiin the backgroundjt wasignoredin training andscoring. A linear
kernelwasusedx y + 1tocomparehevectorsof termweights.Trainingwasperformed
usingthe SVMTorchpackagg14] with ¢ = 1. Comparison®f performancdor different
stratgiesweretypically donewith 8 conversatiortrainingandEnglishphonestreamsince
thesewererepresentatie of overall performance.



Tablel1: Comparisorof differenttermweightingstrateies,Englishonly scores8 corver-
sationtraining

TermWeightingMethod | EER
TFIDF 7.4%
TFLLR 5.2%

Resultswverecomparedsia equalerrorrates(EERs)—theerroratthe thresholdwhich pro-
ducesequalmiss andfalsealarm probabilities,Pmiss = P:a. Table 1l shows the results
for two differentweightings, TFIDF (3) andTFLLR (6), using Englishphonesonly and8

trainingcorversationsThetableillustratesthatthe new TFLLR weightingmethodis more
effective. Thismaybedueto thefacttheIDF is too“smooth”; e.g.,for unigramsthelDF is

approximatelyl sincea unigramalmostalwaysappearsn a given5 minute corversation.
Also, alternatenethodsf calculatingthe TF componenbdf TFIDF have notbeenexplored
andmayyield gainscomparedo our formulation.

We next consideredhe effect on performanceof the languageof the phonestreamfor

the 8 corversationtraining case. Figure 2 shavs a DET plot (a ROC plot with a special
scale[15]) with resultscorrespondingo the 5 languagephonestreams The bestperform-
ing systemin the gure is anequalfusionof all scoredrom the SVM outputsfor eachlan-
guageandhasan EER of 3:5%; otherfusionweightingswerenot exploredin detail. Note
thatthe bestperforminglanguages English,asexpected Note,though,aswe indicatedin

Section3.1thatotherlanguageslo provide signi cant spealer recognitioninformation.
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Figure2: DET plot for the8 corversatiortrainingcasewith varyinglanguagesndTFLLR
weighting. Theplot showvsin orderof increasingeER—fusedscoreseG, MA, GE,JA, SP



Table2: Comparisorof equalerrorrates(EERSs)for differentcorversatiortraininglengths
usingthe TFLLR phoneticSVM andthe standardog likelihoodratio (LLR) method

# Training SVMEER | LLR EER | SVM EER
Corversations 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 corversatiortrainingshoving acomparisorof the SVM approach
(solid line) to the standardog lik elihoodratio approachusingbigrams(dash-dotine) and
the standardog lik elihoodratio approactusingtrigrams(dashedine)

Table2 shavstheeffectof differenttrainingcorversationengthsontheEER.As expected,
moretraining dataleadsto lower errorrates.We alsoseethatevenfor 1 trainingcorversa-
tion, the SVM systenmprovidessigni cant spealercharacterizatioability. Figure3 shows
DET plots comparingthe performanceof the standardog likelihoodratio method[6] to
our new SVM methodusingthe TFLLR weighting. We show log likelihoodresultsbased
on both bigramsandtrigrams;in addition,a slightly more comple< modelinvolving dis-
countingof probabilitiesis used. One canseethe dramaticreductionin error, especially
apparenfor low falsealarmprobabilities. The EERsof the standardsystemare 8:8% (tri-
grams seeTable2) and10:4% (bigrams) wherea®ur new SVM systenmproducesanEER
of 3:5%; thus,we have reducedhe errorrateby 60%



6 Conclusionsand futur e work

An exciting new applicationof SVMs to spealer recognitionwas shaovn. By computing
frequencieof phonesin corversationsspealer characterizatiomwas performed. A new
kernelwasintroducedbasedon the standardnethodof log likelihoodratio scoring. The
resultingSVM methodreducederrorratesdramaticallyover standardechniques.
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