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ABSTRACT

In thispaperwe presentfirstapproacho build anau-
tomaticsystentfor broadcashewsspeaketasedseg-
mentation. Basedon a Chop-and-Recluster method,
this systemis developedin the framework of the
THISL project. A metric-basegegmentatiolis used
for the Chop procedureand differentdistanceshave
beeninvestigatedTheRecluster procedureaeliesona
bottom-up clusteringof segmentsbtainedeforehand
andrepresentelly non-parametrimmodels.Varioushi-
erarchicaklusteringschemesavebeentested.Some
experiment®n BBC broadcashewsrecordingshow
that the systemcan detectreal speakerchangeswith
highaccuracymeanerror~ 0.7s)andfair falsealarm
rate (meanfalsealarmrate~ 5.5%). The Recluster
procedurecanproducehomogeneouslustersbutit is
not alreadyrobustenoughto tackletoo complexclas-
sificationtasks.

1. INTRODUCTION

THISL (THematicIndexingof SpokenLanguage) is
anESPRITLong Term Researclprojectthatis inves-
tigatingthedevelopmenof anews-on-demansystem
usingspeechrecognitionnaturallanguageprocessing
andtext retrieval. The main goal is to build a sys-
temfor aBBC newsroomapplication broadcashews
recordingsaredaily recognizedandtranscriptionsare
indexedfor laterinformationretrieval[1, 2]. Accord-
ing to the requirement®f the BBC, the main indus-
trial advisorof the project,theretrievalengineshould
beableto returntheidentity of the speakersvithin the
sectionswhich correspondo any querysubmittedto
thesystem.Thus,theinputaudiostreanthatis recog-
nizedshouldbe also segmentedccordingto speaker
identity.

Automaticsegmentatioof anaudiostreamis fre-
guentlyintroducedas an efficient methodto improve
performance®f adaptativespeechrecognizers.The
problemof acousticsegmentatiomasbeenoften ad-
dressedor a few years[7, 8, 11, 5, 6, 9] : it con-
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Figure 1: Chop-and-Recluster algorithm for speaker
tracking in audio material.

sistsin clusteringaudio segmentsnto homogeneous
clustersaccordingo speakeidentity, backgrounaon-
ditions (e.g., cleanspeechor noisy speech)or chan-
nel conditions(e.g., microphonespeechor telephone
speech).In the frameworkof the THISL project,we
are primarily concernedby identifying eachspeaker
individually every time he/shespeakswithin a pro-
gram. Speakertracking can broadly be definedas
segmentin@ndlabellinga spokenaudiostreamasso-
ciatedwith an unknownnumberof unknownspeak-
ers into homogeneousegionsaccordingto speaker
identity. In practice, “speakel meansa speaker
with constanbackgroundandchannekonditions be-
causeacousticchangeslo not necessarilycorrespond
to speakerchanges. If acousticchangesin broad-
castnewsprogrammese.g.,changegrom microphone
speecho telephonespeechchangdrom cleanspeech
to noisyspeech)naybecluesof speakechangesthey
canalso be very confusingfor a segmentatioralgo-
rithm basedon acousticfeatures.On the otherhand,
it is hardto discriminatebetweertwo speakerd their
acoustideaturesaretoo similar.

Various schemeshave alreadybeen proposedto
performautomaticcegmentationf anaudiostreamac-
cordingto speakeridentity. Thesealgorithmsaregen-
erallybasedbna Chop or splitting procedurdollowed
by a Recluster or merging procedure Therearemany
approacheto detectacousticspeakerchangesasre-
portedin [6] :



Decoder-based splitting. The segmentsboundaries
are set accordingto information provided by
a recognizerwhich decodeghe spokenaudio
streamatfirst (e.g.,possiblespeakechangesre
ateverysilencelocations).

Model-based splitting. If speakemodelsaretrained
beforehandor everyspeakerthe audiostream
canbeparsedn termsof thesemodels.Speaker
changes are identified as model decision
changes.

Metric-based splitting. The speaker changes are
found at maximaof a distancesignalmeasured
betweentwo contiguousvindowsshiftedalong
thespeectsignal.

The first methodis really unadaptedo our problem,
while the seconds unpraticalsinceno speakemod-

elsareavailablea priori. Thus,we decidedto imple-

mentthethird one. An acousticdistancels computed
for everypairof windowsalongthespeectsignal. The

peaksaredetectedhanksto atwo thresholdsriterion

. onethresholdor minimumpeakvalueandanotheto

avoidtoo closechanges.

Oncesegmentareavailable theyaregroupednto
clusterswhose membersare hopefully as similar as
possible. As describedn [8], many clusteringalgo-
rithmsmaybeimplementedyaryingfrom agglomera-
tive methodgo divisive methods Only resultsfor ag-
glomerativemethodsare presentedhn this paper One
major problemof all theseclusteringschemess the
stopcriterion. For the THISL problem,it is assumed
thatthe numberof speakerss knownfor eachbroad-
castnewsprogrammeThus,themergingprocesssre-
peatedintil thenumbemf groupss equalo theknown
numberof speakersThen,the elementof suchapar
tition canbe hand-labelledvith the true nameof the
speakerandthisinformationcouldenrichtheindexed
database.

Thispapeiis organizedasfollows: in sectior2, we
describehe segmentatiomlgorithm(i.e., the Chop or
splitting procedureandthe Recluster or merging pro-
cedure);in section3, someresultsare given for ex-
perimentgperformedo showtheeffectivenes®f both
proceduresor radiobroadcashewsbulletinsprovided
by BBC. A full integratedsystemis testedandperfor
mancesare discussed.In section4, we compareour
systenwith previousworksandproposesomepossible
improvementso ourfirst approachn orderto achieve
moreefficiencyandrobustness.

2. PROPOSED ALGORITHM

Thealgorithmproposedn this paperestsonametric-
based splittingtechniquewhichwasconsideredsthe
easiesbneto implementin our first approacho the
speakertracking problem. After splitting, a hierar
chical clustering,also called bottom-up clusteringis
usedto meme similar segmentsnto desiredclusters.

As depictedn Figurel, bothproceduresirebasecn
acousticfeatureswhich are Mel-warpedcepstraffea-
tures.

2.1. Splitting Procedure

First, the speechsignal is expressedin terms of
acousticfeaturevectors. As classicallyfor metric-
basedsplitting method the speakechangesrefound
at maxima of an acousticdistancesignal measured
betweentwo neighboringwindowswhich are shifted
along the speechsignal. Considerthe two collec-
tions of featurevectorsV! = {vt},—; . x and
V" = {v}, }r=1,.. k CONtainingrespectivelythe fea-
turevectordromtheleft windowandtherightwindow
aroundthe discretetime wherethe distanceis mea-
sured.As previouslyproposedn [4], aK-means clus-
tering is first performedover eachvector collection.
Membersof eachclusterareassumetb bedrawnfrom
amultivariateGaussialistribution: V! ~ N(it, %)
andV] ~ N(p},%7) wherei and; aretheclusterin-
dexedor eachwindow. After estimatinghemeancol-
umnvector(g;, 17) andthefull covariancenatrix (%4,
¥7) for everyclusterin bothwindows,theacoustidalis-
tancebetweenthe two collectionsof distributionsis
computedasfollows :
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whered, d'" andd denoterespectivelya clusterdis-
tancebetweerthe Gaussiarclusteri from theleft win-
dow and the Gaussiarclusterj from the right win-
dow, a clusterdistancebasedon a single Gaussian
clusterfor eachwindow, andthe meanof the previ-
ous defineddistanceover all pairsof windows. Ac-
tually, the so-calledclusterdistanceis a distancebe-
tweentwo n-dimensionaGaussiaristributions.Sev-
eralclusterdistancedavebeentestedike in [3] : the
Kullback-Leibler (2) and the Bhattacharyya3) dis-
tancedf full covariancematricesareassumedor the
Mahalanobig4), the Euclidian(5) andthe L2 (6) dis-
tancesf diagonalmatricesareassumedThedistance
d*? betweentwo GaussiardistributionsN1(ji1,31)
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A closed-formexpressiorexistsfor thedistancegiven
by (6) if GaussiartistributionsareassumedNamely
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Oncetheacoustiadistancg1l) hasbeencomputed
for everypair of windows, it is processedo find rel-
evantmaximaaccordingto atwo threshold<riterion.
Thefirst thresholdcorrespond$o the minimumvalue
for detectinga peak. Thesecondhresholdguarantees
a minimum delay betweentwo consecutivechanges
andallowsto eliminateadjacentthangeghataretoo
close: only peakscorrespondingo the highestval-
uesarekeptwhile all otherpeakswithin thethreshold
aroundthesemaximaarediscarded.

To justify the useof K-means clusteringovereach
window before estimatingthe acousticdistance,one
may suggesthat the clusteringwill increasethe dis-
criminant power of the distance. For example(Fig-
ure2), we observahattheexistingpeaksarestrength-
enedif the methodwith K-means clusteringis used.
Moreover some peaks at no-changelocations are
lessdisturbingfor the peakdetector Unfortunately
clusteringthe feature vectors before computingthe
acousticdistances very time-consuming.This com-
putationalburdendependson the numberof clusters
which shouldbe chosenjudiciously. In orderto fas-
tenthis clusteringthecentroidsof thecurrentanalysis
window areinitialized with the centroidsof the previ-
ousanalysiswindow. Working like this, we hopethat
strongadaptatior{i.e., CPU-consumingdaptationpf
thecentroidss needednly whenthereis asignificant
acousticchange.

2.2. Merging Procedure

Oncean audiotrack hasbeenchoppedinto speaker
constantsegments,a hierarchicalclusteringis per
formedoverthesegments = {s;,s,,...,sz} which
aredescribedy theiracoustideatures At eachstepof
this agglomerativeclustering thetwo nearestlusters
arememgedanda P-clustergartitionof S is obtained
P = {c1,c2,...,cp}. It startswith P = L and¢; =
s;, VI, andterminateswith P = 1 ande; = UL s;.
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Figure 2: (a) Acoustic signal, (b) acoustic distance
with 1-cluster windows and (c) acoustic distance with
3-clusters windows. In both case, a Bhattacharyya
cluster distance is used and window length, window
overlap and window shift are set respectivelyto 2.5s, 1s
and 50ms. There are 3 real speaker changes, the first
one corresponds to a change from microphone speech
to telephone speech.

Remindthat the numberof speakersV in eachpro-
grammaeis assumedo beknown. Thus,theclustering
is stoppecbncea N-clusterspartitionof the segments
is reachedi.e.,for P = N). Onemayhopethateach
clusterideally containssegmentdrom one and only
onespeakerTo applysuchaclusteringjt is necessary
to definean agglomerativesschemeanda distancebe-
tweentwo segmentsFirst,eachsegmeng; isreplaced
by a non-parametrienodel(i.e., a codebook)m, es-
timatedonceagainby K-means clusteringof the fea-
ture vectorsassociatedo this segment.The segment
codebooksinitializedwith onecentroid themearfea-
turevectorfor the currentsegmentThis first centroid
is splitinto two newcentroidsandK-means clustering
is performed.After convegencethecentroidsarebi-
narysplit andthe K-meansis appliedonceagain.The
procesgontinuesintil thedesirechumberof centroids
is reachedandthe clusteringhasconveged. The dis-
tancebetweerthetwo segments;, ands;,, givenby

their codebookan;, = {m}y=1,..w,, andmy, =
{m!2}=1,..,w, is definedasfollows (basecbn[4]) :
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with ai = min; o ole,J and;@;2 = min; o§2olldz]
whered;;, o1; andOQJ denoterespectlvelythe Euclid-
ian distancebetweercentroidm’' from codebookm;,
andcentr0|dm§.2 from codebool«rnl2, numberof fea-
turevectordrom segmeng;, assignedo centroidmﬁ1 ,
and numberof featurevectorsfrom segment,, for
centroidm!? .
Oncecodebooks$avebeentrainedfor everyseg-
ment,the distancg(8) is measuredbetweereverytwo
segmentanda distancematrix is build. Variousag-
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Figure 3: Various distances between groups used in
neighborhood clustering schemes.

glomerativeschemeg10] havebeentested(seeFig-
ure3):

Singlelinkage The distancebetweentwo clustersis
definedasthedistanceébetweertheirtwo closest
membergFigure3.(a)).

Completelinkage Thedistancebetweertwo clusters
is definedasthe distancebetweertheir two far-
thestmembergFigure3.(b)).

Aver age linkage between groups The distance be-
tweentwo clustersis definedasthe averageof
thedistancedetweenall pairsof memberspne
segmentakenin eachcluster(Figure3.(c)).

Aver age linkage within groups The distance be-
tweentwo clustersis definedasthe averageof
the distancesbetweenall pairs in the cluster
which would result from combining the two
clustergFigure3.(d)).

3. EXPERIMENTAL RESULTS

3.1. Evaluation data

The speakeibasedsegmentatioralgorithm proposed
in the previoussectionis testedwith broadcashews
programmegprovidedby BBC. Theseprogrammesire
completelytranscribecaindhand-segmenteatcording
to speakeiidentity, backgrouncconditionsand chan-
nel conditionschanges.This evaluationdataconsists
of radio newsbulletins,about30 minuteslong each.
There are about65 (min = 57, max = 77) speaker
changesalongeachprogramme The meannumberof
speakergper programmeis about34 (min = 29, max
= 39). As shownin Figure4, thetrue segmentength
seemdgo bedistributedaccordingo anunimodaldistri-
butionwith amodearound?0s. It is alsointerestingo
mentionthatthe segmentarenotallocateduniformly
amongthedifferentspeaker@ aprogramme thereis
generallyonemainnewsreademwhospeakslternately
with therestof thespeakersForexample20segments
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Figure4: Observed distribution of the segment length
(mean length p = 27.4s and standard deviation o =
17.39).

werepronouncedby themainnewsreademhile the30
otherspeakersharedhe 41 remainingsegment®f a
61segmentprogrammei.e.,only 1 or 2 segmentsor
everyspeakeexceptfor themainnewsreader).

Evenif a multiple sessiongrocessings possible,
eachprogrammas processedeparatelyBoth proce-
duresare basedon 24-dimensionaMel-warpedfea-
ture vectorscomputedfrom raw speech. Thesecep-
stralvectorsareextractedeverylOmson30msanalysis
windows.

3.2. Splitting Procedure

Differentvaluesfor window length, window overlap
andwindow shift weretested. Someproposedo use
shortwindows with no overlap[5] in orderto max-
imize discrimination,while othersusedlongerwin-
dowswith overlap[11]. We observedhatincreasing
theseparameterdiasa globalsmoothingeffecton the
signaldistance softeningthe peaks. Finally, window
length,window overlapandwindow shift arerespec-
tively setto 5s, 1sand50ms,asa trade-of between
speedandaccuracy As alreadymentionedthe peak
detectionalgorithmalongthe distancesignalis based
ontwo thresholdsvhich arenot setautomaticallyand
dependon the distancedefinition. Thesetwo thresh-
olds are hand-tunedbut stay constantfor every pro-
gramme.

Performancesf theChop procedureareexpressed
in termsof Detection Rate (percentagef truechanges
successfullydetected)False Alarm Rate (percentage
of change®rroneouslydetectedpandMean Detection
Error (meanerrorbetweerestimatedaindtruechanges
times)asa function of Tolerance definedasthe maxi-
mumtimeintervalacceptedetweerdetectecindtrue
changes.

As shown in Figure 5, the splitting algorithm
candetectspeakerchangesith reasonabl@ccuracy
whatevetthe clusterdistancds. Thenumberof peaks
admittedasreal speakechangeslepend®nthe max-
imum acceptablelelay (i.e., tolerance). Clearly, the
meandetectiorerrorstaysow evenif youincreasahe
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Figure5: Mean Detection Error versus Tolerance for
various cluster distances used in the Chop procedure.

Clusterdistance| DET rate[%)] | FA rate[%]
KL 93.4 4.9
BHA 96.6 6.1
MAH 93.5 5.3
EUC 94.2 5.4
L2 95.8 5.9

Table 1: Comparison of detection rates (DET) and
false alarm rates (FA) for various cluster distances
used in the splitting procedure (Tolerance = 15).

tolerance.This meanghatnot manynewchangesre
addedor highertoleranceandtheyjustcanbeseeras
outliers.However the majordrawbackof this method
is thefalsealarmrate(seeTablel) : thethresholdof

thepeakgdetectioralgorithmhaveto besmallenough
not to misstoo muchrealchangesConsequentlthe

peaksdetectoiis triggeredoff too often.

3.3. Merging Procedure

The memging procedurehasbeenperformedwith true
segmentdor eachprogrammeseparately The non-
parametricrepresentationfor every segments; are
W;-clusterscodebooks.The codebooksize W; must
be chosenas a trade-of betweencomputationabur-
denandsuitablesegmentepresentatiofi.e., minimal
admissibladistortionshouldbe guaranteed)iV; is set
to 20in our experimentslf aclusterlabelis assigned
to the mostrepresentedpeakewithin this cluster its
purity maybedefinedastheratio betweerthenumber
of segmentérom this speaketo thetotal countof the
cluster We observethatour clusteringalgorithmcan
produceclusterswith high purity. All agglomerative
schemeseentowork equivalently(seerigure6). No-
ticethatmostpartof the50%-purityclustersaregroup-
ing two segmentfrom two differentspeakerswho
generallyspokenonly onetime, andare erroneously
mergedtoo early duringthe clusteringprocedure Be-
yondtheseresults, Table 2 showsclassificatiorrates.
Theseresultstakeinto accountone more constraint:
therecanbeonly oneclusterfor eachspeakein thefi-
nal partition (i.e., theclusterlabelis not necessargs-

@ (b)
80, 80

40|

frequency [%]
N
o

33 50 66 100 33 50 66 100

© (d)
80y 80,

frequency [%]

335066 100
purity [%]

335066 100
purity [%]

Figure 6: Cluster purities for 4 merging schemes :
(a) single linkage, (b) complete linkage, (c) average
linkage between groups, (d) average linkage within
groups.

Merging scheme Classificatiorrate[%]
Singlelinkage 69.2
Completdinkage 69.7
Averagebetweergroups 72.3
Averagewithin groups 73.1

Table2: Comparison of classification ratesfor 4 merg-
ing schemes.

signedto the mostrepresentedpeaker) .t is alsoob-
servedthatthe mostoften misclassifiedsegmentare
the shortesbnes,maybebecauséheir codebooksare
notasufficiently goodrepresentationf theirspeakers.
Notice thatthe difficulty of the classificationtask
grows as the number of segmentsand the number
of speakerdancrease. For example,a less complex
4-speakers/6-segmer(i®., 24 segmentsproblemis
generallysolvedperfectly producingd pureclusters.

3.4. Complete Procedure

Finally, thefull algorithmis appliectotheBBC record-
ings: themerging proceduraes directlyfed by theseg-
mentboundarieextractedby the splitting procedure.
The recordingsare still processedseparately The
Bhattacharyyd3) clusterdistances usedto chopthe
audio streamsandthe average linkage within groups
schemas choserfor reclusteringhe segmentsSuch
algorithmsare generallyusedto enhancehe perfor
mancef unsuperviseddaptatiorfor speeclrecog-
nition [7, 11, 6, 9]. Hence,performancesre given
in termsof error ratesreduction. Sincewe are only
concernedby the speaketbasedsegmentatiorprob-
lem, we do not producesuchresults.We just observe
thatthefinal segmentatiors alwaysworsethantheone
obtainedwith only true speakerchanges.Becauseof
the extrafalsechangesthe numberof segmentss in-
creasedeadingto a morecomplextask. As thereare
moreshortersegmentsndtheboundariesrenotwell
defined(i.e., featurevectorsfrom multiple speakerin
thesamesegment)thecodebookarelessdiscriminant



andtheclusteringprocesss moreconfused.

4. DISCUSSION

Siegleret al. [11] proposeda segmentatioralgo-
rithm basedon a Kullback-Leiblermetric asacoustic
distance. Using also a thresholdmethodto detect
acoustiacchangestheyreporteda 64.0%detectiorrate
on the DARPA'96 HUB4 evaluationtestset. Beigi
et al. [5] useda similar splitting methodbut with a
morediscriminantdistanceandobtaineda 70.0%de-
tectionratewith the DARPA'95 HUB4 data. Chenet
al. [6] appliedamaximumlikelihoodmethodbaseona
Bayesiarinformationcriterionto performeithersplit-
ting and clustering. For the DARPA’'97 HUB4 data,
theiralgorithmdetecte®1.5%of thetruechangesvith
a2stoleranceandonly a4.1%falsealarmrate. Tested
on the DARPA'96 HUB4 data (824 segmentdor 28
speakers)their clusteralgorithm producedautomati-
cally 31 clusterswith high purity (~ 92.0%). In all
theseworks,only cepstrafeaturesvereused.

Comparingo thesepreviousresults puralgorithm
seemsto work reasonablywell. Howeversomeim-
provementsarenecessaryFor example the splitting
procedureshouldbemademoreefficientandaccurate.
The thresholdsof the peak detectorshould be data-
driven andtunedautomatically Moreover the merg-
ing procedurds not robustenoughand unadaptedo
complextasks. This last problemmay be addressed
by using betterspeakemodelsto representhe seg-
mentsor more advancedclusteringschemes.Up to
now, thefull procesds very time consumingoecause
of the computationallyexpensiveK-means clustering
which is performedin both procedures.Decreasing
window sizeandincreasingwvindow shift in the split-
ting procedureanddecreasinghenumberf centroids
in the segmenttodebooksn the merging procedure,
arenotthesolution. Thus,it suggest®nceagainthat
better(i.e., morespeakediscriminantjacoustiaepre-
sentationshouldbeusedor theanalysisvindowsand
thesegments.

5. CONCLUSION

This papempresented speaketbasedsegmentationf
broadcashewsrecordingswhich is developedn the
frameworkof the THISL project. This speaketrack-
ing systemnis basedn Chop-and-Recluster algorithm.
The splitting procedurerestson a metric-based tech-
nigue detectingspeakerchangesis maximaof a dis-
tancesignal measuredetweentwo windows shifted
along the audio stream. Once the Chop procedure
hasbeendone the extractedsegmentareReclustered
using an agglomerativeclusteringmethodbasedon
neighborhoodchemesTo do so,eachaudiosegment
is representetly anon-parametriecnodel(i.e.,acode-
booktrainedwith the featurevectorsbelongingto the
segment). Many differentacousticdistancedor the

splitting procedureveretestedandvarioushierarchi-
cal clusteringschemesvere appliedfor the merging
procedure Evenwith agooddetectiorrate(~ 95.0%)
of the true speakerchangesa fair accuracy(~ 0.7s)
on boundariesand a reasonabldalse alarm rate (~
5.5%),the full procedurdacksrobustnesso produce
only high purity groupsandhigh classificatiorratefor
the typical task (65 segmentg 35 speakerdor each
broadcashewsrecording).
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