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Abstract

The Topic Detectionand Tracking (TDT) benchmark evaluation project embracesa variety of technicalchallengs for information
retrieval research.The TDT topic detectiontaskis concernedvith the unsupgervisedgroupingof news storiesaccordng to the events
they discuss.A detectionsystemmustboth discorer new eventsasthe incoming storiesare processd and associaténcoming stories
with the story clusterscreatedso far. The TNO topic detectionsystemis basedon a languag@ modelingappro@h. The systemhas
beenevaluaed on a multilingual corpusof approdmately 80.000storiesfrom multiple newv sources.For the groupingof storieswe
combineda simplesinglepassmethodto establishaninitial clusteringandareallocationmethodto stabilizethe clusterswithin acertain
allowed deferralperiod. The similarity of anincomingstory S,, to anexisting clusterC' is definedasthe averageof the similaritiesof
S, to eachstory S; € C. Theseindividual similaritiesare computedby taking the sumof the generatre probaliliti es P(.5,,|S;) and
P(S;|S») whereS; and S,, aremodeledasunigramlanguag models. Becausehesestory langua@ modelsare basedon extremely
sparsestatisticsthe word probalbilities aresmootled usinga backgoundmodel.

1. Introduction

This paperdescribe the designand devdlopmentof a
systemfor the unsupevised groying of news storiesac-
cordng to the everts they discuss. The systemhashbeen
evaluated on an augnentedversionof the TDT3 corps
which contairs apprximately 80.00 storiesfrom multi-
ple news sourcesjncluding both text and speech. These
sour@sarenevswires,radioandtelevision broactastsand
interret sites. The sourcelanguagsare Endish andMan-
darin The TDT3 corpusis anndatedfor 120everts, each
of which spansoth EnglishandMandain sources.

The TNO topic detectionsystemis basedon a lan-
guage modelingapprogh. We hadgoad expeliencewith
theapplicationof languaye mockls for differert IR-related
tasks,like ad hoc, crosslangua@, web and spolken doc-
umer retrieval (Hiemstraand Kraaij, 1999 Kraaij et al.,
20; Hiemstraet al., 200L; Kraaij et al., 20032, filtering
(Ekkelenkanp et al., 1999, and multi-docunent summa-
rization (Kraaij etal., 2001). We alsosuccessfullyapplied
language mockls for topic tracking (Spittersand Kraaij,
2001). However, dueto the substantiallyhighe compu
tationalcompgexity of topic detection it wasnot trivial to
convert our tracking appro&h into a detectim algorithm.
In thetopictrackingtask,eventsareto befollowedindivid-
ually. Eachtarget eventis definedby a small setof train-
ing storiesthat discussit. Our tracking systemestimates
a single unigram langwage model basedon the union of
theseon-tqic storiesandcomputesfor eachincomirg story
thelikelihoad accordimy to this topic model. The compu
tational comgexity of this processis linear to the input.
However, the topic detectiam taskis a highly dynamicpro-
cess.Thetopic modelsareconstruted on thefly from the
incomng stories. Eachincorming storyis addedto a clus-
ter, andthus chamgesthe correspondig topic mockel. Ex-
periments shaved that reclusteringthe alreagy processed
stories(within the allowed deferal window) is important
for agoodperformane. Reclusterings a compuationally

demanding process sinceevery changen clustermemtler-

shiplistsis reflectedn changen theclustermodelswhich
form thebasisfor thesimilarity computation. Therefae we
have chosenfor a clusteringappoachwhich is indepe-

dert of the (global) clustermockls andinsteadis basedon
the similarities betweenindividual stories. The adwartage
of this appoachis that the inter-story similarities can be
cachedresultingin a significantspeed-p of theclustering
process.

Theremairderof this papers organizedasfollows. To
familiarizethe readerwith the TDT framework, section2
elabgatesontheTDT corpora,theTDT researchasks.and
theTDT evaluationmethod In section3 we describen de-
tail our languiagemodelbasedappoachto topic detectia.
This sectionalso containsa shortstudyinto the influence
of two different smoothig method for language mocels
on the detectionperfomanceof our system. In section4
we try to drawv someconclwsions.

2. TheTDT benchmark test

The topic detectionand tracking (TDT) benchmark
evaluation project wasinitiated by DARPA in 19%. Af-
ter a pilot studyin 1997 TDT hascontinuel with annual
evaluations conducted by the National Institute of Stan-
dards and Techndogy (NIST). Main purposeof the TDT
prgectis to adwancethe state-ofthe-artin determirng the
topicd structureof multilingual news streamgrom various
sour@s. See(Wayne,2000 for a detailedovewview of the
TDT prgect.

2.1, TDT corpora

Currenily, the Linguistic Data Consortium(LDC) has
threecorpora availableto suppot TDT research (Cieri et
al., 20). The TDT-Pilot corpws containsnewswire and

thttp:/iwwwinist.gor/speech/tests/tdt
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transcrips of news broadcastsall in Endish, andis anne
tatedfor 25 news events. TheTDT2 andTDT3 corporaare
multilingual (ChineseandEndish) andcontainbothaudio
andtext. ASR transcriptiols andclosecaptionsof the au-
dio dataaswell asSystrantranslation®of the Chinesedata
arealsoprovided TDT2 andTDT3 arecomgetely anne
tatedfor 100and120everts respectiely. Currerly, LDC
is develgpinganewn TDT corpus (TDT4) whichwill include
Arabic news.

In the TDT evaluation, there are three alternatie
choiesfor the form of the audiosource to be pracessed,
namédy manual transcriptiois, ASR transcrigions, or the
sampledaudio signal. Three story bourdary condtions
are suppoted: refererce story bourdaries(marually de-
termired correctbowndaries),autonatic story bourdaries
(autamaticallydetermirederraful bourdaries),or no story
bouwndaries(the systemmustprovide its own bourdaries).
Sitesthat participatein oneof the TDT tasksarerequired
to perform at leastoneevaluationunder sharedcondtions.
See(DoddngtonandFiscus,200]) for the TDT evaluation
details.

2.2. TDT research tasks

The TDT bencimarkevaluation projectembicesa va-
riety of technicalchallengps for information retrievel re-
search. The goal of story sgmentdion is to segmern a
streamof datainto homaeneos regions, discussingcer
tain everts. Givena smallnumter of storiesthatdiscussa
certainevert, atracking systemhasthetaskto detectwhich
storiesin thedatastreamarerelatedto this eventandwhich
arenot. In topic detectionthereis no knowledge of the
everts to be detected A detectionsystemmustboth dis-
cover new everts astheincomingstoriesareprocessednd
associaténconing storieswith the eventbasedstory clus-
terscreatedso far. A taskwhich is very similar to topic
detectim is first-storydetection The goal of this taskis to
detect,in a chranologcally orderedstreamof stories,the
first storythatdiscusses certainevert. Finally, in link de-
tection the questionto be answereds whetheror not two
storiesdiscusghe sameevent.

2.3. TDT evaluation method

Topic detectionsystemsareevaluged in termsof their
ability to clustertogetheistoriesthatdiscusgshesamesvent
(or eventsandactvities that are directly connetedto the
clusters seminalevent). Detectionperformarceis charac-
terizedin termsof the probability of missandfalsealarm
erras (Pyy;ss and Pry). To speakin termsof the more
establishecndwell-known predsion andrecallmeasues:
alow Pyy;ss correspondsto high recall, while alow Pr 4
corresponddo highprecision.

Thesewo erra prokabilitiesarecomhbnedinto asingle
detectio cost C'p, by assigningcoststo missandfalse
alarmerrors(DoddingtonandFiscus,2007):

CYDet = CMz'ss' PMz'ss' PtaTget + CFA' PFA' Pﬁtarget

1)

where Cy;5s and Cr4 are the costs of a miss and a
falsealarm respectiely; P55 and Pr 4 are the cordi-

tional probabilitiesof amissandafalsealarmrespectrely;
Piorger and P-sqrg0¢ arethe a priori target probabilities

(Pﬁtarget =1- Ptarget)-
ThenCpe; is normalizedto:

Cpet
mzn(CMzss Ptarget: CFA' Pﬁtarget)

(CDet ) Norm =

Detectionerror probability is estimatedoy accunulat-
ing errorsseperateljor eachtopic andby takingthe aver-
ageof theerrorprobailities overtopics,with equalweight
assignedo eachtopic. A setof precefinedtopicsis auto-
matically mapped to the systemoutput topicsby choasing
for eachreferencetopic the systemoutput topic which pro-
dueesthelowestevaluatian cost.

3. Design of a probabilistic topic detection
system

This sectiondescrilesin detail the designof the TNO
topic detectionsystem. 3.1. descriles our clusteringap-
proach. We combined a simple single passmethodto es-
tablish an initial clusteringand a reallocdion methal to
stabilizethe clusterswithin a certainallowed deferal pe-
riod. In 3.2 we describeour story-dustersimilarity mea-
sure.An incoming storyis compaed to anexisting cluster
by averagng the similarities of the new story S,, to each
storyin theclusterS;. Theseandividual similaritiesarede-
fined asthe sum of the generatie probabilities P(S ,|S;)
and P(S;|S,) whereS; and S,, are mockeled as unigam
language models. Becausethesestory language mocels
are basedon extrenely sparsestatistics,the word proba-
bilities are smoothedusing a baclground model. Section
3.3 repats on our expeiimentsconcerting the applicaion
of two different smoothig method for language mocels
andsomecontrastive testswith automaic versusmanually
deterninedstorybouwndaries.

3.1. Clustering method

Ourclusteringprocedirecombnesa simplesinglepass
methal and a reallocationmethod Becausethe clusters
formedby the single passmethodaredepenéntof the or-
derin whichthestoriesareprocessedhey aremerelyused
to initiate reallocatim clusterirg. However, becasein the
TDT evaluatian a topic detectim systemmay deferits as-
signment of storiesuntil a limited amount of subseqgant
soure data(10 sourcefiles) is processedthe reallocdion
is restrictedto the storieswithin thatdeferrd period More
specifically our clusteringprocessinvolves the following
steps:

1. For eachnew storywithin the deferal window, com-
puteits similarity to eachclusterthe systemhascre-
atedsofar. Therearetwo optionsfor a story:

(a) if thesimilarity of the storyto the closestcluster
exceedsa certainthreshdd, assignthe story to
thatcluster

(b) else createa new cluster with the concening
storyasits seed



2. Whentheendof thedeferrd window is reachedloop
through the window storiesagainand conpareeach
storyto eachexisting cluster Therearethreeoptiors
for astory:

(a) astorymayswitchto anotter clusterif the simi-
larity to thatclusterexceeddoththesimilarity to
its current clusterandthethreshdd

(b) if neitherthe similarity to its currer clusternor
the similarity to ary other cluster exceads the
threshdd, createa new clusterwith the concern
ing storyasits seed

(c) if thesimilarity to its currert clusterexcealsthe
threshdéd aswell asthe similaritiesto all other
clustersthestorystaysin its currer cluster

Step2 is repeatd until all clustersare stable,thatis,
when2cis truefor eachstory.

Thecombirationof a clusterinitialization stepandare-
allocationstephaspreviously (successfullybeenusedfor
topicdetectiorby a.0.BBN (Wallsetal.,1999 andDragm
(Yanronetal., 2000).

The reclustering stepis important for a good perfa-
mane of thedetectiorsystem However, thefactthatevery
charge in a clustermembeship list meansthat the clus-
ter languag@ modelwould have to be reestimatedmakes
it a computationally demanling process. Therebre we
have choserfor anapprachwhich doesnot usetheglobal
clusterlanguagemockls (contrary to our topic trackingap-
proach)but insteads basedon the similaritiesbetweerin-
dividual stories.The similarity of anincomirg story S, to
anexisting clusterC' is definedasthe averageof the simi-
larities of S,, to eachstory S; € C. Theadwartageof this
appoachis thatthe inter-story similarities canbe cachel,
resultingin a significantacceleratiorof the clusteringpro-
cess. Theseinter-storly similarities are computed using a
two-way langiagemodéing appioach,which is discussed
in detailin thefollowing section.

A clusterwhich hasnot changd for an uninterupted
periad of fifteen daysis frozen, which meansthatit is no
longer consideedan‘active event’. Theclusteris removed
from thelist of candidhteclustersor new stories.Thisclus-
ter evolution monitoling hastwo adwartages.First of all it
limits thecompuationalcompexity, becaus¢henumbe of
clustersa story hasto be comparedwith stayswithin cer
tain bownds. Secondit canbe arguedthat restrictingthe
tempaal extert of anevert is beneficialfor detectionper
formancebecasgeit preventsdifferent events with similar
vocalulary (like different attacksor political elections)to
begroupedtogetter (Yangetal.,1999.

3.2. Language model-based similarity

Thebasicideabetind the langulagemockling apprach
to informationretrievd is to estimatea (usually unigram)
languagemodelfor eachdocunentandto rankdocunents
by the probability that the docunentmodelgeneatedthe
quer. Absoluteprobailities arenotimportart for rankirg
in the IR situation. For otherapplicatias, i.e. topic track-
ing andalsotopic detection scoreshave to be compaable

onanabsolutescale.For tracking we foundthatmodéding

similarity asa likelihoodratio andnormalizirg this likeli-

hodd ratio by the (test)story lengthwasadequat€Spitters
andKraaij, 2001). This normalizedlikelihod ratiois pre-
sentedn equation(3), whereLLR nopm (T1, T3, ..., Tn|Sk)

derotesthe normdized log likelihoad ratio of a story con-
sistingof thetermsTy}, ..T;, giventhestory .Sy in compari-
sonwith backgourd mocel B.

LLR Norm (T1, Toy -, Tn|Sk) =

Z T |Sk
P(T;|B)

In our clusteringapprach, the similarity betweentwo
storiesS,, and.S; is basedon a comhnation of the prob-
ability thatthe langiagemockl representig S,, geneated
story S; andthereverse: the probability thatthe langlage
mockl repesentingS; geneatedstory S,,. This apprach

resultsin the symmetri@al similarity measuregpresentedn
thefollowing equation

Sim(Sn, Si) = LLR Nopm (SalSi) + LLR Norm (Si|Sn)
(4)

Becausethe languag modés are estimatedbasedon
vely limited amouns of text (singlestories),it is veryim-
porttantthattheword probailities aresmootledusingsome
baclgroind model. We perfomeda shortstudyinto thein-
fluene of two differert smootling methals on the perfor-
mane of our detectionsystem:Bayesiarsmoothirg using
Dirichlet priorsandJelinek-Mecersmoothimg. Thedetails
of thesesmoothig methals andthe resultsof our experi-
mentsaredescribd in thefollowing section.

3.3.  Smoothing

Recentexperimentsat CMU have shavn that different
smodhing method have differentcharacteristic§Zhaiand
Lafferty, 2001a). For title adhocqueriesZhaiandLafferty
found Dirichlet smodhing to be more effective thanlin-
earinterpdation (JelinekMercersmoothirg). Both meth-
odsstartfrom theideathatthe probability estimatefor un-
seerterms: P, (T;|Sk) is mockledasa coeficient as times
the backgound collection basedestimate: P, (T;|Sx) =

P(T;|B). A crucial differencebetweenDirichlet and
JelinekMercersmootling is thatthe smoothiry coeficient
is depenent on the story length for Dirichlet, reflecting
the fact that probability estimatesare more reliable for
longer stories. Formula (5) shows the weighting formula
for Dirichlet smoothim, where ¢(T;|Sk) is the term fre-
quency of termT;; in story Sy, , Y, ¢(T3; Sk) is thelength
of story Sy andu is a constant.The smoothingcoeficient
a, 1S in this Casem, wherea the smoothirg
coeficientis X in theJelinek-Mecerbasednodé (formula

(6).

“ ¢(T;; Sk) + pP(T;|B)
P(Ty,Ts,-- -, Tn|Sk)
@ TS = = gy v

®)
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Figure 1: Cpe; at differert decisionthreshdéds for two
smootling method (Dirichlet and Jelinek-Mecer), per
formedon the TDT2 storiesfrom April 1998 usingauto-
maticbowndaries.

n

P(T\, Ty, , TulSk) = [ AP(TilB)+(1-\)P(T:|Sk)
=1
6)

For our official TDT200L detectim run, we applied
Dirichlet smootling with x = 2000. Our hypothesiswas
that Dirichlet smootling would lead to improved perfa-
mane, sincestory lenghs vary consicerablyin the TDT
corpus,andDirichlet performedbetterthanJelinek-Mecer
smootling onasmalltestcorpus(onemonthof storiesfrom
theTDT2 corpus) usingtheautonatic storyboundariesand
ASR transciptions of the audo (the primary topic detec-
tion evaluationrequres thesecondtions). The resultsof
this experimentareplottedin Figure(1).

We perfamedsomepost-toc expetimentson this same
test set using refereme story bourdariesinsteadof au-
tomatic story bourdariesand were surprisedto find that
JelinekMercerperfamed betterthan Dirichlet underthat
condtion, even whenwe varied . (seeequéion (5)). Fig-
ure(2) shavstheresults.lt is too earlyto draw condusions
from theseexpeaiments, sincethe test setwas small and
we did not explore the completeparametesspace. How-
ever, one explanationcould be the obsevation from Zhai
andLafferty (Zhai andLafferty, 2001b; Zhai andLafferty,
2001a) thatsmoothiy hastwo fundions: i) improving the
maximum likelihoad estimatesi) generateeommnon words
in thequery Thelatterfunctionis especiallyimportan for
longer queiessincethey containmorecomman words.

In the topic detectim task we uselanguag@ modelsto
geneate storiesinsteadof queries. Sincestoriesare con-
siderally longerthanTRECT itle queies, it is probably im-
porttantthatthe smoothd mocel geneatescomman words
with proper “idf "-like probabilities. The TREC experi-
mentsshow thatthetwo rolesof smodhing have aninverse
interaction with the querylength. Dirichlet is a godd strat-
egy for thefirst smoothim role (avoiding the assignmenof
azeroprohability to anunseerword) while Jelinek-Mecer
is betterfor the secondrole (weightirg quer termsin an
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Figure 2: Cpe; at different decisionthreshdéds for two
smodhing method (Dirichlet and Jelinek-Mecer), per
formedon the TDT2 storiesfrom April 1998, using ref-
erercebouwndaries.

idf-like fashion)(zZha and Lafferty, 2001a). The longer
the “queries” are,the moreimportart the secondfundion
will becane. This pheromenenn might be an explara-
tion for thefactthatDirichlet perfomsbestunderthe auto-
matic story boundarycondtion, andJelinek-Mercerunder
the refererce story bourdary condtion, sincethe former
hasshorterstoriesthanthe latter (median 62 versusl14).
Furtrer experimentsareneead,including a validaion of a
combined Dirichlet/JelinekMercer smootling schemefor
theTDT tasks.

4. Conclusions and futurework

We think that the choiceto usenormalized likelihoad
ratiosasthe basisof a similarity measurevasthe key for
the good perfamanceof our system. Like in the track-
ing task, a proper normdized similarity measurds of ut-
mostimportance. Simply addingthe geneative prokabili-
ties P(S,,|S;) andP(S;|S,) provedto work well to “sym-
metrize” the similarity measure. The accurag of a lan-
guaye model-lasedclusteringappoachwhich is indepe-
dent of the (glohal) clustermodels andinsteadis basedon
thesimilaritiesbetweenndividual storiessurpassedur ex-
pectatims. However, we intendto checkwhethera sim-
ilarity measurebasedon the globd clustermodelwould
enkancethe results. The resultsof someinitial post-foc
experimentsindicate that the Jelinek-Merer smoothirg
methal works betterthan Dirichlet smoothingfor maru-
ally segmentediata,while the Dirichlet methal yieldsbet-
ter perfamancethanJelinek-Merceron autanatically seg-
mentel data.Furthe investigaion is necessarto drav def-
inite conclisions.
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