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Abstract

Link detectiorhasbeenregardedasacore
technologyfor the Topic Detectionand
Trackingtasksof new eventdetection.In
this paperwe formulatestory link detec-
tion andnew eventdetectionasinforma-
tion retrieval taskand hypothesizeon the
impactof precisionandrecallonbothsys-
tems. Motivatedby theseaguments we
introducea numberof newv performance
enhancingtechniquesincluding part of
speechtagging, nenv similarity measures
andexpandedstoplists. Experimentate-
sultsvalidateour hypothesis.

1 Intr oduction

Topic Detectionand Tracking (TDT) researchis
sponsoredy the DARPA Translingualinformation
Detection,Extraction,and Summarizatio(TIDES)
program. The researchhas ve tasksrelatedto
organizing streamsof data such as newswire and
broadcashews (Wayne,2000): story sggmentation,
topic tracking, topic detection,new eventdetection
(NED), andlink detection(LNK). A link detection
systemdetectswhethertwo storiesare“linked”, or
discusghe sameevent. A storyabouta planecrash
andanotherstory aboutthe funeralof the crashvic-
tims areconsideredo belinked. In contrasta story
abouthurricaneAndrew andastoryabouthurricane
Agnesarenot linked becausehey aretwo different
events. A new eventdetectionsystemdetectsvhen
astorydiscussea previously unseeror “not linked”
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event. Link detections consideredo beacoretech-
nologyfor new eventdetectionrandthe othertasks.

Several groups are performing researchin the
TDT tasksof link detectiorandnew eventdetection.
Basedon their ndings, we incorporateca number
of theirideasinto our baselinesystem.CMU (Yang
etal., 1998)andUMass(Allan etal., 2000a)found
that for new event detectionit was betterto com-
parea new story againstall previously seenstories
thanto clusterpreviously seenstoriesand compare
a new story againstthe clusters. CMU (Carbonell
et al., 2001) found that NED resultscould be im-
proved by developing separatenodelsfor different
news sourcego thatcouldcaptureidiosyncrasief
differentsourceswhichwe alsoextendedo link de-
tection.UMassreportedon adaptinga trackingsys-
temfor NED detection(Allan et al., 2000b). Allan
et.al, (Allan etal.,2000b)developeda NED system
basedupona trackingtechnologyand shaved that
to achieve high-quality rst storydetectiontracking
effectivenesamustimprove to a degreethat experi-
encesuggestss unlikely. In this paper while we
reachasimilarconclusioras(Allan etal.,2000b)for
LNK andNED systems we give speci c directions
for improving eachsystemseparately\We compare
thelink detectionandnew eventdetectiorntasksand
discusswaysin which we have obsered thattech-
niquesdevelopedfor onetaskdonotalwaysperform
similarly for the othertask.

2 Common Processingand Models

This sectiondescribesthose parts of the process-
ing stepsandthe modelsthatarethe samefor New
EventDetectionandfor Link Detection.



2.1 Pre-Processing

For pre-processingwe tokenize the data, recog-
nizeabbreiations,normalizeabbreiations,remove
stop-words, replacespelled-outnumbersby digits,
add part-of-speechags, replacethe tokenshby their
stemsandthengeneratéerm-frequeng vectors.

2.2 Incremental TF-IDF Model

Our similarity calculationsof documentsare based
on an incrementalTF-IDF model. In a TF-IDF
model,thefrequeng of atermin adocumen{TF)is
weightedby theinversedocumentrequeng (IDF).
In the incrementalmodel, documentfrequencies
arenot staticbut changein time steps . At
time , a new setof testdocuments is addedto
themodelby updatingthe frequencies

(1)

where denotethe documentrequenciesn the
newvly addedsetof documents . Theinitial docu-
mentfrequencies aregeneratedrom a (pos-
sibly emtpy) training set. In a staticTF-IDF model,
new words(i.e., thosewords, that did not occurin
thetrainingset)areignoredin furthercomputations.
An incrementall F-IDF modelusesthe new vocab-
ularyin similarity calculationsThisis anadwantage
becaus@en eventsoftencontainnew vocalulary:.

Very low frequeng terms tendto be uninfor
matie. We thereforesetathreshold . Only terms
with areusedattime . Weuse

2.3 Term Weighting

The documentirequenciesas describedn the pre-
vious sectionare usedto calculateweightsfor the
terms inthedocuments. At time , we use

(2)

is the total numberof documentsattime
is a normalizationvalue suchthat either
the weightssumto 1 (if we useHellingerdistance,
KL-divergence,or Clarity-baseddistance),or their
squaresumto 1 (if we usecosinedistance).

where

2.4 Similarity Calculation

The vectorsconsistingof normalizedterm weights
areusedto calculatethesimilarity between

two documents and . In our currentimplementa-
tion, we usethe the Clarity metricwhich wasintro-

ducedby (Croft etal., 2001;Lavrenko etal., 2002)

andgetsits namefrom the distanceto generalEn-

glish, whichis calledClarity. We useda symmetric
versionthatis computedas:

©)

4)
where“ " is the Kullback-Leibler divegence,
is theprobabilitydistribution of wordsfor “gen-

eral English” as derived from the training corpus.
The ideabehindthis metricis thatwe wantto give

credit to similar pairs of documentghat are very
differentfrom generalEnglish,andwe wantto dis-

count similar pairs of documentghat are closeto

generalEnglish (which canbe interpretedasbeing
thenoise). Themotivationfor usingthe clarity met-
ric will givenin section6.1.

Anothermetricis Hellingerdistance

(5)
Otherpossiblesimilarity metricsarethe cosinedis-
tance theKullback-Leiblerdivergence or the sym-
metricform of it, Jensen-Shannatistance.

2.5 Source-Speci cTF-IDF Model

Documentsn the streamof news storiesmay stem
from different sourcese.g., thereare 20 different
sourcesn the datafor TDT 2002 (ABC News, As-

sociatedPressNew York Times, etc). Eachsource
might usethe vocalulary differently For example,
thenameof thesourcespnamesf shaws, or names
of news anchorsare much more frequentin their

own sourcethanin the otherones. In orderto re-

ect thesource-speci differencesve do not build

oneincrementallT F-IDF model,but asmary aswe

have differentsourcesandusefrequencies

(6)

for source attime . Thefrequenciesareupdated
accordingo equation(1), but only usingthosedoc-
umentsin  thatarefrom the samesource . As



a consequencea term like “CNN” recevesa high
documenfrequeny (thuslow weight)in the model
for the sourceCNN anda low documenfrequeng
(thushighweight)in theNew York Timesmodel.

Instead of the overall document frequencies

, We now use the sourcespecic

whencalculatingthetermweightsin equation(2).

Sources for which no training datais available
(i.e.,nodatato generate is available)might
beinitialized in two differentways:

1. Useanemptymodel: forall ;

2. Identify one or more otherbut similar sources
for which trainingdatais availableanduse

(7)

2.6 Source-Rair-Speci ¢ Normalization

Dueto stylisticdifferencedetweervarioussources,
e.g.,news papervs. broadcashews, translationer
rors,andautomaticspeectrecognitionerrors(Allan
et al., 1999), the similarity measuregor both on-
topic and off-topic pairswill in generaldependon
the sourcepair. Errorsdueto thesedifferencescan
be reducedby usingthresholdsconditionedon the
sources(Carbonellet al., 2001), or, aswe do, by
normalizingthe similarity valuesbasedon similari-
tiesfor the sourcepairsfoundin the story history

3 NewEvent Detection

In orderto decidewhethera new document that
is addedto the collectionattime describesa nev
event, it is individually comparedto all previous
documents usingthe stepsdescribedn section2.
Weidentify thedocument with highestsimilarity:

(8)

Thevalue is usedto de-
terminewhethera document is abouta nev event
and at the sametime is an indication of the con -

dencein our decision.If thescoreexceedsathresh-
old , thenthereis no sufciently similar previous
document,thus describesa new event (decision
YES). If thescoreis smallerthan , then s suf-
ciently similar, thus describesanold event (de-
cisionNQ. Thethreshold canbe determinedoy

using labeledtraining dataand calculatingsimilar
ity scoredor documengpairson thesameeventand
ondifferentevents.

4 Link Detection

In orderto decidewhethera pair of stories and
arelinked, we identify a setof similarity metrics
thatcapturethe similarity betweenthe two docu-

mentsusingClarity andHellingermetrics:

(9)

Thevalue is usedto determinewhethersto-
ries“q” and“d” arelinked. If the similarity exceeds
a threshold we the two storiesare sufciently
similar (decisionYES). If the similarity is smaller
than we the two storiesare sufciently differ-
ent(decisionNQ. The Threshold canbedeter
minedusinglabeledtrainingdata.

5 Evaluation

All TDT systemsareevaluatedby calculatinga De-
tectionCost

(10)
where and arethe costsof a missand
a falsealarm. They aresetto 1 and 0.1, respec-
tively, for all tasks. and arethe condi-
tional probabilitiesof amissandafalsealarmin the
systemoutput. and atheapriori
target and non-taget probabilities. They aresetto
0.02and0.98for LNK andNED. Thedetectioncost
is normalizedsuchthat a perfectsystemscores0,
andarandombaselinescoresl:

min

TDT evaluatesall systemswith a topic-weighted
method: error probabilitiesare accumulatedsepa-
ratelyfor eachtopic andthenaveraged.Thisis mo-
tivatedby thedifferentsizesof thetopics.
Theevaluationyieldstwo costs:thedetectiorcost
is the costwhenusingthe actualdecisionanadeby
the system;the minimumdetectioncostis the cost
whenusingthe con dencescoresthat eachsystem

(11)



hasto emitwith eachdecisionandselectingthe op-
timal thresholdbasedn the score.

In the TDT-2002 evaluation, our Link Detec-
tion systemwas the bestof three systems,yield-
ing and

Our New Event Detection systemwas
ranked secondof four with costsof
and

6 DifferenceshetweenLNK and NED

In this section,we drav on Information retrieval
toolsto analyzel NK andNED tasks.Motivatedby
theresultsof this analysiswe comparea numberof
techniquesn the LNK andNED tasksin particular
we comparethe utility of two similarity measures,
part-of-speechiagging, stop wording, and normal-
izing abbreiationsandnumerals.The comparisons
were performedon corporadevelopedfor TDT, in-
cludingTDT2andTDT3.

6.1

The conditionsfor falsealarmsand missesare re-
versedfor LNK and NED tasks. In the LNK task,
incorrectly agging two storiesasbeingonthesame
eventis considereda falsealarm. In contrastin the
NED task,incorrectly agging two storiesasbeing
on the sameevent will causethe true rst storyto
bemissed.Conversely in LNK incorrectlylabeling
two storiesthatareonthesameaventasnotlinkedis
amiss,butin theNED task,incorrectlylabelingtwo
storieson the sameeventasnot linked canresultin
afalsealarmwherea story s incorrectlyidenti ed
asanew event.

The detectioncost in Egn.10 which assignsa
higher cost to false alarm

Information Retrieval and TDT

A LNK system
wantsto minimize false alarmsand to do this it
shouldidentify storiesasbeinglinked only if they
are linked, which translateso high precision. In
contrasta NED systemwill minimize falsealarms
by identifying all storiesthatarelinkedwhichtrans-
latesto highrecall. Motivatedby this discussionye
investigatedthe useof numberof precisionandre-
call enhancingechniqueswith the LNK and NED
system.We investigatedhe useof the Clarity met-
ric (Lavrenko etal., 2002)which wasshawvn to cor
relatepositvely with precision.We investigatedhe

LNK - Clarity vs. Hellinger
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Figurel: CDF for Clarity and Hellinger similarity
ontheLNK taskfor on-topicandoff-topic pairs.

useof part-of-speechaggingwhich wasshavn by
Allan and Ragha&an (Allan and Raghaan, 2002)
to improve query clarity. In section6.2.1 we will

shaov how POShelpsrecall. We alsoinvestigatedhe
useof expandedstop-listwhichimprovesprecision.
We alsoinvestigatedhormalizingabbreiationsand
transformingspelledout numbergnto numbersOn
the one handthe enhancegrocessindist includes
most of the term in the ASR stop-listand remov-
ing thesetermswill improve precision.Ontheother
handnormalizingthesetermswill have thesameef-
fectasstemminga recallenhancinglevice (Xu and
Croft, 1998), (Kraaij andPohlmann1996). In ad-
dition to thesetechniquesyve alsoinvestigatedhe
useof differentsimilarity measures.

6.2 Similarity Measures

The systemsdevelopedfor TDT primarily useco-
sine similarity asthe similarity measure.We have
developedsystemdaseddn cosinesimilarity (Chen
etal., 2003). In work on text segmentation{Brants
et al., 2002) obsered that the systemperformance
was much betterwhen the Hellinger measurewas
usedinstead. In this work, we decidedto usethe
clarity metric,aprecisionenhancinglevice (Croft et
al., 2001).For bothour LNK andNED systemsye
comparedheperformancef thesystemsisingeach
of thesimilarity measureseparatelyTablel shavs
thatfor LNK, the systembasedon Clarity similar
ity performedbetterthe systembasedon Hellinger
similarity; in contrastfor NED, thesystenmbasedn
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Figure2: CDF for Clarity andHellinger similarity
onthe NED taskfor on-topicandoff-topic pairs.

Table 1. Effect of different similarity measures
on topic-weightedminimum normalizeddetection
costsfor LNK andNED onthe TDT 2002dry run
data.

System| Clarity | Hellinger | | % Chg
LNK 0.3054 0.3777| -0.0597| -19.2
NED | 0.8419 0.5873| +0.2546 | +30.24

Hellingersimilarity performedbetter

Figure 1 shawvs the cumulative densityfunction
for theHellingerandClarity similaritiesfor on-topic
(aboutthe sameevent)andoff-topic (aboutdifferent
events)pairsfor the LNK task. While therearea
numbeiof statisticio measure¢heoveralldifference
betweentow cumulatve distribution functions,we
usedthe Kolmogora-Smirnos distance(K-S dis-
tance; the largestdifferencebetweentwo cumula-
tive distributions) for two reasons. First, the K-S
distances invariantunderre-parametrizationSec-
ond, the signi cance of the K-S distancein caseof
the null hypothesiqdatasetsaredravn from same
distribution) canbe calculated(Presset al., 1993).
TheK-S distancebetweertheon-topicandoff-topic
similaritiesis larger for Clarity similarity (cf. table
2),indicatingthatit is the bettermetricfor LNK.

Figure 2 shavs the cumulatve distribution func-
tions for Hellinger and Clarity similarities in the
NED task.Theplotis basedn pairsthatcontainthe
currentstory andits mostsimilar story in the story
history Whenthe mostsimilar storyis onthesame
event(approx.75%of thecases)its similarity is part

Table 2: K-S distancebetweenon-topic and off-
topic story pairs.

| Clarity | Hellinger | Changg%)
LNK | 0.7680 0.7251 ( )
NED | 0.5353| 0.6055 ( )

Table3: Effectof usingpart-of-speeclon minimum
normalizeddetectioncostsfor LNK andNED onthe

TDT 2002dry run data.

System| PoS| PoS| Changg%)
LNK | 0.3054| 0.4224| -0.117( %)
NED ‘0.6403‘ 0.5873| +0.0530( %)

of theon-topicdistribution, otherwise(approx.25%
of the casesijt is plottedasoff-topic. The K-S dis-
tancebetweenthe Hellinger on-topic and off-topic
CDFsis larger thanthosefor Clarity (cf. table 2).
For both NED andLNK, we canrejectthe null hy-
pothesisfor both metricswith over 99.99% con -

dence.

To getthe high precisionrequiredfor LNK sys-
tem,we needto have alarge separatiorbetweerthe
on-topicandoff-topic distributions. ExaminingFig-
urel andTable2 , indicatesthatthe Clarity metric
hasalargerseparatiorthanthe Hellingermetric. At
high recall requiredby NED system(low CDF val-
uesfor on-topic), thereis a greaterseparatiorwith
theHellingermetric. For example,at 10%recall,the
Hellinger metric has71 % falsealarmrateascom-
paredto 75 % for the Clarity metric.

6.2.1 Part-of-Speech(PoS) Tagging

We explored the idea that noting the part-of-
speechof the termsin a documentmay helpto re-
duceconfusionamongsomeof thesensesf aword.
During pre-processingye taggedthe termsasone
of ve catgories: adjectve, noun, propernouns,
verb, or other A “taggedterm” wasthen created
by combiningthe stemand part-of-speechFor ex-
ample, "N_train' representghe term “train' when
usedasa noun, and 'V _train' representghe term
“train' whenusedasa verh We thenranour NED
andLNK systemausingthe taggedterms. The sys-
temswere testedin the Dry Run 2002 TDT data.
A comparisonof the performanceof the systems
whenpart-of-speeclis usedagainsta baselinesys-



Table 4. Comparisonof using an “ASR stop-list”
and “enhancedpreprocessing’for handling ASR
differences.

No ASRstop| ASRSstop

StdPreproc | StdPreproc
LNK 0.3153 0.3054
NED‘ 0.6062 ‘ 0.6407 ‘

temwhenpart-of-speeciis not usedis shavn in Ta-
ble 3. For Story Link Detection,performancede-
creasedy 38.3%,while for New Event Detection,
performancemprovesby 8.3%. SincePOStagging
helpsdifferentiatesbetweenthe differentsenseof
the sameroot, it alsoreduceghe numberof match-
ing termsbetweerntwo documentsin the LNK task
for example thetotalnumberof matcheslropsfrom
177,550t0 151,132.This hasthe effect of placinga
higherweight on termsthat match,i.e. termsthat
have the samesenseand for the TDT corpuswill
increaserecallanddecreaseConsiderfor example
matching“food sener to “food service”and “java
sener”. WhenusingPOSbothtermswill have the
samesimilarity to thequeryandthe useof POSwiill
retrieve therelevantdocumentdut will alsoretrieve
otherdocumentghatsharethe samesense.

6.2.2 StopWords

A large portionof thedocumentsn the TDT col-
lectionhasbeenautomaticallytranscribedisingAu-
tomatic SpeechRecognition(ASR) systemswhich
canachieve over 95% accuracies.However, some
of the wordsnot recognizedby the ASR tendto be
very informative wordsthatcansigni cantly impact
the detectionperformancdAllan etal., 1999). Fur-
thermore thereare systematiaifferencesbetween
ASR and manuallytranscribedtext, e.g., numbers
are often spelledout thus“30” will be spelledout
“thirty”. Anothersituationwhere ASR is different
from transcribedext is abbreiations,e.g. ASR sys-
temwill recognize CNN” asthreeseparatdéokens
“C”, “N”, and“N".

In orderto accounfor thesedifferencesweiden-
ti ed thesetof tokensthatareproblematidor ASR.
Our approachwasto identify a parallel corpusof
manuallyandautomaticallytranscribeddocuments,
the TDT2 corpus,andthenusea statisticalapproach
(Dunning,1993)to identify tokenswith signi cantly

Table 5: Impactof recall and precisionenhancing

devices.
Device | Impact | LNK NED |
ASRstop | precision| +3.1% | -5.5%
POS recall | -38.8% | 8.3%
Clarity precision| +19% | -30%

differentdistributionsin the two corpora.We com-
piledthe problematicASR termsinto an“ASR stop-
list”. This list was primarily composedf spelled-
out numbershumeralsanda few otherterms. Ta-
ble 4 shaws the topic-weightedminimum detection
costsfor LNK andNED on the TDT 2002dry run
data. The table shavs resultsfor standardpre-
processingwithout an ASR stop-listand with and
ASR stop-list. For Link Detection,the ASR stop-
list improvesresults,while the samelist decreases
performancdor New EventDetection.

In (Chenetal.,2003)we investigatedhormalizing
abbreviationsandtransformingspelled-outumbers
into numerals,’enhancedoreprocessing”andthen
comparedhis approachwith usingan “ASR stop-
list”.

6.2.3 Impact of Recalland Precision

The previous two sectionsexaminedthe impact
of four differenttechniqueson the performanceof
LNK andNED systemsThe Part-of-speeclis are-
call enhancingdeviceswhile the ASR stop-listis a
precisionenhancingdevice. The enhancegrepro-
cessingimproves precisionandrecall. The results
which aresummarizedn Table5 indicatethat pre-
cisionenhancinglevicesimprovedthe performance
of theLNK taskwhile recallenhancinglevicesim-
provedthe NED task.

6.3 Final Remarkson Differences

In the extremecase a perfectlink detectionsystem
performsperfectlyon the NED task. We gave em-
pirical evidencethatthereis not necessarilysucha
correlationatloweraccuraciesThesendings arein
accordancevith theresultsreportedn (Allan etal.,
2000Db)for topictrackingand rst storydetection.
To testtheimpactof the costfunctiononthe per
formanceof LNK and NED systemswe repeated
the evaluation with and both setto 1,
andwe foundthatthedifferencebetweerthetwo re-



Table 6: Topic-weightedminimum normalizedde-
tectioncostfor NED whenusingparametesettings
that are bestfor NED (1) and thosethat are best
for LNK (2). Columns(3) and(4) shaw the detec-
tion costsusinguniform costsfor missesandfalse
alarms.

1) (2) (3) 4)
Metric Hel Cla Hel Cla
POS
ASR stop

0.1 0.1 1 1

0.5873 0.8419 | 0.8268 0.9498
%change -  +30.24% - +14.73%

sultsdecreasefrom 30.24%to 14.73%. Theresult
indicatesthat the setting(Hel, PoS, ASRstop)
is betterat recall (identifying same-gent stories),
while (Clarity, PoS, ASRstop)is betterat pre-
cision (identifying different-eent stories).

In addition to the different costs assignedto
missesandfalsealarms,thereis a differencein the
numberof positvesandnegativesin thedataset(the
TDT costfunctionuses ). This might
explain partof theremainingdifferenceof 14.73%.

Another view on the differencesis thata NED
systemmustperformvery well on the higherpenal-
ized rst storieswhenit doesnot have ary training
datafor the new event,eventthoughit may perform
worseon follow-up stories. A LNK system,how-
ever, canafford to performworseonthe rst storyif
it compensatesy performingwell onfollow-up sto-
ries (becausderenot agged follow-up storiesare
considerednissesandthushigherpenalizedhanin
NED). Thisview explainsthebene tsof usingpart-
of-speechnformationandthe negative effect of the
ASR stop-liston NED : differentpart-of-speeckags
help discriminatenew eventsfrom old events; re-
moving words by usingthe ASR stoplist malesiit
harderto discriminatenen events. We conjecture
that the Hellinger metric helpsimprove recall, and
in astudysimilarto (Allan etal., 2000b)we planto
further evaluatethe impactof the Hellinger metric
onaclosedcollectione.g. TREC.

7 Conclusionsand Future Work

We have comparedhe effect of several techniques
on the performanceof a storylink detectionsystem
anda new eventdetectionsystem. Although mary
of theprocessingechniquesisedby oursystemsre
the same,a numberof coretechnologiesaffect the
performanceof the LNK and NED systemgdiffer-
ently. The Clarity similarity measurevasmoreef-
fective for LNK, Hellinger similarity measurevas
more effective for NED, part-of-speectwas more
usefulfor NED, andstop-listadjustmentwasmore
usefulfor LNK. Thesedifferencesmay be duein
partto areversalin thetasks:amissin LNK means
the systemdoesnot ag two storiesasbeingonthe
sameeventwhenthey actuallyare,while a missin
NED meanghe systemdoes ag two storiesasbe-
ing on the sameevent when actually they are not.
In future work, we plan to evaluatethe impact of
the Hellinger metricon recall. In addition,we plan
to useAnaphoraresolutionwhichwasshavn to im-
prove recall (Pirkola and Jrwelin, 1996)to enhance
theNED system.
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