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Abstract

Story link detectionhas been regardedas a
coretechnology for otherTopic Detectionand
Tracking taskssuchasnew eventdetection.In
this paperwe analyzestory link detectionand
new event detectionin a retrieval framework
and examine the effect of a number of tech-
niques,including part of speechtagging, new
similarity measures,andanexpandedstoplist,
on theperformanceof the two detectiontasks.
We present experimentalresultsthatshow that
the utility of the techniqueson the two tasks
differs,asis consistentwith ouranalysis.

1 Introduction

Topic Detectionand Tracking (TDT) researchis spon-
soredby theDARPA TIDES program. Theresearchhas
five tasksrelatedto organizing streamsof datasuchas
newswire and broadcast news (Wayne, 2000). A link
detection(LNK) systemdetectswhether two storiesare
“link ed”, or discussthesameevent. A storyabout aplane
crashandanotherstoryabout thefuneral of thecrashvic-
timsareconsideredtobelinked.In contrast,astoryabout
hurricaneAndrew anda storyabouthurricaneAgnesare
not linkedbecausethey aretwo different events. A new
event detection(NED) systemdetectswhena storydis-
cussesa previously unseenevent. Link detectionis con-
sideredto be a coretechnology for new event detection
andtheothertasks.

Several groups are performing researchon the TDT
tasks of link detectionand new event detection(e.g.,
(Carbonell et al., 2001) (Allan et al., 2000)). In this pa-
per, we compare thelink detection andnew event detec-
tion tasksin aninformationretrieval framework,examin-
ing thecriteria for improving a NED systembasedon a
LNK system,andgive specificdirections for improving

eachsystemseparately. We alsoinvestigate theutility of
a numberof techniquesfor improving thesystems.

2 Common Processing and Models

The Link Detectionand New Event Detectionsystems
that we developed for TDT2002 sharemany process-
ing steps in common. This includes preprocessing
to tokenize the data, recognize abbreviations, normal-
ize abbreviations, remove stop-words, replacespelled-
out numbersby digits, addpart-of-speechtags,replace
the tokens by their stems,and then generating term-
frequency vectors. Document frequency countsare in-
crementally updatedas new sourcesof storiesare pre-
sentedto the system. Additionally, separatesource-
specific counts are used, so that, for example, the
term frequenciesfor the New York Times are com-
puted separatelyfrom storiesfrom CNN. The source-
specific, incremental, document frequency counts are
usedto compute a TF-IDF term vector for eachstory.
Storiesare compared using either the cosinedistance���������
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terms 7 in documents � 	 and � � . To helpcompensatefor
stylistic differencesbetweenvarious sources,e.g.,news
papervs. broadcastnews, translationerrors, and auto-
matic speechrecognition errors (Allan et al., 1999), we
subtracttheaverageobservedsimilarity values,in similar
spirit to theuseof thresholds conditionedon thesources
(Carbonell et al., 2001)

3 New Event Detection

In order to decidewhether anew document � describesa
new event,it is comparedto all previousdocumentsand
the document �98 with highestsimilarity is identified. If
the score ��:�;'<�=
�-�
�>�@?BAC�����,�-�9�
�D8�� exceeds a thresh-



old E�F , thenthereis no sufficiently similar previousdoc-
ument, and � is classifiedasa new event.

4 Link Detection

In order to decidewhethera pair of stories �G	 and �
�
are linked, we compute the similarity betweenthe two
documentsusingthe cosineandHellinger metrics. The
similarity metricsare combined using a support vector
machine andthemargin is usedasa confidencemeasure
thatis thresholded.

5 Evaluation Metric

TDT systemevaluation is basedon the number of false
alarmsandmissesproducedby a system.In link detec-
tion, thesystemshoulddetectlinkedstorypairs; in new
event detection,thesystemshoulddetectnew stories.A
detection costH4IKJ � � HMLON F!F 3+P LON F!F 3�P �-Q5RTS H4UWV 3�P UWV 3�PYX�Z
X �-Q5R\[ (1)

is computedwherethecosts
H]L4N F!F and

HOUWV
aresetto 1

and0.1, respectively. P LON F!F and P U^V arethe computed
missandfalsealarmprobabilities. P �-Q5R and P X\Z*X �-Q�R are
theapriori targetandnon-targetprobabilities,setto 0.02
and0.98,respectively. Thedetectioncostis normalized
by dividingby min � H LON F!F 3�P �-Q5R � H UWV 3�P X�Z
X �-Q5R � sothata
perfect systemscores0, anda random baselinescores1.
Equalweightis givento eachtopicby accumulatingerror
probabilitiesseparatelyfor eachtopicandthenaveraged.
Theminimum detection cost is thedecisioncostwhenthe
decisionthresholdis setto theoptimalconfidencescore.

6 Differences between LNK and NED

The conditions for falsealarmsandmissesarereversed
for the LNK and NED tasks. In the LNK task, incor-
rectly flagging two storiesasbeingon thesameevent is
consideredafalsealarm.In contrast, in theNED task,in-
correctly flaggingtwo storiesasbeingon thesameevent
will causea truefirst storyto bemissed.Conversely, in-
correctly labelingtwo storiesthatareon thesameevent
asnot linkedis a miss,but for theNED task,incorrectly
labelingtwo storieson thesameeventasnot linkedmay
resultin a falsealarm.

In this section,we analyzethe utility of a number of
techniquesfor theLNK andNED tasksin aninformation
retrieval framework. Thedetectioncostin Eqn.1 assigns
a highercost to falsealarmssince

H_LON F!F 3�P �-Q�R �a` [ `�b
and

H UWV 3cP X\Z*X �-Q�R �d` [ `\e�f . A LNK systemshould
minimizefalsealarmsby identifying only linkedstories,
which resultsin high precisionfor LNK. In contrast, a
NED systemwill minimizefalsealarmsby identifying all
storiesthatarelinked,which translatesto high recall for
LNK. Basedon this observation,we investigateda num-
berof precisionandrecall enhancing techniquesfor the
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Figure1: CDF for cosineandHellingersimilarity on the
LNK taskfor on-topic andoff-topicpairs.
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Figure2: CDF for cosineandHellingersimilarity on the
NED taskfor on-topic andoff-topicpairs.

LNK andNED systems,namely, part-of-speechtagging,
anexpandedstoplist,andnormalizingabbreviationsand
transformingspelledoutnumbersinto numbers.We also
investigatedtheuseof differentsimilarity measures.

6.1 Similarity Measures

The systemsdeveloped for TDT primarily use cosine
similarity asthesimilarity measure.In work on text seg-
mentation(Brantset al., 2002), betterperformancewas
observed with the Hellinger measure. Table 1 shows
that for LNK, thesystembasedon cosinesimilarity per-
formedbetter;in contrast,for NED, thesystembasedon
Hellingersimilarity performedbetter.

The LNK task requires high precision,which corre-
sponds to a large separationbetweenthe on-topic and
off-topic distributions, asshown for thecosinemetric in
Figure1. The NED taskrequires high recall (low CDF



Table1: Effect of differentsimilarity measureson topic-
weightedminimum normalized detectioncostson the
TDT 2002dry rundata.

System Cosine Hellinger Change(%)
LNK 0.3180 0.3777 -0.0597(-18.8)
NED 0.7059 0.5873 +0.1186(+16.3)

Table2: Effectof usingpart-of-speechonminimumnor-
malizeddetection costsontheTDT 2002 dry rundata.

System A PoS S PoS Change(%)
LNK 0.3180 0.3334 -0.0154( Ahg [ f %)
NED 0.6403 0.5873 +0.0530( S f [ i %)

valuesfor on-topic). Figure2, which is basedon pairs
thatcontainthecurrentstoryandits mostsimilarstoryin
thestoryhistory, showsagreaterseparationin thisregion
with theHellingermetric.Forexample,at10%recall,the
Hellingermetrichas71%falsealarmrateascomparedto
75%for thecosinemetric.

6.2 Part-of-Speech (PoS) Tagging

Toreduceconfusionamongsomewordsenses,wetagged
the terms as one of five categories: adjective, noun,
propernouns,verb, or other, andthencombinedthestem
andpart-of-speechto createa “taggedterm”. For exam-
ple, ‘N train’ representsthe term ‘train’ whenusedasa
noun. TheLNK andNED systemsweretestedusingthe
taggedterms.Table2 shows theoppositeeffectPoStag-
ginghasonLNK andNED.

6.3 Stop Words

The broadcast news documents in the TDT collection
have beentranscribedusing Automatic SpeechRecog-
nition (ASR). Therearesystematicdifferencesbetween
ASR andmanually transcribedtext. For example “30”
will bespelledout as“thirty” and‘CNN” is represented
as threeseparatetokens“C”, “N”, and “N”. To handle
thesedifferences,an“ASR stoplist”wascreatedby iden-
tifying termswith statisticallydifferentdistributionsin a
parallelcorpusof manually andautomaticallytranscribed
documents,theTDT2 corpus. Table3 shows thatuseof
an ASR stopliston the topic-weighted minimum detec-
tion costsimprovesresultsfor LNK but not for NED.

We alsoperformed“enhancedpreprocessing”to nor-
malizeabbreviations andtransform spelled-out numbers
into numerals, which improves both precisionand re-
call. Table3 shows thatenhancedpreprocessingexhibits
worseperformancethantheASRstoplistfor Link Detec-
tion, but yieldsbestresultsfor New Event Detection.

Table3: Effect of usingan“ASRstoplist”and“enhanced
preprocessing”for handling ASRdifferencesontheTDT
2001evaluationdata.

ASRstop No Yes No
Preproc Std Std Enh
LNK 0.312 0.299 (+4.4%) 0.301 (+3.3%)
NED 0.606 0.641(-5.5%) 0.587 (+3.1%)

7 Summary and Conclusions

We have presented a comparisonof story link detection
andnew event detectionin a retrieval framework, show-
ing that the two tasksare asymmetric in the optimiza-
tion of precision andrecall. We performedexperiments
comparingtheeffect of severaltechniqueson theperfor-
manceof LNK andNED systems.Although many of the
processingtechniquesusedby our systemsarethesame,
the resultsof our experiments indicatethat sometech-
niques affect theperformanceof LNK andNED systems
differently. Thesedifferencesmay be duein part to the
asymmetry in thetasksandthecorrespondingdifferences
in whetherimproving precisionor recallfor thelink task
is moreimportant.
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