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Abstract

Story link detectionhas beenregardedas a
coretechndogy for otherTopic Detectionand
Tracking taskssuchasnew eventdetection.In

this paperwe analyzestory link detectionand
new event detectionin a retrieval framework

and examire the effect of a numbe of tech-
nigues,including part of speechtagging new

similarity measues,andan expandedstoplist,

on the performarce of the two detectiontasks.
We preseh experimentalresultsthatshav that
the utility of the technqueson the two tasks
differs, asis consistentvith our analysis.

1 Introduction

Topic Detectionand Tracking (TDT) researchs spon
soredby the DARPA TIDES progam. Theresearcthas
five tasksrelatedto organizirg streamsof datasuchas
newswire and broadtast nevs (Wayne, 20M). A link
detection(LNK) systemdetectswhethe two storiesare
“link ed”, or discusghesameevert. A storyabou aplane
crashandanotter storyabou thefunerd of thecrashvic-
timsareconsideedto belinked. In contrastastoryabaut
huricaneAndrew anda storyabouthuricaneAgnesare
notlinked becasethey aretwo different everts. A new
evert detection(NED) systemdetectswvhena story dis-
cusses previously unseerevert. Link detectionis con-
sideredto be a coretechnolgy for new evert detectim
andthe othertasks.

Several groups are perfaming researchon the TDT
tasksof link detectionand new evert detection(e.g,
(Carborell etal., 200]) (Allan etal., 2000)). In this pa-
per, we compae thelink detectim andnew evert detec-
tion tasksin aninformationretrieval framework, examin
ing the criteriafor improving a NED systembasedon a
LNK system,andgive specificdirectiors for improving
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eachsystemseparatelyWe alsoinvestigae the utility of
anumberof techniqiesfor improving the systems.

2 Common Processing and Models

The Link Detectionand New Event Detectionsystems
that we developed for TDT20® sharemary process-
ing stepsin comma. This includes prepocessing
to tokenize the data, recogrize ablreviations, normal-

ize abbreiations, remove stop-words, replacespelled-
out numkbers by digits, add part-of-speechtags, replace
the tokers by their stems, and then gererating term-
frequeng vectas. Documen frequancy countsare in-

crememally updatedas nev sourcesof storiesare pre-
sentedto the system. Additionally, separatesoure-

specific counts are used, so that, for exanple, the
term frequenciesfor the New York Times are com-
puted separatelyfrom storiesfrom CNN. The soure-

specific, incremantal, docunent frequeng/ courts are
usedto compue a TF-IDF term vector for eachstory

Stories are compared using either the cosine distance
>, F(td) f(t,da)
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termst in documentsd; andd,. To helpcompensatédor

stylistic differencesetweernvarious sourcesg.g.,news

papervs. broadcastnews, translationerras, and auto-

matic speectrecogiition erross (Allan et al., 199), we

subtractheaverageobseredsimilarity values;n similar

spirit to the useof threshold condtioned on the sources
(Carborell etal.,2001)

3 New Event Detection

In orde to decidewhetrer anew docunentd describes
new event, it is comparedto all previous docunentsand
the docunentd* with highestsimilarity is identified. If
the scorescore(d) = 1 — sim(d, d*) exceed a thresh-



old 8,, thenthereis no sufiiciently similar previousdoc-
umen, andd is classifiedasa new event.

4 Link Detection

In orderto decidewhethera pair of storiesd; andd,
arelinked, we compute the similarity betweenthe two
documentsusingthe cosineand Hellinger metrics. The
similarity metricsare combired using a suppot vecta
machire andthe mamgin is usedasa confidencemeasure
thatis thresholed.

5 Evaluation Metric

TDT systemevaluatian is basedon the numter of false
alarmsandmissesproducedby a system.In link detec-
tion, the systemshoulddetectlinked story pairs;in nen

evert detectionthe systemshoulddetectnew stories. A

detection cost

CDet = Cmiss . Pmiss . PtaT + CFA -Pra- Pnontar- (1)

is computedwherethe costsC,,,;ss andCg4 aresetto 1
andO0.], respectrdly. P,,;ss and Pr4 arethe computed
missandfalsealarmprobabilities. Py, and Py, 14, are
theaprior tamgetandnon+targetprobabilities,setto 0.2
and0.98,respectiely. The detectioncostis normalizel
by dividing by min(Ciss * Piars CF A - Puontar) SOthata
perfed systemscores), andarancm baselinescoresl.
Equalweightis givento eachtopic by accunulatingerra
prokabilities separatelyor eachtopic andthenaveraged.
Theminimum detection cost is thedecisioncostwhenthe
decisionthresholds setto the optimalconfidere score.

6 Differencesbetween LNK and NED

The condtions for falsealarmsand missesarereversed
for the LNK and NED tasks. In the LNK task, incor
rectly flagging two storiesasbeingon the sameeventis
consideedafalsealarm.In contrast,in theNED task,in-
corredly flaggingtwo storiesasbeingon the sameevent
will causeatruefirst storyto be missed.Corversely, in-
corretly labelingtwo storiesthatareon the sameevent
asnotlinkedis a miss,but for the NED task,incorrectly
labelingtwo storieson the sameeventasnot linked may
resultin afalsealarm.

In this section,we analyzethe utility of a numter of
techniqiesfor theLNK andNED tasksin aninformation
retrieval framework. Thedetectioncostin Eqn. 1 assigns
a highercostto falsealarmssinceC,,;ss - Piar = 0.02
andCr4a - Puonter = 0.098. A LNK systemshoud
minimize falsealarmsby identifying only linked stories,
which resultsin high precisionfor LNK. In contiast, a
NED systemwill minimizefalsealarmsby identifying all
storiesthatarelinked, which translatego high recallfor
LNK. Basedonthis obseration,we investigaed a num
ber of precisionandrecall enhaing techniqiesfor the
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Figurel: CDFfor cosineandHellingersimilarity onthe
LNK taskfor on-tofc andoff-topic pairs.
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Figure2: CDFfor cosineandHellingersimilarity onthe
NED taskfor on-tofc andoff-topic pairs.

LNK andNED systemsnamely part-d-speechtagging
an expandedstoplist,andnomalizing abbreviationsand
transfoming spelledout numkersinto numkbers. We also
investigatedthe useof differentsimilarity measures.

6.1 Similarity Measures

The systemsdevelgped for TDT primaily use cosine
similarity asthe similarity measureln work on text seg-
mentation(Brantset al., 2002, betterperfamancewas
obsered with the Hellinger measue. Table 1 shavs
thatfor LNK, the systembasedon cosinesimilarity per
formedbetter;in contrast,for NED, the systembasedn
Hellingersimilarity perfomedbetter

The LNK task requires high precision,which corre-
spond to a large separatiorbetweenthe on-topic and
off-topic distributions, asshavn for the cosinemetricin
Figurel. The NED taskrequres high recall (low CDF



Tablel: Effect of differentsimilarity measueson topic-
weighted minimum normalizel detectioncostson the

TDT 2002dry rundata.

System| Cosine| Hellinger Changé¥)
LNK | 0.31® 0.3777 | -0.0697¢18.9
NED | 0.70% 0.583B | +0.118&(+163)

Table2: Effectof usingpart-of-speecton minimum nor
malizeddetectiom costsonthe TDT 20@ dry rundata.

System| — PoS| + PoS Changg%)
LNK | 0.3180 | 0.3334 | -0.0154 (—4.8%)
NED | 0.6403 | 0.5873 | +0.0630(+8.3%)

valuesfor on-togc). Figure 2, which is basedon pairs
thatcontainthe currentstoryandits mostsimilar storyin
thestoryhistory shavs a greaterseparatiorin thisregion
with theHellingermetric. Forexample,at10%recall, the
Hellingermetrichas71%falsealarmrateascompaedto
75%for the cosinemetric.

6.2 Part-of-Speech (PoS) Tagging

Toreduceconfusionamongsomeword sensesyetagge
the terms as one of five categyories: adjectve, noun
proper nowns,verh or other andthencombiredthe stem
andpart-d-speechto createa “taggedterm”. For exam
ple, ‘N _train’ repesentghe term ‘train’ whenusedasa
noun TheLNK andNED systemsveretestedusingthe
taggedterms. Table2 showvs the oppositeeffect PoStag-
ginghason LNK andNED.

6.3 Stop Words

The broadtast news documentsin the TDT collectin
have beentranscribedusing Automatic SpeechRecog-
nition (ASR). Thereare systematidifferercesbetween
ASR and manually transcribedext. For examge “30”
will bespelledout as“thirty” and‘CNN" is represents
asthreeseparatdgokens“C”, “N”, and“N”. To hande
thesedifferencesan“ASR stoplist” wascreatedy iden-
tifying termswith statisticallydifferentdistributionsin a
parallelcorpusof manuwally andautomaticallytranscribel
documentsthe TDT2 corpus. Table3 shaws that useof
an ASR stopliston the topic-weighied minimum detec-
tion costsimpravesresultsfor LNK but notfor NED.

We also performed“enhancedprepraessing”to nor
malize ablreviations andtransfom spelled-ait numkers
into numeals, which improves both precisionand re-
call. Table3 shawvs thatenhamedprepraessingexhibits
worseperfomancethanthe ASR stoplistfor Link Detec-
tion, but yieldsbestresultsfor New Evert Detection.

Table3: Effed of usingan“ASR stoplist”and“enhanced
prepocessing’for handing ASR differercesonthe TDT
2001evaluationdata.

ASRstop| No Yes No

Prepoc | Std Std Enh
LNK 0.312 | 0.29 (+4.4%) | 0.30L (+3.3%)
NED 0.606 | 0.641(-55%) | 0.587 (+3.1%)

7 Summary and Conclusions

We have preseted a comparisonof storylink detectim
andnew evert detectionin aretrieval framewvork, shawv-
ing that the two tasksare asymmetc in the optimiza-
tion of precision andrecall. We perfamedexperiments
compmringthe effect of severaltechnigeson the perfa-
manceof LNK andNED systemsAlthough mary of the
processingtechnigesusedby our systemsarethe same,
the resultsof our experimentsindicate that sometech-
niques affectthe performarce of LNK andNED systems
differently. Thesedifferercesmay be duein partto the
asymmety in thetasksandthecorrespadingdifferences
in whetherimproving precisionor recallfor thelink task
is moreimportan.
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