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1. INTRODUCTION

University of Massachusettgarticipatedn all four tasksof the
TDT 2002evaluation.As our primary submissiorwe usedthesys-
tembasednthevectorspacanodelof InformationRetriesal. The
systememplagys the samesimilarity functionandthe sameweight-
ing schemdor all four tasks.The overall designof the systemwill
be detailedin section2. In section3 we describessuesspeci ¢ to
thetopic trackingtask,including the discussiorof cross-topianor
malization. We also provide experimentakesultsfrom the current
evaluation.Sectior4 describegpplicationof themodelto thetopic
detectiontask. Section5 providesexperimentakesultsfor the new
eventdetectiontaskandincludesa brief discussiorof biasin NED
scoresandour attemptto counterthebias.In section6 we describe
applicationof the baselinesystemto the storylink detectiorntask.

Sections6.1 and 6.2 describenovel researctrarriedout in the
contet of the storylink detectiontask. We stronglybelieve in the
importanceof link detectionasthe underlyingtechnologythatcan
determinesystemperformanceon the other TDT tasks. Section
6.1proposes new probabilisticmodelthatattemptdo incorporate
local dependenciesetweerthe wordsin the sentenceSection6.2
attemptgo lay down a foundationfor the useof linguistic features
in text.

2. BASELINE SYSTEM DESIGN

Thecoreof our TDT systermusesavectormodelfor representing
stories— i.e., we represeneachstory as a vector in term-space,
wherecoordinatesepresenthe frequeny of a particulartermin a
story Terms(or features)f eachvectoraresinglewords,reduced
to their root form by a dictionary-basedtemmer This systemis
basedon onethat was originally developedfor the 1999 summer
workshopat JohnsHopkins University's Centerfor Languageand
SpeechProcessing].

2.1 Comparison Models

Our systemsupportdwo modelsof comparinga storyto previ-
ously seenmaterial: centroid(agglomeratie clustering)andnear
estneighborcomparison.In previous evaluationswe determined

thatnearest-neighbaysterris almostalwayssuperioito thecentroid-
basedsystem.In this evaluationwe useda centroid-basegdystem
for thetopictrackingtask,andnearest-neighbanodelfor theother
threetasks.

Centroid. In this approachwe groupthe arriving documents
into clusters. The clustersrepresentopicsthat were discussedn
the news streamin the past. Eachclusteris representedy a cen-
troid, which is an averageof the vectorrepresentaties of the sto-
riesin thatcluster Incomingstoriesare comparedo the centroid
of every cluster andthe closestlusteris selectedlf thesimilarity
of the storyto the closestclusterexceedsa threshold, , we
declarethe story old; if the similarity exceedsa secondhreshold,

, we addthe new storyto the topic andadjustthe cluster
centroid. If the similarity doesnot exceed , we declarethe
story new, andcreatea new singletonclusterwith the story asits
centroid.Both thresholdsaresetglobally andapplyto all clusters.

Nearest neighbor. The secondapproachdoesnot attemptto
explicitly modela notion of a topic, but insteaddeclaresa story
to on the topic of the existing story mostsimilar to it. Thatis,
incoming storiesare directly comparedo all the storieswe have
seenbefore. The mostsimilar neighborsare found, andif the
story's similarity to the neighborsexceedsa threshold the storyis
declaredo be on the sametopic. Otherwise,if the story doesnot
exceedthatsimilarity with ary existing story, theincomingstoryis
declaredhestartof anew topic. In thiswork, we focusedprimarily
ontheso-calledsingle-linkapproachewhere

2.2 Similarity function

Oneimportantissuein the vectorspacemodelis the problemof
determiningthe right function to measuresimilarity betweenthe
vector The critical propertyof the similarity functionis its abil-
ity to separatestoriesthat discussthe sametopic from storiesthat
discussdifferent topics. In previous experimentswe considered
four functions:cosineweightedsum,cross-entrop andKullbach-
Leiblar divergence.For our baselineexperimentdn TDT 2002we
usedonly the cosinefunction, sinceour previous work hadshavn
it provided substantiahdvantagesandwasmorestable.

Cosine Coef cient. The cosinesimilarity is a classicmeasure
usedin InformationRetrieval, andis consistentvith avectorspace
representationf stories. The measurés simply aninner product
of two vectors,whereeachvectoris normalizedto unit length. It
representshe cosineof theanglebetweerthetwo vectors and .



(Notethatif and have unit length,the denominatoiis 1.0 and
the angleis calculatedby a simple dot product.) Cosinesimilar-
ity tendsto performbestat full dimensionality asin the caseof
comparingtwo long stories. Performancalegradesas one of the
vectorsbecomeshorter Becausef the built-in lengthnormaliza-
tion, cosinesimilarity is lessdependenbn speci ¢ termweighting,
andperformswell whenraw word countsarepresenteésweights.

2.3 Feature weighting

Anotherimportantissueis weightingof individualfeaturegwords)
that occurin the stories. The traditional weighting employed in
mostIR systemss aform of tf idf weighting. We usedthe form of
tf idf weightingemployedin the InQueryretrieval engine.

InQuery tf idf . Thetf componentf the weighting—thenum-
ber of timesa term occursin a document—representke degree
to which the term describeghe contentsof a document. The idf
component—thenverseof the numberof documentsn which a
term occurs—isintendedto discountvery commonwordsin the
collection(e.g.,function words) sincethey have little discrimina-
tion power. Below is the particulartf idf schemeusedin the In-
Queryengine:

Thetf-compcomponenhasageneraform of tf  tf , Wheretf
is theraw countof termoccurrence# thedocumentandK in u-
enceghe signi cancewe attachto seeingconsecutie occurrences
of thetermin aparticulardocumentThefunctionalform is strictly
increasingandasymptoticto 1.0 astf grows without bounds.The
effect is that we assigna lot of signi canceto observinga single
occurrenceof aterm,andlessandlesssigni canceto consecutie
occurrencesThis is basedon the obsenation that documentghat
containanoccurrencef agivenword aremorelikely to contain
successie occurrencesf

The parameteK in uenceshow aggressiely we discountsuc-
cessveoccurrencesandin InQueryis setto bethedocumentength
over averagedocumentlengthin the collection. This meansthat
shorterdocumentswill have more aggressie discounting,while
longerstorieswill notassignalot of signi canceto asingleoccur
renceof aterm. Thisform of thetf componentis generallyreferred
to as“Okapi tf” sinceit was rst introducedas part of the Okapi
system.[3]

The idf-compcomponents the logarithm of the inverseprob-
ability of the termin the collection, normalizedto be between0
andl. N denoteghe total numberof documentsn the collection,
while df shaws in how mary of thosedocumentghe termoccurs.
This particularidf formulationarisesnaturallyin the probabilistic
derivation of documentrelevanceunderthe assumptiorof binary
occurrencendtermindependence.

3. TOPIC TRACKING

In the topic trackingtaskwe aregiven a setof positive training
examples , containingstoriesthatdiscusghetargettopic,anda
setof negative examples , containinghighly-confusableexam-
plesof off-topic stories. In the currentTDT evaluation,the setof
positive examples  containeckeitherl or 4 on-topicstories,and
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Figure 1. Performance of the baseline systemon the topic
tracking task. Showing both the primary ( ) and the
alternate ( ) evaluation conditions.

theset  containedzerostories.

The applicationof our baselinemodelto the topic trackingtask
is fairly straightforvard. First, we constructanaggreaterepresen-
tation of thetopic by concatenatingll of the documentsn the
trainingset . Thenwe apply the weighting schemedescribed
in section2.3 to the resultingmulti-story document . Then,for
every new document in thetestingsetwe performthefollowing:

1. applyweightingschemdo  (section2.3)

2. computethe cosinesimilarity between and
3. normalizethe scoreto becomparablecrosgopics

Global Statistics. Whenwe apply the tf idf weightingscheme
to eitherthedocument orto ourtopic representation we make
useof the statistic,which is computedfrom the global docu-
mentfrequeng of agivenword. SinceTDT is anon-line process,
this statisticcannotbe computedrom the entirecorpus.In ourim-
plementationwe compute  only over the documentgpreceding
thecurrentdocument , plusthedocumentsn thealloweddeferral
period. In our experimentghis techniquehasbeenvery effective,
thereis almostno differencein performancdrom usingstatistics
from theentirecorpus.

ScoreNormalization. TDT requiresdocumenscorego becom-
parableacrosddifferenttopics. In the pastwe experimentedwith
several cross-topicnormalizationschemesand found the follow-
ing methodto be quite stable. First, we computethe normalizing
factor by measuringhe averagesimilarity betweenour topic
representation andevery documenin thetrainingset

Here isthenumberof documentsn thetrainingset
for every document in thetestingset,we divide the cosinesim-
ilarity between and by the normalizingfactor . Notethat
for , thenormalizingfactor , sincethetopic repre-
sentation will beidenticalto thesingledocumenin thetraining
set.

. Then,
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Figure 2: Performance of the topic detection systemon the
training set(TDT-3). Top: detection costas a function of the
clustering threshold. Bottom: DET cloud at the optimal clus-
tering threshold

Figure 1 shaws the DetectionError Tradeof (DET) curves for
the performanceof our systemon the of cial TDT 2002 evalua-
tion. We shawv DET curves both for the primary evaluationcon-
dition ( ) andfor the alternatecondition ( ). We
obsere thatperformances almostalwaysbetterwhenmoretrain-
ing examplesare available ( ). However, the differenceis
notvery large. We suspectheimprovementghatcomefrom using
a larger training setare offset to somedegreeby the fact that the
alternatecondition usedautomatictranscriptionof audio sources,
which is often quite noisy comparedto the manualtranscription
usedfor the primary evaluationcondition.

4. TOPIC DETECTION

Ourtopicdetectiorsystemoperatesn themannerde ned by the
nearest-neighbamodelof comparison.Whena new story ar
riveswe rst applyaweightingschemede nedin section2.3,and
then measurecosinesimilarity between and every other story
thatarrived before . If the similarity to somestory  exceeds
theclusteringthreshold , thenew story is putinto thesameclus-
teras , otherwisewe createabrandnew clustercontainingonly
thenew story . Thecomparisoralgorithmis naturallyquadratic
in the sizeof the datasetaswe progresghroughthe sequenceve
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Figure 3: Biasin the New Event Detection (NED) scores: sim-
ilarity of adocument to the closestdocumentin the pastin-
creaseswith the sizeof the dataset. Left: original similarities.
Right: kernel-basedmoving averageof the similarities.
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Figure4: Effect of countering the biasin NED scores.The DET
curve is marginally improved in the regionof interest. Results
areonthe TDT-3 dataset.

have to compareeachnen documento moreandmoredocuments
in thepast.To speedupthecomparisorwe incrementallyconstruct
aninvertedindex of the storiesin the stream,andthenuse asa
queryagainstthatindex. The global statisticsarecomputedn the
samemannerasdescribedor thetopic trackingtask(section3).

Clusteringthreshold hasa majorimpacton the quality of the
clusteringalgorithm. If it is settoo high, we will geta very large
numberof tiny clustersandour misserrorratewill be high. Sim-
ilarly, when the thresholdis settoo low, we will get very large
clusterghatleadto a highfalse-alarnrate. To nd theright cluster
granularitywe experimentedwith differentvaluesfor the cluster
ing thresholdon the TDT-3 dataset.Figure 2 shaws the resultof
the experiments.In the top part, we plot the detectioncostof the
clusteringasafunctionof ourthreshold . We obsenre thatoptimal
performances obsered at , andwe getreasonabl@er
formancefor setarnywherebetweer0.2 and0.23. Consequently
we set for our of cial submission.The bottom portion
of the gure shavs the DET cloud (on the TDT-3 dataset)t the
optimalthresholdsettingof

5. NEW EVENT DETECTION

Ourimplementatiorfor the New EventDetection(NED) taskis
virtually identicalto the Topic DetectionAlgorithm. Whena nev
story  arrives,we compareit to every story thatcamebeforeit.
We nd themostsimilarstory , andif the similarity between
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Figure 5: Performance of the NED systemin the of cial TDT
2002evaluation. The systemincludesthe bias-correcting com-
ponent.

and islessthanourthreshold , we declarethe storyto be new.
Otherwisethe storyis consideredld. As anNED scorewe output
the nggative of the similarity between and

Earlyin ourexperimentsve madeanobsenrationthatNED scores
are not stationary in factthey drift with the size of the dataset.
As we progresshroughthe data,for eachsubsequenstory  we
have moreandmoredocuments  to whichwe compare . Since
thereare more storiesto matchagainst,the probability of a spu-
rious matchis higher and we expectaveragesimilarity scoresto
increase.To testthis hypothesisve plottedthe similarity between
eachdocument andtheclosestdocument in its pastasafunc-
tion of the total numberof documentdn the past. The graphis
shavn in theleft half of Figure3. Becausef extremelyhigh vari-
ancein similarity scoresit is dif cult to seethetrendin similarities.
If we apply kernel-base@moothingto the original data(similar to
computinga moving average),we get a plot in the right half of
Figure 3. The plot shaws a very cleartrendin similarities: aswe
processmore and more documentsgxpectedsimilarity keepsin-
creasing.Similarly, NED scoresdecreasaswe progresshrough
thedatasetsincethey arejustthe negationof the similarities.

We attemptedo counterthetrendshawvn in Figure3 asfollows.
Firstwe t alogarithmicequationto the trendin theright half of
Figure3, andatruntime subtractedhevaluegivenby theequation
from the original similarity scorebetween andtheclosestdocu-
ment . Theresultsof this normalizationareshawvn in Figure4.
Experimentwasperformedon the TDT-3 dataset.The normalized
DET curnwe is consistentlybetterthanthe original DET curve, but
thedifferenceis very small. TheminimumNED costwasreduced
from 0.656for theoriginal runto 0.615for thenormalizedrun. Fig-
ure 5 shaws the performancef the adjustedsystemon the of cial
evaluationdata. The minimumNED costwas0.650.

6. STORY LINK DETECTION

Thebaselinemplementatiorof thestorylink detectionwashased
on the samevectorspaceframevork. Given two stories and

, we apply the weightingschemedescribedn Section2.3. The
global statisticswere computedincrementally up to the allowed
deferralperiodfor thelaterof and . After weighting,we com-

Topic Wejghted Curve —p—

putethe cosinesimilarity betweenthe two documentsandif that
similarity exceedsa thresholdwe declarethe storiesto be on the
sametopic. Performanceof that baselinesystemis shavn in the
right half of Figure6.

We considerthe Link Detectiontaskto be of foremostimpor
tancein TDT researchLink detectionis a fundamentatapability
thatliesatthecoreof all otherTDT tasks.By improving thequality
of link detectionwe shouldbe ableto improve the performancef
theothertasks.Accordingly we investedconsiderableesearclef-
fort into developingnev methoddor storylink detection.Theright
half of Figure6 shawvs the performancef thesesystemsn theof -
cial TDT 2002evaluation. In Figure6 “UMASS4” denotesa sim-
ple unigrammodelwith Jelinek-Mercesmoothing,' UMASS3" is
a languagemodelthat attemptsto capturelocal dependenciebe-
tweenwords(seesection6.1 for details)and“UMASS2” is a sys-
tembasedn linguistic featuregdescribedn section6.2.

6.1 SentencebasedLanguageModel

6.1.1 BasicldeaandMotivation

A universalfeatureof all documentds the syntacticstructure
of sentencesEachsentenceorveys a completeideaor a concept
througha speci ¢ orderingof words sampledfrom the language
vocahulary. The conceptor the semanticof the entiredocument
areultimatelyexpressedsagroupingof orderedsamplesf words
calledsentencesln otherwords, the semanticof a documentare
expressedhroughthesyntaxof sentencesdence we believe mod-
eling sentencegatherthanwordsor phrasessindividual entities,
better capturesthe underlying semanticsof the document. Uni-
gramlanguagemodelscompletelyignore the syntacticformation
of sentenceén documents.In the presentSenTee approach2],
we attemptto captureit by modelingadocumentsa collectionof
sentencesatherthanasa “bagof words'. We modeleachsentence
asatreeof wordsaswe shallseelater

6.1.2 Probability of Sentencé&enention

In the SenTee approachwe assumesachsentenceo be inde-
pendentof the other sentences.This assumptioris certainly not
valid but it is lessstringentthanthe assumptiorof term indepen-
dence. The assumptiorallows us to computethe probability of
generatiorof a storyfrom atopic modelasfollows:

@)

where isatopicmodeland isthei-th sentenceén astory
Ideally, onewould have to computethe probabilityof generatiorof
asentencasfollows:

@)

where isthei-th termand is the numberof termsin the sen-
tence . However, thedatafrom thetopicis typically very sparse
andit is almostimpossibleto computeto areasonabldevel of ac-
curay the joint probability of termsin a sentence.To overcome
this problem,we modelthe sentencessa maximumspanningree
similarto theapproactpresentedyy VanRijsbegen[4].

Using the chainrule, the joint probability in equation2 canbe
expresse@s

®)

As an approximationto this exact formula, we ignore the higher
orderdependenciem eachtermin theright handsideof equation
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Figure6: Performanceof Link Detectionsystemsonthe of cial evaluation data. Left: baselinevector-spacesystem.Right: language-
modeling systemsdescribedin sections6.1and 6.2: UMASS4 (unigram), UMASS3 (sentencer ee)and UMASS2 (linguistic roles).

3 andselectfrom theconditioningvariablespneparticularvariable
thataccountfor mostof the dependenceelation. In otherwords,
we seekanapproximatiorof theform

4)

Let be the functionthat maps into integerslessthan such
that accountsnostfor thedependencof . In otherwords,

isthevalueof thatmaximizegheprobabilitiesin equatiord.
Then,the approximateprobability of sentenceyeneratioris given
by

©)

where isde ned suchthat

(6)

If we imaginea graphof the sentencewith termsas verticesand
conditionalprobabilitiesfrom eachvertex to all vertices such
that asweighted,undirectecedgesijt is easyto seethatthe
dependenceelationsin equation5 represents& spanningtree of
the graphwhereeachedgeof the treeis chosenaccordingto the
relationin equatiord.

At this point, notethatthe expansionin equation3 is only one
of the possibleways. For instancewe could have expandedhe
joint probability asfollows too:

@)

If we usea similar approximationasabove on the new expansion
in equation7 ignoringthe higherorderdependencieandselecting
the bestconditioningvariablein eachterm, the setof dependen-
ciesstill forms a spanningtree of the graph. It is easyto seeif

we renumber as andsubstitute
in the chainrule expansion. We essentiallyend up with the same
form asin equation4. Thus,the bestapproximationto the joint

probabilitywould beoneof the  spanningreesthatbestcaptures
thedependencielearlythis is given by the Maximum Spanning
Tree(MST) overthefully connectedentencgraph.We construct
an approximateMST using a polynomial time greedyalgorithm.

Oncethe MST is constructedpne can renumberthe verticesso
thatwe canwrite theapproximaterobabilitydistributionin aform
similarto equations asfollows:

8
where isapermutatiorof thenaturalorder
and eachterm correspondgo an edgein the
MST.

6.1.3 Computinghebestapproximation

In this sectionwe will describethe computatiorof the bestap-
proximation using the MST representation.For each
sentence in thestory, afully connectedindirectedgraphis con-
structedwith thetermsasnodesanddegreeof dependencbetween
termpairsasedgeweights. Thedegreeof dependengcis measured
by the JaccardCoefcient ( ):

9)

where is the numberof sentence which the agument
occurs,thevaluetakenfrom the story from which the topic model
is generatedwhile  shouldbereadas occurringin the samesen-
tenceas'.

Thevalueof Jis assumedo be zerofor aword pairthatdoesnot
occurin the storyfrom which thetopic modelis obtained.

Wethencomputethe MST on this graphusinga greedyapprox-
imationalgorithm,in which edgeswith highestweightsarepicked
rst. Oncethe MST hasbeencomputedthe approximatingdistri-
bution  canbe written dovn by humberingthe verticesof the
treein a breadth- rst or depth- rst manner startingwith ary of
the leaf nodesasthe root node. It canbe shavn thatthe resulting
distribution will be the sameirrespectve of the root nodechosen

[4].

6.1.4 Constructingthetopic model

A topic modelprovidesuswith theestimate®f probabilitiesthat
we needin computingthe relevancescoreof a documentwith re-
spectto thetopic. In the LNK taskwe estimatetheseprobabilities



from oneof thestories  in thepair . As shawn in sec-
tion 6.1.3 all we needaretheconditionalprobabilities

for all pairsof tokensthatform edgesn the MST representationf
ary sentencén thestory . Thetopicmodelestimatesheseprob-
abilitiesusingthe maximumlik elihoodestimateasshavn below:

(10)

wherethe termsin the equationhave their usualmeaningandthe
valuesarecomputedrom story

However, sincethe datathat makes up a topic modelis typi-
cally sparsewe encountethe problemof zeroprobabilities:it is
possiblethatthereis noinstanceof and  occurringin a sin-
gle sentencén thetopic model. In suchscenariosthe conditional
probabilitywould vanish,forcing the entireprobability of sentence
generationto zero. In our model, we smoothevery conditional
probability term with the probability from a backgroundnodelas
shawvn below:

(11

where is a backgroundnodelof generalEnglish. The back-

groundmodel computeshe backgroundconditionalprobabilities

asfollows: If theterms and co-occurin atleastonesentence
in thedatabasef the backgroundnodel,we use

12)

Else,if occursin thedatabasdut and  arenotfoundto
co-occuywe usethefollowing approximation:

B— 13)

In theworstcasejf neither nor
usethefollowing approximation:

is foundin the databaseywe

(14)

where isthenumberof sentencem thebackgroundiatabase
in whichtheagument occursand is thetotalnumberof sen-
tencedn thebackgroundiatabase.

Thevalueof is determinedy performingaparametesweep
over its entirerangeof values.This involvesrunningthe modelon
a training setof datafor several valuesof andmeasuringhe
performanceof the modeleachtime. The bestperformingvalueis
thenchoserasthe default systemvalueof

6.1.5 Likelihoodratio and Mixture model

Finally, thestory'srelevancescorewith respecto atopicis given
in termsof likelihoodratiowhichis de ned by thefollowing equa-
tion:

(15)
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Figure 7: Bestperforming mixtur e modelon the training set

Note thatin computingthe probability of sentencegeneration
with respecto thebackgroundnodel , we usethesame
approximateprobabilitydistributionfunction  thatwe generated
from thetopic model.

In the StoryLink Detectiontask,unigramlanguagenodelshave
beenfound to be very effective discriminators. Hence, it makes
sensdo usethe SenTfeemodelasa sortof enhancemertb theuni-
gramapproachOnewayto accomplistthisis alinearcombination
of theunigramandSenTeescoresasshawvn belaw:

(16)

Again, is determinedy empiricalexperimentson thetraining

set.

6.1.6 Trainingthemodel

A simple parametridinear combinationof the unigrammodel
and the SenTee modelis run on a subsetof TDT2 corpusthat
consistsof 6361 manuallytranscribedstory pairs. In the mixture
model,we learnthe valuesof the smoothingparametefor the un-
igrammodel , smoothingparametefor the SenTTeemodel
andthe mixture parameter . We performeda threedimensional
parametesweepon the entirerangeof the valuesof the threepa-
rametersThebestperformingvaluesonthetrainingdataarefound
to be and The performancef
the systemthat usesthesevaluesis shavn in comparisonto the
baselineof unigrammodel( )in gure 7.

We notethatthe mixturemodelperformsbetterthanthe unigram
modelin theregionsof low falsealarm.For example,at0.1%false
alarm, the missrate is reducedby around15% comparedto the
baselineperformanceof the unigrammodel. However atlow miss
rates,the combinationperformsworsethanthe baseline. Hence
the mixture model may be preferredto the unigrammodelif the
applicationdemand®perationn theregion of low falsealarms as
mostinteractve systemsdo (low falsealarmscorrespondo high
precision).

6.1.7 Evaluationruns

In our of cial submissionfor TDT 2002, we have againused
manuallytranscribedstoriesfrom TDT4 corpus.(Sentencéound-



ary recognitionis a hardertaskin ASR outputbecausef absence
of propermpunctuation.)Theparametevaluesaresetto thebestper
forming valuesfound on thetraining setasdescribedabove. Also,
notethatwe have usedthecollectionof all theevaluatedstorypairs
asour backgrounccorpus.This amountgo a deferralconditionof
100in theLNK task.

6.1.8 Conclusions

In this work, we have presented new approachof modelinga
documenby exploiting thesyntaxof sentencesTheapproacttap-
tureswithin-sentencelependencieby modelingeachsentenceas
a maximumspanningtree of dependenceOur experimentsindi-
catethat sentencdevel dependenc aloneis not a bettermeasure
of relevancethansimpleunigramapproachput is still a gooddis-
criminatorbetweeron-topicandoff-topic storypairs.We have also
seenthatthe performancef the unigrammodelscanbe enhanced
by supplementinghe unigrammodelwith the sentencenodel.

6.2 NamedEntities and Linguistic classes

6.2.1 BasicldeaandMotivation

Unigramlanguagemodelstreatall word tokensin a news story
to be equallyimportantalthoughwe know it is not necessarilghe
case. For example,the namesof people,organizationsandloca-
tionsinvolvedin a news storymaytell usmoreaboutits topic than
say verbsandnounsused.Similarly, nounsandverbsmay contain
moretopicalinformationthanadwerbs,pronounsandconjunctions.
Our aim is to develop a probabilisticmodelthat capturesrelative
importanceof linguistic classeandnamedentitiesin anews story

6.2.2 Approac

In our approachyve categorizeword tokensin a news storyinto
threemainclassessshavn below:

1. Personsprganizationsndlocations
2. Nouns,verbsandadjecties

3. All otherwords

Givenanew story , we build a class-speci clanguagemodel
(or class-modein short)for eachclass . Theclass-model
provides the probability distributions of words occurringin that
particularlinguistic classin the topic of the document. Follow-
ing theanalogyof unigrammodels we computethe classmodelas
follows:
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where is ary word, is the modelof theclass  in story
is thenumberof occurrencesf in theclass

of story , while denoteghe total numberof wordsin
thatfall into theclass is abackgrounctorpusthattypically
consistsof a large collection of news stories. is a smoothing
parametewhosevaluecanlie arywherebetween and .

Now, givenastorypair , Wwe computetheprobabilitythat
the setof tokensin eachclass of story is generatedy the
correspondinglassmodelof story . Assumingindependencef
words,this probabilityis given by:

(18)

We then computethe likelihoodratio for eachclasswith respect
to the backgrounctorpusto normalizefor documentengthasfol-
lows:

(19)

The similarity scorebetweenthe two storiesis then given by a
weightedsummationof the Likelihood ratios of all the linguistic
classesaasshavn below:

(20)

where isthetotalnumberof classe¢3in ourapproachand is
theweightfor class thatre ectstherelativeimportanceof class
in determiningthe topic of a news story.

6.2.3 Implementatiorand Training

We have usedBBN's Identi nder to identify persons)ocations
andorganizationdn a news storyandCIIR's jtag to identify parts
of speechWe have alsousedPorter's stemmeto stemwordtokens
to theirrespectie roots. In our model,thevaluesof (assumedo
bethesamefor all classedor simplicity) andclass-weights  are
determinedempirically We performedmanuallya searchsimilar
to hill climbing with several randomrestartso determinethe best
performingvaluesof the four parametersThe valuesarelistedin
thefollowing table.

Parameter| Value
0.07
0.53
0.33
0.14

6.2.4 Evaluation

We have performedour of cial runonthe StoryLink Detection
taskusingthe manuallytranscribeccorpusof TDT4. ASR output
is typically poorin syntaxandit mayresultin noisy outputof our
automatidaggers Hencewe choseto do our runson the manually
trascribedbutput. Also, notethatwe have usedthe collectionof all
the evaluatedstory pairsasour backgroundccorpus. This amounts
to adeferralconditionof 100in the LNK task.
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