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Abstract

We describea new probabilisticapproat in the language modelingframework that capturesadaptvely
thelocal termdepemenciesn documats. The nev modelworks by boostingscoresof documentsthat con-
tain topic-specificlocal depandenciesand exhibits the behaiior of the unigrammodelin the absencef such
dependacies. Contributions of the currentwork include adaptingvan Rijsbegens (van Rijsbegen, 1979
work in the classicalprobabilisticframework to the languagemodelingframevork and adaptve modelingof
within-sentenceleperencies.

We evaluatedour modelontwo differenttasksof the Topic DetectionandTracking(TDT) researclprogram,
namelyStoryLink DetectionandTopic Tracking. Our resultsshowv thatthe Local depen@éng/ languagemodel
consistentlyoutperformshe basicunigrammodelon boththetasks.

1 Introduction

LangwageModds have beenfoundto be very effedive in severalinformationretrieval tasks. In the Language
Modeling appoach,we measureelevane of a docunent (or a quey) to a topic by the probaility of its gen-
erationfrom the topic model (Porte andCroft , 1998. Onemajorassumptiormadein the unigamlanguag
modding is thenave Bayes'assumptiorf indepenlenceof all termswith respecto oneanotter. Thisallowsus
to compue the probability of generatio of adocurent D from atopic modé M asthe product of probabilities
of geneationof eachtermin thedocunent,asshavn in thefollowing equatia:

|D|
P(DIM) = [] Plwi|M) (1)

w is atermin thedocument.



But to quae the famots probability theoist De Finetti, “deperdenceis the norm ratherthanthe cortrary”
(De Finetti, 1974. From our own uncerstandig of naturallanguage, we know that the assumptiorof term
independences a matterof mathenatical corvenierceratherthanareality.

However, the ‘bag of terms’ appioachof the unigram languagemodel, asshawvn in equdion 1, ignoresall
the depemnlenciesandary otherpositioral informationof termsin the doaument. Hence,it seemsdesirableto
have amoresophisticatednodé thatis capableof captuing thesemantic®f docunentsratherthanjusttheterm
distributiors. A first steptowardsachieving this objectie is capturirg term depemnlencies sincedepermlencies
establishassociationbetweertermsandmayshedmorelight ontheunderlying semantic®f thedocumentthan
unigramtermdistributionsalone.

Thepresehwork is anattemptto relaxthe naive Bayes’assumptia through captuing local termdepemen-
ciesusinganew variationof thelanguge modeling appoach.

The remairder of the repat is organized asfollows. Section2 summaizes attemptsmadein the pastin
captummg dependenciesWe presehthe methalology of the new Adaptive Local Dependency (ALD) languag
modding apprachin section3. In this section,we describethe motivation behindthe appoachand several
modding issuesinvolved. We evaluatethe compledity of ALD modé andcompae it with thatof the unigran
modé in sectiond. In section5, we presenta few interestinginsightsinto why we think our new model works
betterthanthe unigammocdel. Section6 describe someof theimplemenationdetails,while section? presents
abrief descriptionof Topic Detectionand Trackng paradgm andtwo subtasksalledLink detectionandTopic
tracking In section8, we describehe expaimentsperiormedandpresenthe resultsobtainedon two different
tasks.Section9 endsthediscussiomwith afew obsevationsandremarls onthe performane of the ALD mockl.

2 Past work

A vastmajority of IR modelsassumeéndependencenf termsbecausehe assumptiodeadsto a tractablerepie-
sentatiormndmostIR systemspracticallyhave workedwell uncer this assumption Therehave beenvery few
successfuattemptsat modeling depenenciesespeciallyin the domainof formd probabilistic models.

Keith van Rijsbegenpresentedn apprachto captue documentlevel termdepedencieswithin the frame-
work of the Binary Indgpendene Retrieval model (RobertsorandSparckJones,1976). His probabilisticmod
eling appoachusing Expectel Mutud Information Measure(EMIM) scoresbetweenterms (van Rijsbegen
, 1979. A maximum spannig treeis constructd, with the termsasthe nodesandthe EMIM scoresasthe
weightededgesThetreecaptuesthemaximumdepeenciesetweertermsin thedocunent. Thesedeperen-
ciesareusedin compuing the similarity scorebetweenwo doauments.However, the appoachunfortundely
did notshav promisingresults.

In otherrelatedwork, RobertsorandBovey (RobertsorandBovey , 1982 tried including term pairsthat
have obserable depedenciesas separateaermswith weightsslightly different from the sumof weightsor in
someotherway to allow for specificdepenlencies.

Turtle and Croft (Turtle and Croft, 1990) investigatedthe useof an explicit network representatiorof de-
pendnciesby mears of Bayesiarinferercetheol. Theuseof sucha network genealizesexisting probabilistic
modéds andallows integrationof seseralsourcef eviderce within a singleframework.

FungandCrawford (Fungetal., 1990 worked on concep basednformationretrieval that capturs depen
denciesetweericoncepts’usinga Bayesiarinferencenetwork. Onedravbackof this apprachis thattheuser
hasto identify the conceps manuallyin eachdocunent.



Attemptswerealsomadeto captue termdepenénciesusingthevecta spacemockl. Thegereralizedvecta
spaceanodel (Wongetal., 198) is onesuchexamge which shavedencairagingresults.

In theareaof langu@yemodeling, mostattemptsat capturirg depenlenciehave beenin theform of multigram
langilagemodds (SongandCroft, 1999. Bigramandtrigram modes, thowgh highly successfuin the speech
recoqition task,have not metwith greatsuccesdn the domainof informationretrieval systems.

In avery recern work, NallapatiandAllan (Nallapdi andAllan, 20@) have shavn thatmodelirg sentences
asmaximum spannig treesin thelanguagemodelirg framawvork, similar to vanRijsbegen’s (vanRijsbegen,
1979 modelingof documents,holds somepromisein capturirg local depedencies.Their SenTree modeldoes
not perform aswell as unigram model, but they found that a linear mixture of SenTee and unigmm models
betterghe unigran performane, but only in regions of low falsealarm.

Thepresehwork, the Adaptive Local Dependency (ALD) languag@ modé is animprovemen onthe SenTee
modd. TheALD modéd combine thefeatureof bothunig.amandSenTeemodelsinto asingleframework. We
will shaw in ourresultssectionthatthenew mockl corsistentlyoutpeformsthe uniggammockel on two different
TDT tasks.

3 Methodology

Ourgoalis to build atopicmodelfrom astory D, or asetof stories{ Dy, .., D, } andthendecidewhetheranew
story sayD,1, is predictedby thatmodd. This sectiondescribeshe methoalogy of the new model.

3.1 Exploiting sentence structure

A universalfeatureof all documentsis the syntacticstructureof sentencesEachsentenceonveys a compete
ideaor aconcep through a specificorderirg of termssampledrom thelanguag vocalulary. The samplingand
ordeing of termsdepend on the intended conceptandthe underlying gramnar of the languae. The corcepts
or thesemantic®f theentiredocunentareultimately expressedasa growping of suchordeed samplesf terms
calledsentencesin otherwords, the semanticof a doaumentare expressedhrough the syntaxof sentences.
Hence,we believe modding sentences;atherthantermsasindividual entities,bettercaptureshe undetying
semantic®f thedocurnent.

As we have seerearlier unigramlanguag@ mocels completelyignore the syntacticformation of sentencem
documents.In thepresehappoach we attemptto captueit by modelingadocumentasacollectionof sentences
ratherthanasa ‘bag of terms’. We mockl eachsentencgrarhically, asaforestof termsaswe shall seelater.

3.2 Probability of Sentence Generation

IntheALD languagemockl, we assumeachsentencéo beindepeentof theothersentencesThisassumptio
is certainlynotvalid but it is lessstringen thanthe assumptia of termindepenlence Theassumptiorallows us
to compue the probability of generatia of a storyfrom atopic modelasfollows:

P(DIM) = [] P(S|M) @)
SeD



where M is atopic modeland.S is a sentencen a story D. Thetricky partis computing the probability of
geneationof eachsentenceldeally, onewould compue the probability of geneationof a sentencasfollows:

P(S|M) = P(wy,wa, -...., wn | M) 3)

wherew; is thei-th termandn is thenumbe of termsin thesentenceS. We alsoassumeéhatall thetermsin the
sentencareunique,i.e., weignore ary repeatedccurencef termswithin asentenceThisassumptiorallows
usto formulateour mockl in acleanway.

The joint probaility in theright hard sideof equatia 3 is almostimpossibleto estimatedueto the sparse
natureof training data. To overcomethis prodem, we modelthe sentencesa forestin anapprachmotivated
by vanRijsbegenswork. (vanRijsbegen, 1979.

Given a sentenceS anda model M, we first definethe following undirected, weighted graph G(V, E) as
shavn below.

V = {wweS} )
E = {(wi7wj) | w;, wj € Vi P(’U},,’UJ”M) > 0} (5)

and

V(wi,wj) € E,

W(wi,wj) = I(wi,wj|M)

Log— Pt us1M)
P(ws| M) P(w;| M)

(6)

where P(w;, w;| M) is the prabability thatw; andw; co-cccurin the samesentenceyiven the model A/ and
W (w;,w;), theweightassignedo theedge (w;, w;) is equa to themocel specificpointwisemutual information
measure(Mannng andSchutze 1999.

In otherwords,the setof nodesV in the graphG correspondsto the termsin the sentenceS andan edge
existsbetweertermsw; andw; with aweightI(w;,w;|M) if andonly if they have anon-zrojoint probability
of within-sentence-coccurencewith respectto the mocel. An examge sentenceraphG is illustratedin
figurel. Thegramh hasthreeconrectedcompmnentsC, C; andC's asshavn andcorrespndsto a sentences
thatconsistof theterms{w;, ..., ws }. Thethicknessof the edgesds indicéive of the valueof edgeweightor
the prokability of within-sentexe co-accurrerce with respecto themodel.

Thefirst assumptio we malke is thatthe generéion of termsin eachconrectedcompnert in thegraph G is
independentof termsin otherconrectedcompaments.If wc = {w|w € C} is thesetof termsin a connectd
commnentC of G, thenwe canwrite

P(S|M) ~ [] P(wc|M) (7)
CeG

whereP(wc|M) is thejoint prabability of all thetermsin theconnectedommnentC. In theexamge of figure



w7

wl

w8

C3

w5
w2

Cc2

O w4

w3

Figure 1: A sentencé&raph

1, theprolability of sentencgeneationcanbeapprximatedasshovn below.

P(wla"7w8|M) ~ P(Wcl|M)P(WC2|M)P(Wcs|M)
= P(wlaw27w77w8|M)P(w3|M)P(w4a71)57wGlM) 8

Let’snow considehow to appraximatethejoint probability of termsin aconnectedompaentC of G, given
by P(wc|M). Here,we follow the appioachlaid out by van Rijsbegen (vanRijsbegen, 1979. We assume
thatthejoint prabability is equalto the product of first order depenénciesasanappioximatian to thechainrule
shavn below.

P(wi,...,wn|M) = Pywi,...,w,|M)

= ﬁ P(wm,

i=1

Wy M) 0 < j(6) <i
(©)

where(my, ..., m,,) is apernutationof theintegeis 1, .., n and; (%) is afunction mapping into integerslessthan
i and
P(wm,

Wing, M) = P(wp, | M) (10

Thepermutationandthefunction j(.) togetter definea deperiencetreeandthe corresponéhg joint distribution
P;() is calleda praobability distribution of first-order treedeendence

A prodem thatremainsis finding the depadencereethat bestapproxmatesthe original joint distribution.
We areaidedhereby a resultby Chav andLiu (Chawv andLiu , 1969 thatshavedthatif the edgeweights
betweerthe termsaremeasurd by expectedmutud information measurethenthe bestapprximation P; that
hasthe leastrelative entropy with thetruejoint is given by the maximum spaning tree(MST) onthevariables
w1, Wa, ..., W. Oncethe MST is found, we cancomptue the appoximatejoint Py (w;,...w,) by traversirg
breadh-wise or depth-wise on the MST startingfrom ary leaf nodeand defining the direction of the edges



to be sameasthe diredion of traversal. It canbe easily shavn using Bayes'rule that the appraximate joint
P, (w1, ...w,) remainghe samerrespectve of the startingnodechosen.

For example let’s considerthe graph in figure 1. For eachcompnent,we build a maxmum spanniig tree
anddefinethe appoximatejoint by the directededgesasshavn in figure 2. The directionof conditining is
marked by thedirectian associateavith anedge As thefigureindicateswe chosevertex w » asthe startingleaf
nodeof compamentC, . Similarly, w, is the startingnodeof compmentC's. ComporentC, is asingletonnoce,
hencethereis no treeassociatedvith it. Theappioximatejoint probability of termsin eachcompaentis given
asfollows.
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C1
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‘»vcz O

Figure 2: Bayesiametworks definedon eachconrectedcompaments maximumspanniig tree

P(we,|M) =~ P(wr|lwy, M)P(ws|lwy, M) x
P(w:|ws, M) P(w,|M)
P(wc,|M) = P(ws|M)
P(wes|M) =~  P(ws|ws, M)P(welws, M)P(ws| M) (11

Thus, we seethat eachsentencas modeledas a mocel-depedentforestconsistingof treesand singletm
nodes.

3.3 Estimati ng the model parameter s

As we have seenin section3.2,to estimatehe probaility of sentencgeneratia, all we needaretheconditioral
protabilities of theform P(w;|w;, M) for the depewlenciesn the MST andunigram probabilities of the form
P(w;|M) for theleaf nodesin the MST andsingletonnodesthat have no depenénciesassociateavith them.
Typically theseparanetersof the modelareestimatedrom a singledocunentor a setof doauments.Let D be
thedocunentfrom which we estimatehe mocel parametes. We usethe maximum likelihoad estimatedor the



modé parametesasshavn below:

C(U}i, D)
EweD C(w7 D)

ZwEGE C(’LU, GE)
whereC(w, D) is the nunber of occurencesof termw in docunentD andGE is alarge corpus of geneal

English.We have useda smootling paraméer A to prevent zeroprokabilities of unigrams.
Thefollowing maximum likelihood estimatesreusedto compue thejoint andcondtional prokabilities:

P(w;| M) = A +(1-=X

(12)

1 1

Plwi,w;|M) ~ = Y —— (13
151 &5 Islea
1 1

Plwilwj, M) ~ 1 > 1 (14

whereS is thesetof all sentences D, S;; is thesetof sentencein D thatcontan thewordsw; andw; andsS;
is the setof sentence# D thatcontainthe word w;. Note thatwe have not usedary smootling in estimating
thejoint andcondtional prokabilities.

3.4 Likelihood ratio

Finally, the story’s relevarce scorewith respecto amodé is givenin termsof likelihoad ratio whichis definel
by thefollowing equation:

P(D|M)
P(D|GE)
[Isep P(SIM)
HweD P(w|GE)

Score(D, M)

(19

Note thatin computing the probability of docunent generatio with respectto the gene&al English model
P(D|GE), we usetheunigrammodel. Compuing thelik elihoodratio with respecto thegeneal Endish model
provides a soundbasisfor comparisonof relevarce and also senes as a normalizirg factorto sentenceand
documentlengths.

4 Computational comple xity

In this subsectiorwe discusghe time andspaceconplexity of implemering the ALD modelwith respecto a
singlestoryastheinput. We will assumehatthestorycontairs N sentenceandatmostT’ termspersentence.
Therunnirg time of eachstepin the algoiithm is presentedbelow:

1. Constretingthegraph G of asentence with weightededgesThis requires compuing pointwise EMIM
for all pairsof termsin the sentencegachof which canbe dore in constantime usinghashtables.Thus,
this stephasa comgexity of O(T?).

2. Buildingamaximumspanningreefor eachof theconponen. TheworstcasearisesvhenG is afully con-
nectedgraph. We useagreedyalgoithm to build the MST. Therumingtime of this stepis O(T 2 Log(T))



Data set Unigram | ALD
Train Set(6,361 pairs) | 3 15
TestSet(27,5338pairs) | 10 70

Figure 3: Compaison of averag runtime of unigam andALD mockls on training andtestsetsin the link
detectiortask: All valuesarein second.

if we usedisjoint-setforestimplementationwith unionby rankandpathcompessiorheuristics (Cormen
etal., 1990)

3. Compuing the probability of occurenceof thesentencérom thetopic modelandthebackgoundmodels:
This requres geneatingthe condtional protabilities of eachedge in the MST andthe unigram prababil-
ities of the startnodeandary othersingletonnoces, eachof which canbe donein constantime. Hence,
this stephasa compgexity of O(T"), whichis thesizeof the MST.

Thus, the overall runring time persentencés O(T 2 Log(T)). Thus, for the entiredocunent, the comgexity
is simply given by O(N) x O(T%?Log(T)) = O(T?N Log(T')). In comparison,the unigran modelhasatime
compexity of only O(TN).

In pradice, we noticethat the run time of the ALD modelis only about5-7 times higher thanthat of the
unigmmmodelasfigure 3 indicates.We believe that despitethe slightly lower speedit is still fastenoudy for
mostrealtime applicatiors, consideing thefactthatthe ALD mockel canprocessaasmary as24,@0 story pairs
aminute.

Let usnow look at the space-cmplexity of the model. Clearly, we needto index the joint and conditioral
prokabilities for eachpair of terms(w;, w;) in a sentenceS in order to build the gragh G' (equation 5) and
evaluatethejoint prokability of a sentencever the maxinum spanniiy treeof eachcompnentin G. Thus each
sentenc@eedsa spaceof O(T'?), henceeachdocunentneedsa spaceof O(T'2N). Theunigmmmodel,on the
otherhand hasa space-comlexity of only O(NT).

5 Discussion

In this sectionwewill try to justify modelirg within-sentencelepelenciesandexplain theintuition behird why
we expectthenew mode to perform betterthanthetraditional unig)ammodel. Apartfrom effectivenesswe will
alsodiscusghefeaturesof the algorithm thatmalesit efficient.

5.1 Why model sentences?

We believe thatthe mostsignificantdepedenciesbetweertermsoccurwithin a sentencén the form of noun
phrasege.g., graywhale,balloonradwenture, Navy-saila), prope nanes(e.g., Timothy-McVeigh, Bill-Clinton),
associationg¢e.g., Glenn-NASA, asteroid-eah, SchindlerOscar Bush-Washingon), etc. Depemlenciesdo exist
outsidesentencdoundiriestoo, but we positthatthey donottendto beasstrong Thisintuition explains several
attemptsin the pastto incorpaate nounphrases,prgper nameassociationsetc. explicitly in retrieval models
(Croftetal., 1991). We believe our mocel includesall of thoselocalizeddepemnlenciesnatuglly into a unified
prokabilistic framewvork. Froma computationalviewpant, modelingonly within-senterse depenénciessaves
uscorsiderablecomputationalcostsin comparisonto modelirg depenénciesover the entiredocument(section
4), atthe sametime hopetilly not compomisingtoo muchon effectiveness.



5.2 How might it help impr ove effectiveness?

Recallthat our taskis to compue the probability of geneation of story D » with respectto a model M (D)
estimatedrom story D;. We will focus onthegeneréive probaility P(S|M (D)) of aparticdar sentences in
D, forillustration.

Considerthe gragh G of S definedwith respecto the modelof D . Letw; andw; betwo termsin S. As
shavnin equatia 5, anedge(w;, w;) existsin G if andonly if the protability of within-sentence-coccurence
P(w;,w;|M) is non-zeo. Sincewe estimateP(w;,w;|M) (seeequationl3) entirely from D4’s statistics,it
follows thatan edge(w;, w;) existsin G only if thetermsw; andw; co-accurin atleastonesentencén D .
Call all term pairs (w;, w;) of S thatco-occu within a sentencéowndaryin D ‘active’ term pairs. Thusall
edgesin G correspondto active term pairsof S. If the edge(w;, w;) happ@sto be a part of the maximun
spanniigy tree of oneof the compmentsC in G, then,the appoximategeneative prokability of the sentence
P(S|M(Dy)) will containatermof theform P(w;|w;, M) (seeequation 11 for exanple). Thusin effect, the
ALD modé searchedor active termpairsin S andcomputestheir condtional probabilities, while computing
unigramscoredor all othe terms. In the absencef ary active term pairs,the ALD model smootly collapses
to a unigramgeneratie mockl sincethe grapgh G would thenonly consistof indepeidentsingletonnodes.

While it is certainlynot guaranteedoy theory it turns outthatthe maxinum likelihoad estimateof the cond-
tional probability P(w;|w;, M) is almostalwaysan orderof magnitue higher thanthe corresponéhg unigram
estimateP (w;|M). This canbe attributedto thefactthatco-ocairrene of ary pair of termsis typically a much
rarerevert thaneachof their occurences. Thus,if the sentenceS contairs mary active term pairs, the ALD
modé booststhe generatie probability P(S| M) via thecondtional protabilities.

We expectthatthe sentenceS cortains consideable number of active term pairsif D 5, the docunent that
contairs S, is onthesametopic asthatof D; andnore otherwise.ln suchascenarioif D is ontopic,thescore
assignedy ALD mocel is typically muchhigherthanunigramscore.If D 5 is off-topic with respecto D1, the
geneative probaility computedby the ALD modelcorrespondso unigramscore.Thus we expectthaton-topc
pairsandoff-topic pairsarewell-separatethy the ALD modelresultingin betterperfamance.

5.3 What makes it efficient?

A simpleunigran modé hasprovennotonly vely effective in mostIR tasksbut is alsooneof the mostefficient
algorithmsin termsof its time andspacecomgexity, mainly owing to its simplicity. Any mocel thatincompo-
ratesmoreinformationthansimpletermdistributionsaloneseemdo invarably losesout to unigam modelon
efficiency. We believe thatwe have managdto improve onthe effectivenessof theuniggammodé consideably
while limiting thelossin efficiency within reasonale bourdsfor all practicalpurposes.

As we have seenin section4, thetime compleity of the ALD modelis only a factorof O(T LogT) higher
thanthat of the unigran model,while the spacecompexity is higheronly by a factorof O(T"), whereT is the
maximun numbe of termsin a sentence.

One of the reasondor its efficiency beingalmostcomparablewith that of the unigran modelis the fact
thatwe take into account only within-sentexe co-ocurrercesasdepenlenciestherebyredicing the numker of
first-orcer depenlenciego evaluatefrom amaximum of O((T'N) ?) to just O(T2N), aredtction by a factorof
O(N).

Another impoartant reasorthat makesthe modelsuitablefor mostreal-life systemss the factthatthe model
doesnot requre oneto estimatethe condtional probailities P(w ;|w;, M) over the entire space|V| x |V,



where|V| is thevocahilary sizeof thetopic of M. Recallthata necessarybut not suficient) conditionthatwe
computecondtional probabilility P(w;|w;, M) for apairof terms(w;, w;) is thatthey areactive (seesubsection
5.2)in docunent D from which we estimatehemodel M. Thus,for eachdocumentD from which we estimate
amodel M (D), it is enoudn for usto index a priori the conditional probabilities of only thoseterm pairsthat
co-occurin thesamesentencén D. Thenumber of theseterm pairsis muchlessthanthe entirespaceresulting
in considerhle savings.

Therris anotlerfactorthatkeepsourmodelveryefficient: asequatim 15indicateswe computeonly unigram
probabilities to estimatethe geneative probaility of a docunentfrom the generalEndish modelGE. Note
alsothatwe do not usesmootting in estimatingthe condtional prokabilities P(w ;|w;, M) (seeequatio 14).
This effectively mears thatwe never have to compue a conditioral probability distribution at the corpuslevel,
whichwould have beenconsideably expensie. Notethatsinceconditioral probailities areevaluatedonly for
active term-pairs,thereis no zercprobability prodem andhencesmootling is rendeed unneessaryAlthough
smoothimgy is found to improve effectivenessn mary applicatios, in our expeiiments,we have obsered that
smoothimg theestimate®f condtional prolabilitieswith condtional estimatesrom ageneraEnglishmocel did
notresultin ary significart improvementin effectiveness.Hencewe have aban@nedsmoothinghe conditioral
prokability estimatesn returnfor huge savingsin time andspace.

5.4 Comparison with the Sentree model

Thecurrert modelis animprovemen onthe SenTee model (Nallapdi andAllan, 20®). In the SenTfeemockl,

for ary sentences, we constrict a maximun spanniig tree(MST) over thefully-connectedsentencegraph with

respecto thestatisticsof thetopicmodelM . Thus, evenwhentopic-rdateddepelenciesnayexist only amory

asmallfractionof term-mairsin asentenceheMST imposesadepenieng structue over theentiresentenceAs
aresult,mostof the dependenciegvaluatedby the SenTTeemodelturn outto be spuriots, resultingin degraded
perfamance(NallapatiandAllan, 20@). The ALD modelseekgo overcomethis dravbackby adaptvely mod

eling only topically relevantdependenciesandexhibiting a unigran-like behaior by default. Thusit combnes
thebestpropertiesof boththe SenTeeandthe unigran mocel into a singletheoetical framevork.

In termsof efficiency too, the ALD model outpaforms the Sentreemodel. The Sentreemodé requres
smoothimg of the condtional prababilitieswith the geneal Englishestimatego overcomethe zero-gobalility
prodem, which involveshugetime andspaceoverheads.The ALD model,on the otherhand computescond-
tional prokabilitiesonly for ‘active’ termpairsandhencedoesnot require smoothim.

6 Implementation details

In this section,we discusssomeof the systemimplementationdetailsthatarenot coveredin the discussioron
methoalogy of themodel.

During the processof trainingthe model,we noticedthatour expectatia thatactive term pairsoccuronly in
on-tqoic storypairs(seesectionb) is notstrictly valid. In fact,ourdataanalysigeveala thatmary comnonterm
pairssuchas‘peoge say’, ‘officials stated’co-occu within a sentene boundaryin mary off-topic story-airs.
Suchterm co-accurrertesdo not carry muchinformation abou the topicd contentof the stories,but the ALD
modé incorrectly assignedgeshetweensuchterms. These'spurious’ edgeaultimately creepin asconditioral
prokabilities andbocst the scoresof off-topic pairs. This resultsin a large numbe of falsealarmsresultingin a
degradationin the perfamanceof themodel.



To suppesstheeffectof thesespuriaustermpairs,we modfied thedefinition of edgesn equatim 5 to include
thefollowing extra conditian.

E = {(wi,wj) | w;, W; € V;

P(wi,w;|M) > 0; L(w;) L(w;) > C} (16)
where PlwlM
1) = a6 0

L(w) is thelikelihodd ratio of the prokability of termw giventhemodelwith respecto ageneraEnglishmocel.
It is similar to the familiar tf-idf weight andtells ustherelative importarce of thetermwith respecto thetopic
modd. Thus,themodifieddefinitionof anedgein equatim 16 requresthemodelto form anedge(w ;, w;) only
if the‘relativeimportance’of boththetermsexceedsathreshdd C'. We empiricallydeterninedthe bestvalueof
C to be25M@ andfixedit atthis valueonall ourruns.

6.1 Tools

Clearly, the ALD mocel requiresusto identify thebowndariesof sentences docunents.We have usedasimple
heuristic-ule basedsentencesegmenterto detectsentencéoundaries. We refer the readerto (Nallapatiand
Allan, 2002 for moreinformationon the heuristicrulesused.

Additionally, we have useda list of 423 mostfrequentwords to remove stopwords from stories. Stemmirgy
is doneusingthe Porterstemmer (Porter 1980 while the indexer andthe ALD mocdkl areimplemantedusing
Java.

7 Topic Detection and Tracking

Thenew modelwe presentn thiswork is expectedo addesssomeof theissuesn Topic DetectiorandTracking
(TDT) (Allan etal.,2002. TDT is aresearclprogaminvestigaing methalsfor automaically organizingnews
storiesby the everts thatthey discuss .t includesseveralevaluatian tasks,eachof which exploresoneaspecof
thatorganization In this sectionwe describewo taskscalledLink DetectionandTopic Trackirg.

7.1 Link Detection task

Link Detectionrequresdeternining whetheror nottwo rancbmly selectedstoriesdiscusghe sametopic. In the
langiagemodelirg apprachto link detectionwe build atopic modelM (D 1) from oneof thestoriesD, in the
pair (D1, D5). We thencompue the gererative probability of the secondstory D 5 from the model M (D) as
shown below.

Score(Dy,Dy) = P(D2|M(Dy)) (18

Sometims we may compute a two-way score to addsymmery to theformula, asshowvn below:
1
score(Dy, Do) = i(P(D2|M(D1)) + P(D;|M(D5))) (19

If the scoreexceed a pre-ceterminedhreshdd, the systemdecicesthe two storiesarelinked. The systems
perfamanceis evaluatedusinga topic-weichted DET curve (Martin et al., 1997 that plots missrate against



falsealarmover a large numter of story pairs,at different valuesof decisionthreshold A Link Detectioncost
function Cy;,.i, is thenusedto combire the missandfalsealarmprobabilities at eachvalue of threstold into a
singlenormalizedevaludion score (TDT, 1998). We usetheminimum valueof C';,,;, asthe primarymeasue of
effectivenessaandshav DET curwesto illustratethe errar tradeoffs.

7.2 Topic Tracking

TheTDT topictrackingtaskis definedto bethetaskof associatingncomingstorieswith topicsthatareknowvn to
thesystem.Eachtamge topicis definedby a setof trainingstories.Thetrackingtaskis thento classifycorrectly
all subseqantstoriesasto whetheror notthey discusghetargettopic.

Similartothelink detectiortask,we estimateamocel M 7 for topicT fromthesetof its trainingstories.Given
ary subsequerstory D, we measue the protability of its geneationwith respecto themodel P(D|M r). The
systenmdecides thatthe storyis on-topc if thescoreexceedsa pre-finedthreshold We usetopicweightedDET
curves anda minimumcostvalueto evaluatethe systems performarce, asin link-detectiontask.

8 Experiments and Results

In this section,we describethe expetimentswe performedon link-detectionandtopic-trackingandpresehthe
resultswe obtainel.

8.1 Story Link Detection

Thetraining setwe usedis a subsetf the TDT2 corpusthatincludessix monthsof materialdravn on a daily
basisfrom six English-amly news sourceshataremanuallytranscribd (whenthesourcds audio). Thecollectin
compises6,361 storypairsandrelevanceudgmentsfor eachof them. Thetestsetis the TDT3 corpis consisting
of the 27,538 manually transcrited story pairsfrom multiple langua@s. If the sour@ is nonEnglish,we have
usedmachinetranslatios thataremadeavailablein the corpis. To derive the generd Englishunigram model,
we have usedthe samecorpraaswe perfomedexpaimentson.

We first trainedthe unigram model on the training setand usedits bestperfomance(at A = 0.2) asthe
baselinefor all the experiments. In our training experimentson the ALD model, we perfameda searchfor
the bestperfaming values of the modelparametes, namelythe unigran smoothiy parameten andthe edge
threshdéd C. The DET curwve of the bestperiormingvaluesof A = 0.2 andC = 2500 is shawvn in figure4. It is
clearfrom theplot thatthe ALD modé outperforms theunigran model. Thisis reflectedn thefactthatwe were
ableto bringdown the minimum costCj;,. by 7% from thatof the uniggammodelasshavn in the samefigure.

Having found the bestperiorming valuesof various parametes, we now ranthe systemon the testsetwith
the parametes setto the besttrainingvalues.The performarce of the systemon thetestsetis shavn in figure5.
Onceagain we noticethatthe ALD mockl consistentlyoutpeformsthe unig.ammodelresultingin areductio
of abou 4% in the minimum cost.

8.2 Topic Tracking

We usedthe multi-lingual TDT3 corpus in our tracking experiments. The generalEnglish unigam mockl is
derived from about40,0® storiesin the TDT2 corpus. We usedmanuatranscriptims andmachingranslations
to Endish wherever necessary Therewere 38 topicsto track andwe provided one Englishtraining story per
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Figure 5: Performanceof ALD modelonthetestset(Link detectiortask)

topic (IV; = 1). Thetopic modelof eachtopicis compuedfrom the singletraining storyandremairs static(no
adaptatia is used)duting theentirerun. We usedthebestparanetersobtainedrom trainingin thelink detectim
taskin ourrunsof unigmamandALD models.

Figure 6 comparesthe perfamanceof the ALD modelwith that of the unigram model. We noticetrends
similar to the link detectiontask. The minimum costof the ALD mocel is abou 6.4% lower thanthat of the
unigmmmockl. In bothfigures5 and6, we notethatthe ALD DET curve domiratesthe unig.amcurwe, soit’s
evenbetterthanredwcing the minimumcost: falsealarmrateis reducel atall missrates.

8.3 Comparison to state-of-t he-art TDT systems

The expeiimentswe have performedon the link detectiontask do not correspondto ary official conditins,
but the trackingrun does corresjpnd to the standad evaluation condtions of TDT 2001 The bestsystemin
that evalugion wasLimsi (Lo andGauwain, 2001 which achiezed a minimum costof 0.0959 (comparedto
the unigram costof 0.2498andALD minimum costof 0.233). We notethatthe state-of-tle-art TDT systems
like Limsi (Lo andGauwain, 200]) andRelevanceModels (Lavrenlo etal., 2002 typically rely on elaboate
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Figure 6: Performanceof ALD modelon Trackingtask

boostingtechnigessuchasdocunentexparsionandunsupevisedadaptéion while emplg/ing unigrammodel
astheir coretechnolay.

The goal of the presentwork is to demorstratethat incorporatinglocal depandencieswithin the languag
modding framework improves effectiveness. Hencewe have usedthe unigram model as our baselinein all
our runs. Although the performarce of our systemis well shortof the state-of-tle-artsystemsywe believe our
modé is a contritution at a fundamentalevel, andit canbe easilyextended to acconmodatesereral boostirg
techniqiesusedin the state-of-theart systems.

9 Conclusions and Future work

In this work, we have presented new apprachof modelinga documentby capturirg local depenlenciesin
documentsadaptively through maximum spanningrees. Although this apprachis built towards addressing
specificTDT task,we believe thatthe gererality of the modelpermitsoneto applyit to ary text classificatioror
retrieva task.

Ourexpelimentsshov thatthe ALD modeloutpeformsthebaselinaunigmmmodelon differentdatasetsand
ontwo different TDT tasks.To thebestof ourknowledge thisis theonly prababilisticmodelthatperfamsbetter
thanunigrammodelusingstatisticsfrom thedocunentalone.As such,we think the mostimportantcontibution
of this studyis theevidene we have providedthatthe performarce of the existing IR systemsanbeimproved
by emplg/ing more sophisticatedanglage modelsthat capturepositionaland other syntacticinformationin
documents.

As partof our future work, we would like to testthe performarce of our modelon otherIR taskssuchas
ad-ha retrieval. We alsoenvision building a queryor docunentexparsiondevice usingthe ALD modcel asthe
basicframework. Our hopeis thatthe new exparsion device may betterothe exparsion mocels basedon the
unigramappro&h sinceour basicmodel outpeforms the unigrammaodel.
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