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Abstract

This paperintroducesa statisticalmodelfor

guery-elevant summarization succinctly
characterizinghe relevanceof a document
to a query Learningparametewaluesfor

the proposedmnodelrequiresa large collec-
tion of summarizeddocumentswhich we

do not have, but asa proxy, we usea col-

lection of FAQ (frequently-askedjuestion)
documents.Taking a learningapproaclten-

ables a principled, quantitatve evaluation
of the proposedsystem,and the resultsof

some initial experiments—ona collection
of Usenet FAQs and on a FAQ-like set
of customersubmittedquestionsto several

large retail companies—suggeste plausi-
bility of learningfor summarization.

1 Intr oduction

An importantdistinctionin documentsummarization
is betweergenericsummarieswhich capturethe cen-
tral ideasof the documenin muchthe sameway that
the abstractof this paperwas designedto distill its
salientpoints, and query-elevant summaries which
reflecttherelevanceof a documento a userspecified
guery Thispapemiscusseguery-rel@antsummariza-
tion, sometimeslsocalled“userfocusedsummariza-
tion” (Mani andBloedorn,1998).
Query-rel@antsummariesare especiallyimportant
in the “needle(s)in a haystack”documentretrieval
problem: a userhasan information needexpressed
asa query(\What countries export smnoked
sal non?), anda retrieval systemmustlocatewithin
alarge collectionof documentshosedocumentsnost
likely to fulfill this need. Mary interactve retrieval
systems—welsearchengineslike Al t avi st a, for
instance—presernhe userwith a small setof candi-
daterelevant documentseachsummarized;ithe user
mustthen perform a kind of triage to identify likely
relevantdocumentgrom this set. Theweb pagesum-
mariespresentedy mostsearchenginesare generic,
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not query-rel@ant, and thus provide very little guid-
anceto theuserin assessingelevance.Query-rel@ant
summarizatiofQRS)aimsto provide amoreeffective
characterizatiomf a documentby accountingfor the
usersinformationneedwhengeneratingg summary
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Figure 1: One promisingsettingfor query-rel@ant sum-
marizationis large-scaledocumentretrieval. Given a user
guery q, searchenginestypically first (a) identify a set of
documentswhich appearpotentially relevant to the query
andthen(b) produceashortcharacterizatioa(d, q) of each
documentrelevanceto q. Thepurposeof o(d, q) is to as-
sistthe userin finding documentghatmerita moredetailed
inspection.

As with almostall previouswork on summarization,
this paperfocuseonthetaskof extractivesummariza-
tion: selectingassummariegext spans—eithecom-
pletesentencesr paragraphs—frorthe original doc-
ument.

1.1 Statistical modelsfor summarization

From a documentd and query q, the task of query-
relevant summarizatioris to extracta portions from
d which bestreveals how the documentrelatesto
the query To begin, we startwith a collectionC of
{d, q, s} triplets,wheres is ahuman-constructesim-
mary of d relative to thequeryq. Fromsucha collec-



tion of data,we fit the bestfunctiones : (q,d) — s
mappingdocument/querpairsto summaries.
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Figure 2: Learningto performquery-releant summariza-
tion requiresa setof documentsummarizedvith respecto
queries. Here we show threeimaginarytriplets {d, q, s},
but the statisticallearningtechniquesiescribedn Section2
requirethousandsf examples.

Themappingwe useis a probabilisticone,meaning
thesystemassignsivaluep (s | d, q) to every possible
summarys of (d, q). TheQRSsystenmwill summarize
a(d, q) pairby selecting

o(d,q) e argmaxp(s|d,q)
s

There are at leasttwo ways to interpretp(s |d, q).
First, onecould view p(s|d, q) asa “degree of be-
lief” thatthe correctsummaryof d relative to q is s.
Of course,what constitutesa good summaryin ary
settingis subjective: ary two peopleperformingthe
samesummarizationaskwill likely disagreeonwhich
partof thedocumento extract. We could,in principle,
askalargenumberof peopleto performthesametask.
Doing sowould imposea distribution p(- | d, q) over
candidatesummaries.Underthe secondpr “frequen-
tist” interpretationp(s | d, q) is thefractionof people
who would selects—equialently, the probability that
apersorselectedatrandomwould prefers asthesum-
mary.

The statisticalmodel p(- | d, q) is parametric,the
values of which are learned by inspection of the
{d, q,s} triplets. The learning processinvolves
maximume-likelihoodestimationof probabilisticlan-
guagemodelsandthe statisticaltechniqueof shrink-
age(Stein,1955).

This probabilisticapproacteasilygeneralizeso the
genericsummarizatiorsetting wherethereis noquery
In that case thetrainingdataconsistsof {d, s} pairs,
wheres is a summaryof thedocument. Thegoal,in
this caseis to learnandapplya mappingr : d — s

Q, Wat is amiocentesis?

A, Ammi ocent eses, or amio, is
a prenatal test in which...

Q, What can it detect?
Summary of A, One of the mmin uses of A single
document with ammi ocentesis is to detect FAQ
respect to Q, chronmosomal abnormalities... document

Q, Wat are the risks of amio?

Ay The main risk of amio is
that it may increase the
chance of miscarriage...

Figure3: FAQsconsisiof alist of questionsaindanswersn

a singletopic; the FAQ depictedhereis partof aninforma-

tionaldocumenbnamniocentesisThis paperviewsanswers
in a FAQ asdifferentsummarief the FAQ: the answerto

the kth questionis a summaryof the FAQ relative to that

question.

from documentso summariesThatis, find
7(d) L arg maxp(s|d)
S

1.2 Using FAQ datafor summarization

We have proposedusing statisticallearningto con-
structa summarizatiorsystem,but have not yet dis-
cussedhe onecrucialingredientof ary learningpro-
cedure: training data. The ideal training datawould
containa large numberof heterogeneousocumentsa
large numberof queries,andsummarief eachdoc-
umentrelative to eachquery We know of no such
publicly-available collection. Marny studieson text
summarizatiorhave focusedon the taskof summariz-
ing newswire text, but thereis no obviousway to use
news articlesfor query-rel@antsummarizatiorwithin
our proposedramavork.

In this paper we proposea novel datacollection
for traininga QRS model: frequently-askedjuestion
documentsEachfrequently-askeduestiordocument
(FAQ) is comprisedof questionsand answersabout
a specifictopic. We view eachanswerin a FAQ as
a summaryof the documentrelative to the question
which precededt. Thatis, an FAQ with N ques-
tion/answerpairs comesequippedwith N different
gueriesand summaries:the answerto the kth ques-
tion is a summaryof the documentrelative to the kth
guestion. While a somavhat unorthodoxperspectie,
this insight allows us to enlist FAQs aslabeledtrain-
ing datafor the purposeof learningthe parametersf
a statisticalQRSmodel.

FAQ datahassomepropertiesghat makeit particu-
larly attractive for text learning:

e There exist a large numberof UsenetFAQs—



several thousanddocuments—publiclyavailable
on the Web'. Moreover, mary large compa-
nies maintaintheir own FAQs to streamlinethe
customeiresponserocess.

e FAQs are generally well-structureddocuments,
so the task of extracting the constituentparts
(queriesandanswers)s amenabldéo automation.
Therehave even beenproposaldor standardized
FAQ formats,suchasRFC1153andthe Minimal
DigestFormat(Wancho,1990).

¢ UsenetFAQscover anastonishinglywide variety
of topics,rangingfrom extraterrestrialisitors to
mutual-fundinvesting. If theres anonline com-
munity of peoplewith a commoninteresttheres
likely to bea UsenetFAQ onthatsubject.

Therehasbeena small amountof publishedwork
involving question/answedata, including (Satoand
Sat0,1998)and(Lin, 1999).Satoand SatousedFAQs
as a sourceof summarizationcorpora, althoughin
quite a differentcontext thanthat presentedhere. Lin
usedthe datasetdrom a question/answetask within
the Tipster project, a datasef considerablysmaller
sizethanthe FAQswe employ Neitherof thesepaper
focusedon a statisticalmachinelearningapproacho
summarization.

2 A probabilistic model of
summarization

Givena query q anddocumentd, the query-rel@ant
summarizatiortaskis to find

s* = argmaxp(s|d,q),
S

the a posteriori most probablesummaryfor (d, q).
UsingBayes'rule, we canrewrite this expressioras

s = argmaxp(q|s,d)p(s|d),

~ argmax p(q|s) p(s|d), (2)
s S—— ——

relevance fidelity

wherethelastline followsby droppingthedependence
ondinp(q|s,d).

Equation(1) is a searchproblem:find thesummary
s* which maximizeghe productof two factors:

1. Therelevancep(q|s) of the queryto the sum-
mary: A documentmay contain someportions
directly relevantto the query and othersections
bearinglittle or no relation to the query Con-
sider for instancethe problemof summarizinga

Two online sourcedor FAQ dataarewww. f ags. or g
andrtfmmit. edu.

suney on the history of organizedsportsrelative
to thequery*WhowasLou Gehrig? A summary
mentioningLou Gehrigis probablymorerelevant
to this querythanonedescribingtherulesof vol-
leyball, evenif two-thirdsof the surey happens
to beaboutvolleyball.

2. The fidelity p(s|d) of the summaryto the
document: Among a set of candidate sum-
marieswhoserelevancescoresare comparable,
we shouldpreferthat summarys which is most
representadie of the documeniasawhole. Sum-
mariesof documentgelative to a query can of-
ten misleada readerinto overestimatinghe rel-
evanceof an unrelateddocument. In particular
very long documentsare likely (by sheerluck)
to containsomeportion which appearselatedto
thequery A documenthaving nothingto do with
Lou Gehrigmay include a mentionof his name
in passingperhapsn the context of amyotropic
lateral sclerosis the diseasdrom which he suf-
fered.Thefidelity termguardsagainsthis occur
renceby rewardingor penalizingcandidatesum-
maries,dependingon whetherthey aregermane
to themainthemeof thedocument.

More generally the fidelity term representsa
prior, query-independeristribution over candi-
datesummariesin additionto enforcingfidelity,
thistermcouldseneto distinguishbetweemmore
andlessfluentcandidatesummariesin muchthe
samewaythattraditionallanguagenodelssteera
speechdictationsystemtowardsmore fluent hy-
pothesizedranscriptions.

In words, (1) saysthatthe bestsummaryof a doc-
umentrelative to a queryis relevantto the query (ex-
hibitsa large p(q | s) value)andalsorepresentatie of
the documentfrom which it wasextracted(exhibits a
large p(s | d) value). We now describethe paramet-
ric form of thesemodels,andhow onecandetermine
optimal valuesfor theseparametersising maximum-
likelihood estimation.

2.1 Languagemodeling

The type of statistical model we employ for both
p(a]s) andp(s|d) is a unigramprobability distri-
bution over words;in otherwords,a languagemodel.
Stochastianodelsof languagehave beenusedexten-
sively in speechrecognitionppticalcharacterecogni-
tion, andmachindranslation(Jelinek,1997;Bemeret
al., 1994). Languagemodelshave alsostartedto find
their way into documentretrieval (Ponteand Croft,
1998;Ponte,1998).

The fidelity modelp(s|d)
Onesimplestatisticalcharacterizatioof ann-word
documentd = {di,ds,...d,} is the frequenyg of



eachword in d—in otherwords,a mawginal distribu-
tion overwords. Thatis, if word w appears: timesin
d, thenpqa(w) = k/n. Thisis notonly intuitive, but
alsothemaximum-likelihoodestimatefor pq (w).

Now imaginethat, whenaskedtio summarized rel-
ativeto q, apersongeneratea summaryfromd in the
following way:

e Selecta lengthm for the summaryaccoding to
somedistributionly.

e Dofori=1,2,...m:

— Selecta word w at randomaccoding to the
distributionpg4. (Thatis, throwall thewords
in d into a bag, pull one out, and thenre-
placeit.)

— Sets; «— w.

In following this procedurethe persorwill generate
thesummarys = {s1, s2, . .. s, } With probability

m

p(s|d) =la(m) [] pa(s:) )

i=1

Denotingby W the setof all known words,andby
c(w € d) thenumberof timesthatword w appearsn
d, onecanalsowrite (2) asa multinomialdistribution:

p(s|d) = la(m) T plw)"e®. (3)

wEeEW

In thetext classificatiorliterature this characteriza-
tion of d is known asa “bag of words” model, since
thedistribution pq doesnot takeaccountof the order
of thewordswithin thedocumentl, butratherviewsd
asanunorderedet(“bag”) of words.Of coursejgnor-
ing word orderamountgo discardingpotentiallyvalu-
ableinformation. In Figure 3, for instancethe second
guestiorcontainsananaphorigeferenceo thepreced-
ing question: a sophisticatedontext-sensitve model
of languagemight be able to detectthati t in this
contet referstoanni ocent esi s, butacontext-free
modelwill not.

The relevancemodel p(q | s)

In principle, one could proceedanalogousliyto (2),
andtake

plals) =1s(k) Hps(%’)- 4)

for alength# queryq = {q1, g2 . . . qx }. Butthis strat-
egy suffersfrom a sparseestimationproblem. In con-
trastto a document,which we expect will typically
containafew hundredvords,anormal-sizedsummary
containsjust a handfulof words. Whatthis meanss
thatp will assigreeroprobabilityto mostwords,and

ary querycontaininga word notin the summarywill
receve arelevancescoreof zero.

(The fidelity model doesnt suffer from zero-
probabilities,at leastnot in the extractve summariza-
tion setting. Sincea summarys is partof its contain-
ing documentd, every word in s alsoappearsn d,
andthereforepq(s) > 0 for everyword s € s. But
we have no guaranteefor the relevancemodel,thata
summarycontainsall thewordsin thequery)

We addresghis zero-probabilityproblemby inter-
polatingor “smoothing”the ps modelwith four more
robustly estimatedunigramword models. Listed in
orderof decreasing/ariancebut increasingbiasaway
from pg, they are:

pa- aprobability distribution constructedising
notonly s, but alsoall wordswithin the six sum-
maries(answersyurroundings in d. Sincep yr

is calculatedusingmoretext thanjust s alone,its
parametetestimatesshould be more robust that
thoseof ps. Ontheotherhand,the p »» modelis,
by constructionpiasedaway from pg, andthere-
fore providesonly indirectevidencefor therela-
tion betweeng ands.

pa: aprobabilitydistribution constructeaverthe
entiredocumentd containings. This modelhas
evenlessvariancethanp ,r, but is even morebi-
asedaway from pg.

pc: aprobabilitydistribution constructeaverall
documentsl.

pu . theuniformdistribution over all words.

Figure 4 is a hierarchicaldepictionof the various
languagemodelswhich comeinto play in calculating
p(q]s). Eachsummarymodelp; livesataleafnode,
andtherelevancep(q | s) of aqueryto thatsummaryis
acorvex combinatiorof thedistributionsateachnode
alonga pathfrom theleafto theroot*:

plals) = Asps(a) + Avpa(a)+ (5)
Aapa(q) + Acpe(a) + Aupul(q)

We calculate the weighting coeficients X =
{Xs, AW, Ad, Ac, My} using the statistical technique
known as shrinkage(Stein, 1955), a simple form of
theEM algorithm(Dempsteetal., 1977).

As a practicalmatter if oneassumeshe s model
assigngprobabilitiesindependentlyof s, thenwe can
drop the I term whenranking candidatesummaries,
since the scoreof all candidatesummarieswill re-
cewve anidentical contribution from the /s term. We
makethis simplifying assumptiorin the experiments
reportedn thefollowing section.

2By incorporatinga pa modelinto the relevancemodel,
equation(6) hasimplicitly resurrectedhe dependencend
whichwe droppedfor the sakeof simplicity, in deriving (1).



Figure4: Therelevancep(q |s:;) of aqueryto the jth an-
swerin document is a corvex combinationof five distribu-
tions: (1) auniformmodelp . (2) acorpus-widemodelp¢;
(3) amodelpg,; constructedrom the documentontaining
si;; (4) amodelp ,; constructedroms;; andtheneighbor
ing sentencedn d;; (5) amodelps,; constructedrom s;;
alone.(The p » distributionis omittedfor clarity.)

Algorithm : Shrinkagd‘orX estimation____

Input: Di stributions ps,pa,pc,pu,

H = {d,q,s} (not used to esti-
mat e psapd:pCapll)
Output Model wei ghts )= {As, AN, Ad, Ac, A }

1.Set DAy —AdaAc+d«1/5

2. Repeat until X conver ges:

3. Set count, =0 for ze {s,N,d,C,U}
5. (E-step) counts ¢ counts + 2(als)

(similarly for N,d,C,U)

countg

E count;
i

(simlarly for Anx,Ag,Ac, )

6. (M step) As «

3 Results

To gaugehow well our proposedsummarizatiortech-
nigue performs,we appliedit to two differentreal-
world collectionsof answeredjuestions:

UsenetFAQs. A collection of 201 frequently-
asked question documentsfrom the conp. *

Usenethierarchy Thedocumentgontained 800
guestions/answerairsin total.

Call-center data: A collection of questions
submittedby customersto the companiesAir

Canada,Ben and Jerry lomagic, and Mylex,

along with the answerssupplied by comparny

representaties. Thesefour documentscontain
10, 395 question/answepairs.

We conductedan identical, parallel set of experi-
mentson both. First, we useda randomly-selected
subsetof 70% of the question/answepairsto calcu-
late the languagemodels ps, par, pa, pc—a simple
matterof countingword frequencies.Then, we used
this sameset of datato estimatethe model weights
X = {Xs, A\, Ad, Ae, A} using shrinkage. We re-
senedtheremaining30%of thequestion/answegairs
to evaluatethe performancef the systemjn amanner
describedelow.

Figure 5 shavs the progressof the EM algo-
rithm in calculatingmaximume-likelihoodvalues for
the smoothingcoeficientsx, for the first of the three
runson the Usenetdata. The quick corvergenceand
the final X valueswere essentiallyidentical for the
otherpartitionsof this dataset.

The call-centerdatas corvergence behaior was
similar, althoughthe final X valueswere quite differ-
ent. Figure 6 shaws the final modelweightsfor the
first of the three experimentson both datasets. For
theUsenetFAQ datathecorpusanguagemodelis the
bestpredictorof the queryandthusrecevesthe high-
estweight. This may seencounterintuitive;onemight
suspecthatanswerto the query s, thatis) would be
most similar to, and thereforethe best predictor of,
the query But the corpusmodel, while certainly bi-
asedaway from the distribution of wordsfoundin the
guery contains(by construction)no zeros, whereas
eachsummarymodelis typically very sparse.

In the call-centerdata, the corpus model weight
is lower at the expenseof a higher documentmodel
weight. We suspecthis arisesfrom the fact that the
documentsn the Usenetdatawereall quite similar to
oneanotherin lexical content,in contrastto the call-
centerdocuments.As aresult,in the call-centerdata
thedocumentontainings will appeamuchmorerel-
evantthanthe corpusasawhole.

To evaluate the performanceof the trained QRS
model, we usedthe previously-unseerportion of the
FAQ datain the following way. For eachtest(d, q)
pair, we recordedhow highly the systemrankedthe
correctsummarys*—the answerto q in d—relative
to the otheranswerdn d. We repeatedhis entire se-
guencethreetimesfor both the Usenetand the call-
centerdata.

For thesedatasetsye discoveredthat usinga uni-
form fidelity termin placeof the p(s | d) modelde-
scribedabove yields essentiallythe sameresult. This
is notsurprising:while thefidelity termis animportant
componenbdf arealsummarizatiorsystempur evalu-
ationwasconductedn ananswetlocatingframework,
andin this contet thefidelity term—enforcinghatthe
summanbesimilarto theentiredocumenfrom which
it wasdravn—is notsoimportant.

From a set of rankings{r1,72,...7x}, One can
measurehe the quality of a rankingalgorithmusing
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the harmonicmeanrank

e N
YLt
i=1 r;

A lowernumberindicatesetterperformanceM = 1,

which is optimal, meansthat the algorithm consis-

tently assignghefirst rankto the correctanswer Ta-
ble 1 shavs the harmonicmeanrank on the two col-

lections. Thethird columnof Tablel shavstheresult

of a QRS systemusinga uniform fidelity model, the
fourth correspondgo a standardtfidf-basedranking
method(Ponte,1998),andthe lastcolumnreflectsthe

performanceof randomly guessingthe correct sum-
maryfrom all answersn thedocument.

trial  #trials LM  tfidf random
Usenet| 1 554 141 2.29 4.20
FAQ 2 549 1.38 242 4.25
data 3 535 140 2.30 4.19
Call 1 1020 4.8 38.7 1335
center | 2 1055 40 22.6 1335
data 3 1037 42 26.0 1321

Table l: Performancef query-rel@antextractive summa-
rizationon theUsenetandcall-centerdatasetsThenumbers
reportedin the threerightmostcolumnsare harmonicmean
ranks:loweris better

4 Extensions

4.1 Question-answering

Thereademayby now haverealizedthatourapproach
to the QRSproblemmaybeportableto the problemof

guestion-answerindBy question-answeringye mean
a systemwhich automaticallyextractsfrom a poten-
tially lengthydocument(or setof documents}he an-

swerto a userspecifiedquestion. Devising a high-

quality question-answeringystemwould be of great
serviceto aryone lacking the inclination to read an

entire users manualjust to find the answerto a sin-

gle question. The successf the variousautomated
guestion-answeringerviceson the Internet(suchas

AskJeeves) underscorethecommercialmportance
of thistask.



Onecan castansweifinding as a traditionaldocu-
mentretrieval problemby consideringeachcandidate
answerasanisolateddocumentindrankingeachcan-
didateanswerby relevanceto the query Traditional
tfidf-basedranking of answerswill reward candidate
answerswvith mary wordsin commonwith the query
Employingtraditionalvectorspaceretrieval to find an-
swersseemsattractve, sincetfidf is a standardtime-
testedalgorithmin thetoolboxof ary IR professional.

Whatthis paperhasdescribeds a first steptowards

more sophisticatedmodels of question-answering.

First,we have dispensedvith the simplifying assump-
tion thatthe candidateanswersareindependenof one
anotherby using a model which explicitly accounts
for the correlation betweentext blocks—candidate
answers—withira singledocument.Secondwe have
put forward a principled statisticalmodelfor answer
ranking;arg max, p(s | d, q) hasaprobabilisticinter-
pretationasthe bestanswerto q within d is s.

Question-answeringndquery-rel@antsummariza-
tion are of coursenot oneandthe same.For one,the
criterionof containingananswelto aquestioris rather
stricterthanmererelevance. Putanotherway, only a
small numberof documentsactually containthe an-
swerto a given query while every documentcanin
principle be summarizedwith respectto that query
Second,it would seemthat the p(s|d) term, which
actsasaprior on summariesn (1), is lessappropriate
in aquestion-answeringetting,whereit is lessimpor-
tant that a candidateanswerto a query bearsresem-
blanceto the documentontainingit.

4.2 Genericsummarization

Although this paperfocuseson the task of query-
relevant summarizationthe core ideas—formulating
a probabilistic model of the problem and learning
the valuesof this modelautomaticallyfrom FAQ-like

data—areequally applicableto generic summariza-
tion. In this case,one seekshe summarywhich best
typifiesthedocument Applying Bayes'rule asin (1),

*

s* = argmaxp(s|d)

= argmax p(d|s) p(s) (6)
s N N~
geneative prior

Thefirsttermontherightis ageneratte modelof doc-
umentsfrom summariesandthe seconds a prior dis-
tribution over summariesOnecanthink of this factor
izationin termsof a dialogue.Alice, a nevspapeledi-
tor, hasanideas for a story, which sherelatesto Bob.
Bob researcheandwrites the story d, which we can
view asa “corruption” of Alice’s originalideas. The
task of genericsummarizatioris to recover s, given
only the generatedlocumentd, a modelp(d |s) of
how the Alice generatesummariefrom documents,
anda prior distributionp (s) onideass.

Thecentralproblemin informationtheoryis reliable
communicatiorthroughanunreliablechannel We can
interpretAlice’s ideas asthe original signal,andthe
procesdy which Bob turnsthis ideainto a document
d asthechannelwhich corruptsthe original message.
Thesummarizestaskisto “decode”theoriginal,con-
densednessagérom thedocument.

We point out this source-channeperspectie be-
causeof theincreasingnfluencethatinformationthe-
ory hasexerted on languageand information-related
applications. For instance the source-channahodel
hasbeenusedfor non-etractive summarizationgen-
erating titles automaticallyfrom news articles (Wit-
brockandMittal, 1999).

Thefactorizationin (6) is superficiallysimilarto (1),
butthereis animportantdifference;p(d | s) isagener
ative, from a summaryto a larger documentwhereas
p(q|s) is compessive from a summaryto a smaller
qguery Thisdistinctionis likely to translaten practice
into quite differentstatisticalmodelsandtraining pro-
ceduresn thetwo cases.

5 Summary

The task of summarizationis difficult to define and
even more difficult to automate. Historically, a re-
wardingline of attackfor automatindanguage-related
problemshasbeento takeamachindearningperspec-
tive: let a computerlearnhow to performthe taskby
“watching”ahumanperformit mary times.Thisis the
stratgly we have pursuechere.

Therehasbeensomework on learninga probabilis-
tic modelof summarizatiorirom text; someof theear
liest work on this was dueto Kupiec et al. (1995),
who useda collection of manually-summarizedext
to learn the weights for a set of featuresusedin a
genericsummarizatiorsystem.Hovy andLin (1997)
presentanothersystemthat learnedhow the position
of a sentenceaffects its suitability for inclusion in
a summaryof the document. More recently there
hasbeenwork on building more comple, structured
models—probabilisticsyntaxtrees—tocompresssin-
gle sentencegKnight and Marcu, 2000). Mani and
Bloedorn(1998) have recentlyproposeda methodfor
automatically constructingdecision treesto predict
whethera sentenceshouldor shouldnot be included
in adocumens summary Thesepreviousapproaches
focus mainly on the genericsummarizatiortask, not
gueryrelevantsummarization.

The languagemodelling approachdescribedhere
doessuffer from a commonflaw within text process-
ing systems: the problem of synorymy. A candi-
dateanswercontainingtheterm Const ant i nopl e
is likely to be relevant to a questionaboutIstanhul,
but recognizinghis correspondenaequiresa stepbe-
yond word frequeng histograms. Synorymy hasre-



ceived much attentionwithin the documentretrieval
communityrecently andresearchersave appliedava-
riety of heuristicandstatisticaltechniques—including
pseudo-releance feedbackand local contet analy-
sis(EfthimiadisandBiron, 1994; Xu andCroft, 1996).
Somerecentwork in statisticalR hasextendedheba-
siclanguagenodellingapproachet accounfor word
synorymy (BergerandLafferty, 1999).

This paper has proposedthe use of two novel
datasetsfor summarization: the frequently-asked
guestions(FAQs) from Usenetarchves and ques-
tion/answerpairs from the call centersof retail com-
panies.Clearlythis dataisn’t a perfectfit for the task
of building a QRS system: after all, answersare not
summaries.However, we believe thatthe FAQs rep-
resenta reasonableourceof query-relatediocument
condensationskFurthermorepsingFAQs allows usto
assestheeffectivenesf applyingstandardtatistical
learningmachinery—maximum-likelihoodstimation,
the EM algorithm, and so on—to the QRS problem.
More importantly, it allows usto evaluateour results
in arigorous,non-heuristiavay. Althoughthisworkis
meantasanopeningsaho in thebattleto conqueisum-
marizationwith quantitatve, statisticalweaponswe
expectin the futureto enlistlinguistic, semanticand
othernon-statisticatools which have shovn promise
in condensingdext.
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