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Abstract This paperinvestigatesvhetheramachinecanau-
tomaticallylearnthe task of finding, within a large collection
of candidateesponseghe answergo questions.Thelearning
processconsistsof inspectinga collection of answeredques-
tions and characterizinghe relationbetweenquestionand an-
swerwith a statisticalmodel. For the purposeof learningthis

relation, we proposetwo sourcesof data: UsenetFAQ docu-
mentsand customerservicecall-centerdialoguesrom a large
retail compalry. We will shawv thatthetaskof “answerfinding”

differs from both documentretrieval and traditional question-
answeringpresentinghallengedlifferentfrom thosefoundin

theseproblems. The centralaim of this work is to discover,

throughtheoreticabndempiricalinvestigationthosestatistical
techniquedestsuitedto the answerfinding problem.

1 Intr oduction

Searchinghewebor skimmingalengthymanuato find thean-
swerto a specificquestioncanbeatediousexercise.Moreover,
for a large retail compary, employinga battalionof customer
supportpersonneto performthis sametaskon behalfof tele-
phonecustomerscan be an expensve proposition. A recent
study has concludedthat providing help to a single customer
via alive telephoneperatorcancostacompary $20to $25per
call [8]. In this paper we investigatestatisticaltechniquedor
automatinghe procesof answerfinding. The ultimategoalis
a systemwhich, equippedwith a large collectionof prepack-
agedanswerscanautomaticallyidentify the bestresponséo a
usersquery

Theapproachwe takeis heavily inspiredby machindearn-
ing. Startingfrom alarge collectionof answeredjuestionsthe
algorithmswe describdearnlexical correlationdbetweemues-
tionsandanswersFor instance,

e Questionscontainingthe word why are more likely, in
generalto be pairedwith an answerbeginning with the
word because .

e A questioncontainingthe word vacation s likely to
be pairedwith an answercontainingone of the words
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Usenet FAQ

What is ViewKit? Is there a free version?

ViewKit is an enhanced version of
the C++/Motif framework that ...

What's the difference between strong AI and
weak AI?

Strong Al makes the bold claim that
computer can be made to think on a
level (at least) equal to humans ...

How can I get my cisco to talk to a third-
party router over a serial link?

Y ou need to tell your cisco to use the
same link-level protocol as the other
router; by default, ciscos ...

Ben & Jerry’sFA

Do you use only free range dairy?

Hello. Well, other than putting up
fences so they won't wander to East
Pakistan, ...

Do you still sell Chubby Hubby T Shirts?
If s0, where can I find one? Thanks.

Hello. We no longer sell Chubby Hubby T
Shirts. Sorry. To see what we do sell, ...

I have been reading about your new smoothie
product for six months or so. Is it being
distributed anywhere in Lincoln NE?

We are sorry to tell you that our frozen
smothies have no distribution in
Nebraska...

Figure 1: Excerptsfrom two of the question/answecorpora
usedhere.Left Q/A pairsfrom theUsenettomp.*nensgroups.
Right Q/A pairsfrom Ben& Jerry's customeisupport.

{flight, trip, cruise }.

Therestof this paperexploresa seriesof algorithmsfor mining
correlationdbetweerquestion@ndanswersautomaticallyfrom
a corpusof answeredjuestions. To sene as a collection of

answeredjuestionswe have assembletivo typesof datasets:

UsenetFAQs: A collectionof Usenetfrequently-asked
guestion(FAQ) documents.This dataseta dynamicen-
tity available publicly on the web!, presentlycontains
several thousandindividual FAQ documents,totalling
hundredsof megabytes. The topics of thesedocuments
rangefrom libertarianismto livestockpredatorsto pro-
grammingin Fortran. For experimentalpurposesye se-
lecteda setof 200 documentgrom thecomp.* Usenet
hierarchycontaining1800 questions.

Call-center dialogues A collectionof questionsubmit-
tedby customerdo Ben& Jerrys,alongwith the answer
suppliedby a compaly representate. This dataseton-
tained5145 question/answepairs. Whennecessanywe
alsouseddatafrom an Air Canadacall centercontaining
2889question/answapairs.

1The UsenetFAQ collection is available at ftp:/rt fm.mit .ed u and
http://iwmw ~ w.f ags. org . TheBen& Jerrysdatasets proprietary



Onecan castansweifinding as a traditionaldocumentre-
trieval problemby consideringeachanswerasan isolateddoc-
umentand viewing the query as just another(albeit smaller)
document. Traditionaltfidf-basedranking of answerswill re-
ward candidateanswersvith mary wordsin commonwith the

query

Employingtraditionalvectorspaceretrieval to find answers
seemsattractve, sincetf -idf is a standardtime-testedal-
gorithmin the toolbox of ary IR professional. However, the
experimentsreportedin this paperdemonstratéhat standard
tf -idf retrieval performspoorly comparedwith techniques
that“learn” to locateanswersy inspectionof a collectionof
answeredjuestions.

1.1 Thelexical chasm

In rankingdocumentsy relevanceto a query traditionalinfor-
mationretrieval system9lacealarge emphasion lexical sim-
ilarity betweerdocumentandquery:the closerthe distribution
of wordsin a candidatedocuments to the query the morerel-
evantis the question Most usersof documentetrieval systems
have this modelin mind, andin formulatingtheir query they
usuallyemploytermsthatthey expectwould appearin arele-
vantdocument.But userswho submitquestiongo ananswer
finding systemcant be expectedto anticipatethe lexical con-
tentof anoptimalresponsethereis oftenvery little overlapbe-
tweenthetermsin a questiorandthetermsappearingn its an-
swer For example thebestresponséo the questionWhere’s
a good place to get dinner? mightbeZaphod’'s
Bar and Grill has great fajitas. which have no
tokensin common.

More generally questionsoften containtermsthat differ
from, but arerelatedto, thetermsin the matchinganswer The
groupof terms{what , when, where , why, how} will typi-
cally appeamorefrequentlyin questionghananswersfor ex-
ample.Thelegal vocahilariesfor question@ndanswersrethe
same but the probability distributions over thosevocahularies
aredifferentfor questionsandtheiranswers.

Furthermoretheprobabilitydistribution for termsin thean-
sweris linked to the probability distribution of thetermsin the
question. Thusthereis both a mismatchbetweerthe termsin
gueriesandthe termsin responsesnatchingthosequeries,as
well asa correspondendeetweerthe mismatchedermsin the
query and response.For example,in a where question,the
responsérequentlycontainghewords{near, adjacent,
street, on} andsoforth.

We referto this combinationof a vocatulary mismatchand
linkage betweenquery and response/ocalulariesas a lexical
chasm The queryis on onesideof thechasmandtheresponse
on the other side. The vocahularieson the two sidesof the
chasmare the same,but the distributions differ on eachside
of the chasm. The distributions on the two sidesof the chasm
arelinked atthe semanti@anddiscoursdevels.

This chasmsuggestshattraditionalbag-of-wordsetrieval
might be lesseffective at matchinggquestiongo responsethan
matchingkeywordsto documentsTo bridgethelexical chasm,
an|R systemmustadopta stratgy thatrisesfrom the lexical
level towardsthe semanticlevel. All the approachesve de-
scribein this paperdo this. For instance|atentsemantidndex-
ing canbe interpretedaslearningthe linkage betweerthe two
probability distributionson oppositesidesof the chasmby dis-
coveringandthenexploiting intermediateeonceptghatlink the

two sides.

TraditionallR systemdasednthetf -idf rankingcrite-
rion [11] suffer from a particularform of the lexical gapprob-
lem, namely the problem of synorymy: a query containing
theterm Constant in opl e oughtto fetch documentabout
Istanhul, but doing so requiresa stepbeyond comparingthe
word frequeng histogramsn queryandcandidatedlocuments.
Synorymy hasrecevedmuchattentionwithin thedocumente-
trieval communityrecently andresearcherbave applieda va-
riety of heuristicandstatisticaltechniques—includingseudo-
relevancefeedback,local context analysis,and probabilistic
modelsof synorymy [2,7,13]. We anticipatethat although
documentretrieval and answetfinding are distinct problems,
therewill be cross-fertilizatiorbetweertheseareas.In fact, in
Section3 we apply adaptedversionsof query expansionand
statisticaltranslatiorto the answesfinding problem.

1.2 Strategiesfor answerfinding

The first learningtechniquewe discuss,ADAPTIVE TFIDF, iS
an extensionof the tf -idf algorithm. The ideais to adjust
the:df-weightsof eachword soasto maximizeretrieval of the
correctanswerfor eachquestionin the training set. Adaptive
tf -idf doesnt representn attemptto bridgethe aforemen-
tionedlexical gap,but merelyto exploit labeledtrainingdatato
improve thebaselingf -idf performance.

AUTOMATIC QUERY EXPANSION, a simple yet effective
techniquein traditional documentretrieval, is a stratgy for
refininga query by addingtermsto it. In Section2 we intro-
ducea techniquefor learning,from a collection of answered
guestionswhichanswemords(like circa andyesterda vy)
aremoststronglycorrelatedvith a question-wordlike when).
Equippedwith this information,the systemcanthenautomati-
cally addtheseanswemwordsto “help” a querycontainingthat
word.

Thenext techniquewe introduce, STATISTICAL TRANSLA-
TION MODELS, explicitly attemptto bridgethe lexical gapbe-
tweenguestiongndanswerdy characterizingheco-occurrence
betweenoneword in a query and anotherword in an answer
Theideais to calculateheentriesof atwo-dimensionastochas-
tic matrix, wherethe 1, jth cell reflectsthe likelihood that an
answercontainingthe word 5 corresponds$o a questioncon-
tainingwords.

LATENT VARIABLE MODELSmaybethoughtof in thiscon-
text asa stratgy for performingsoftclusteringof questionsand
answersTheclusterings “soft” in the senseghateachquestion
andanswerbelongs,to a varying degree,to eachcluster;the
clustersareakin to topics.

Table 1 summarizeghe techniqueswe investigatein this
paper

1.3 Evaluation Criteria

This paperempirically evaluatesseveralapproacheso answer
finding. Eachmethodis comparedto an appropriate“base-
line” method: (1) the baselinefor adaptve tf -idf is thenor

maltf -idf (2) the baselingfor query-expansionis the origi-

nal query without expansion,(3) for statisticaltranslation the

baselineis the performanceof bayesiarretrieval with param-
eterslearnedfrom just the individual answersand (4) for the

latentvariablemodelsthebaselinas tf -idf



Traditional vector-space approach: how closely do the term

tfidf frequencies in the question and candidate answer match?
tfidf + machine learning: adjust term weights to optimize
adaptive tfidf performance on training Q/A pairs

Learn which answer terms appear with which question terms

. by inspecting training data, in order to pad new questions
query expansion Y nspecting 9 P g

From training Q/A pairs, construct a statistical model

statistical translation for how a query “translates” to its answer.

Each question and answer arises from a mix of (unseen)
topics; characterize these topics by inspection of training
Q/A pairs.

latent variable
models

Tablel: Five statisticaltechniqueso answeifinding.

All four methodsare comparedo the appropriatebaseline
ontwo FAQs: the Usenetcomp.* dataseandthe Ben & Jerry
call-centerdataset. In addition, adaptve tf -idf and latent
variablemodelsare also testedon the Air Canadacall-center
dataset. Eachtechniguewas evaluatedby using five runs of
randomlyselectedest setscontainingten percentof the total
documentet. It shouldbe notedthatthe datasetsve hadac-
cesdo containedustonequestiorfor eachanswelin the FAQs.
This preventedus from evaluatingthe systemwherewastrain-
ing was conductedon a subsetof the questionsavailable for
eachanswerand testingwas done on the held-outquestions;
insteadwe wereforcedto train on onesetof question-answer
pairs,andteston anothey completelyunseersetof question-
answercombinations.

thusall our experimentsvereconductedisingthe question
wordsasa“query” ontheanswersGivenasuitabledatasetvith
multiple questiongor ananswerit wouldbeinterestingo eval-
uatewhetherusingsomethindike tf -idf onthequestiongor
a combinationof the questionsaandthe answersjnsteadof the
answersalonewouldyield ary improvementin performance.

Normal precision-recalmeasuresre lessusefulin evalu-
ating questionansweringsystemghanothermeasuresThis is
becauseisersareunlikely to be happyif thethe first hundred
“hits” arewrong. Whatcountsis how closea correctansweris
to thetop of the returnediist. Insteadof precision-recalmea-
sureswe usetherankof the correctanswerin thereturnedist
asa metric of performance.We calculatetwo measuregrom
therank: themedianrankof the correctanswerandtheinverse
harmonicmeanrank. The advantageof the medianis thatit is
lessaffectedby non-representate tails of thedistribution. The
inverseharmonicmeanrank (computedby inverting the aver
ageof theinverseranksof the correctanswers)s very goodat
giving anintuitive feel for wherethe correctansweiis likely to
appear It alsopenalizesank changesearthe top morethan
changedartheraway (thusa dropin rank from 2 to 3 is much
moresignificantthana changefrom 99 to 100 andis reflected
in thismeasure).

The paperproceedasfollows. The next sectiondescribes
the statisticallearning approachesve appliedto the answer
finding problem. Sincethereis muchto answesfinding not
describedn this paper Sectiond discussesomepromisingex-
tensionf thiswork. Section5 describeshework in question-
answeringanddocumentetrieval whichwe feelis mostclosely
relatedto ours.

2 Statistical modelsfor answerfinding

This sectiondiscusseseveral increasinglysophisticatedech-
niquesfor building and using an answeifinding system. We
begin with tf -idf asa baseline. Two of the following four
methodsbuild ontf -idf . The methodshowever, areequally
applicableto mary other retrieval algorithms. Each section
presentgmpiricalresultscomparingthatmethodto the appro-
priatebaselinanethod.

21 tf.idf

Givenan m-word queryq = {q1, g2, ...gm}, ann-word an-
swera = {ai,az,...a,} anda setof N recognizedwvords,
onecanrepresent; anda eachasa vectorof word frequencies
d anda. By d; we meanthefrequeng with whichthekth word
appearsn a.

A commonmeasuref thesimilarity betweertwo wordfre-
qgueng vectorsa andq is the cosinedistancebetweerthem:

q-a
def :
500T€(Q7 a) = W

— Zweq,a fa(w) - fa(w)
V uea Jal0F Ty falw?

where fa(w) is the numberof timesword w appearsn docu-
mentd. This scoringfunctionweighseachword equally even
thoughknowing the frequeng of a word like fractal in a
documentellsusmuchmoreaboutthedocumenthanknowing
thefrequeng of wordslike and. Inversedocumentfrequeny
(idf ) weightingis apopularlR methodfor weightingtermsby
their“information content; takento berelatedto thefrequeny
with which documentscontainthatterm [11]. In our case,a
documenis ananswerwe denotethe entiresetof answersy
D, andweighteachtermw accordingo

(

Giventheseweights,we computeaweightedscoré
|- Zoean No - Salw) fulw)
VE veafalw)? - ¥, falw)?

@

1

| D |
{deD:fd(w)>o}|)' @

def

Aw = 1df (w) =log

score(q, a

©)

Baselineresultsfor traditionaltf -idf areincludedbelow
whereappropriate.

2.2 Adaptivet f -i df

tf -idf performsreasonablyvell despiteits simplicity. Given
atraining setof question-answepairs,however, thereis room
for improvement. One approachis to do someform of hill-
climbing for eachw to bring a questionandits corresponding
answer‘closer'—raisescore(q, a), thatis. An intuitive and

21n additionto variationson computatiorof idf weights,therearevariations
onhow theyareincorporatednto thecosinedistance Theformulationgivenhere
is the onethatgave the bestab initio medianrank retrieval beforelearningwas
applied.



Usenetomp.* FAQsS

Harmonic
Method | Median p Mean p
baseline 2 1.90 -
adaptve 2 - 1.90 0.878

Air CanadeaCall CenterFAQ

Harmonic
Method | Median p Mean p
baseline| 10.0 - 3.60 -
adaptve 7.4 0.003 3.22 0.005

Ben& Jerrys Call CenterFAQ

Harmonic
Method | Median p Mean p
baseline| 16.6 - 3.91 -
adaptve 13.0 | 0.033 3.69 0.003

Table2: Experimentwith adaptvetf -idf ontheUsenetand
two call-centerdatasetsThe numbershereareaveragedver5
runs of randomlyselectedestingsetof 10% of the document
sets.p valuesarepairedt-statisticsfor the testthatthe adaptve
tf .idf outperformghebaseline.

effective form of hillclimbing is to do gradientdescenton A.
Thegradientof (3) with respecto termweightis

dscore(q, a)

W 4

2
= (E) score(q, a)
Wecanbring q andthecorrectanswen* closertogether—raise
score(q, a), thatis—by iteratiely setting

Aw < Aw + 7 ()\i) score(q, a) for all w,

w
where0 < v < 1is alearningrateparameter

Unfortunately merely bringing the questionand answer
closertogethetis not sufiicient, for theweightupdatemayalso
bring other, incorrectanswersloserto the question.Whatwe
reallywantto dois hillclimb ontheretrievedrankof thecorrect
answer Rankis a discretecombinatorialquantity so thereis
noeasywayto hillclimb onrankdirectly. Insteadwe applythe
following heuristic:for all question/answepairsin thetraining
setfor which the systemdid not rank the correctanswerfirst,
hillclimb up on the the correctanswerand hillclimb downon
all incorrectanswersscoringbetterthanthe correctone:

Aw — Awt 7y ()\i) score(q,a*)

w

2
Aw — Aw—7 ()\_) score(q,a')

w

learnedidf factors. While we seesomeimprovementson all
datasetsghegreatestmprovementsarerealizedon the call cen-
ter data. We speculatethat the greatersize and homogeneity
of thesedatasetprovide moreopportunityfor improvementby
adjustingidf factors.

2.3 Query expansion

With this stratgy we finally begin to attemptto bridgethe lex-
ical chasmbetweenquestionsand answers. In the context of
documentretrieval, traditional query expansiontypically in-
volves addingwordsto the query which arelikely synoryms
of (or at leastrelatedto) wordsin the original query When
we have accesdo a training set of paired questionsand re-
sponseshowever, we have the opportunityfor a morefocused
kind of expansion:learna mappingbetweenquerytermsand
their counterpartsn the responseglike why — because ,
site  — http , andwindows — Microsoft ) andadd
thosetermsto the querythatthe mappingsuggestsvill appear
in theanswer

We learnthis mappingby calculatingthe mutualinforma-
tion betweemuerytermsandansweitermsin thetrainingset:

I{u,v) = H(p(v € a))
—p(u € q)H(p(v€a|ueaq))
—p(u € q)H(p(v €alu¢aq))

wherew € q is shorthandor abinaryrandomvalue:

_}J 1 if wordw appearsn q
wedq= { 0 otherwise,

andp(u € a | v € q) denoteshe conditionalprobability of u
appearingn ananswelif v appearsn thecorrespondingjuery
Thefunction H () is theentropy:

H(p) = —plog,(p) — (1 — p)log,(1 — p)

Usingthis formula,we candeterminghetop n termsin the
answettermsthatarecorrelatedwith ary questiorterm. These
canthenbe usedto expanda queryin the hopethataddingthe
additionaltermswill resultin betterperformancegainsttest-
ing set. To expanda querymeango augmenthequerywith the
k wordshaving the highestmutualinformationto eachtermin
thequery

Theresultsreportedin Table3, shav thatadding“synony-
mous”termsclearly helpsup to a point. Evenaddinga single
termper querytermmanageso improve effective performance
on the harmonicmeanrank metric by just over 50%. For the
Usenetdatathe medianis not affected,while for the call-center
dataset, the medianis significantlyreducedn the caseof one
andtwo synoryms. Themeanrankdoesincreasen bothcases,
reflectingthe fact thatin somecasesaddingadditionalterms

wherethesecondipdates appliedfor all a’ satisfyingscore(q, a’) te thequeryaddsmorenoisethansignalto the query The uni-

score(q,a”).

We hold out a portion of thetraining setfor validation,and
hillclimb until performanceon that setstopsimproving. This
idea—ofadjustingparameterso increasehe scoreof the cor-
rectanswemwhile decreasinghescoreof incorrectanswers—is
somavhatrelatedto the emeging techniqueof discriminatve
training.

Table?2 presentgheresultsof a 5-fold experimenton three
datasetsTherows labeled‘baseline”show the performancef
unadjustedf -idf , while “adaptive” representsf -idf with

formimprovementsn performancén bothcasesresignificant
given the wide variation betweenthe two datasets—ngust in
termsof size,but alsoin termsof meanquerylength, answer
lengthandrangeof topicscovered.

2.4 Statistical translation

The ideathat a computercould automaticallylearnto trans-
latetext by inspectionof a large quantityof bilingual text com-
puterwasfirst contemplatedy WarrenWeaver a half century



Usenetomp.* FAQsS

Harmonic
syn | Median p Mean p
0 3 - 4.17 -
1 3 - 2.08 <0.001
2 3 - 2.08 <0.001
3 3 - 2.09 <0.001
4 3.2 0.374 2.10 <0.001
Ben& Jerrys Call CenterFAQ
Harmonic
syn | Median p Mean p
0 17.25 - 6.35 -
1 11.20 | 0.002 3.11 <0.001
2 14.60 | 0.075 3.25 <0.001
3 17.20 | 0.468 3.38 <0.001
4 20.00 - 3.49 <0.001

Table 3: Experimentswith queryexpansionin tf -idf onthe
Usenetand the call-centerdatasets.Performancds shovn on
two differentmetrics: the medianrank, andthe harmonicmean
rank (the inverseof the meaninverserank). The numbershere
areaveragedver5 runsof randomlyselectedestingsetof 10%
of thedocumentsets.p valuesarepairedt-statisticsfor the test
thatthe expandedjueriesoutperformthebaseline.

ago[12]. Accurateautomatedranslationof free text still ap-
pearsto beyearsaway, but the algorithmsdevelopedfor statis-
tical machinetranslation(MT) have recentlybeenappliedwith

promisingresultsto theproblemof documentetrieval andsum-
marization[2]. Herewe describehow onecanapplythesesame
algorithmsto the problemof question-answering.

By “translationmodel; we meana conditionalprobability
distributionp(t | s) oversequencsofwordst = {¢1,¢2...,¢tm}
in onelanguagegivenasequencefwordss = {s1, s2,...,$n}
in anotherdanguage Thevaluep(t | s) is the probabilitythat,
whenpresentedvith the sourcesequence, anexperttranslator
will translateit to thetagett. A reasonabld-rench-English
translatiormodelp, for instanceshouldhave the propertythat

a et'e un bon
was a good

p(Le president Lincoln
avocat |Presiden t Lincoln

lawyer )
is muchhigherthan

p(Je me bross’e les dents | President
Lincoln was a good lawyer ).

We applythe MT frameawork to question-answeringsfol-
lows. The notion of “source” languagecorrespondso the an-
swers,andthe “target” languagecorrespondso the questions.
As with the LM approachwe then equatethe relevanceof an
answer to aquestiong with thequantityp(q | a).

Thereare reasongo think the translationapproachmight
workwell for question-answeringrainedonasuficientamount
of gquestion/answepairs, the translationmodel should learn
how answerwords“translateto” question-wordsbridging the
lexical chasm. For instance,words like at, location,
place, street, direction s will all translatevith rea-
sonablyhigh probabilityto the question-wordvhere .

Thetranslationmodelwe usein this work is derved from
the IBM family of translationmodels[3]. Thesemodelsrely

Usenetomp.* FAQsS

Harmonic
Method | Median p Mean p
baseline 3.00 - 4.12 -
translation| 1.60 0.008 1.72 <0.001
Ben& Jerrys Call CenterFAQ
Harmonic
Method | Median p Mean p
baseline 16.6 6.25 -
translation| 25.2 - 341 <0.001

Table4: Experimentswith statisticaltranslationon the Usenet,
anda call-centerdataset. The numbershereare averagedover
5 runsof randomlyselectedestingsetof 10% of the document
sets.p valuesareunpairedt-statisticsfor the testthatthe trans-
lation modeloutperformghebaseline.

on an alignment which we denoteby «, betweensequences
of words, capturinghow subsetf answerwords conspireto
producesachquestiorword. Usinga, we candecompose(q |

a) as
Zp qala)=> pla|aa)p|a)

Assumingthat exactly one sourceword is responsiblefor a
giventamgetword, we canwrite

m
H7t1|sa

i=1

pla|a) = (%)

plg|a,a)=

©)

Heres,, is the answerword alignedwith the ith queryword,
andr(q | a) is a parameteof the model—theprobability that
the answerword « is pairedwith the questionword ¢ in the
alignment.

If q containgn wordsanda contains: words,therearen™
alignmentdbetweemm andq. Assumingall thesealignmentsare
a priori equallylikely, we canwrite

pi(wzwl a) ZmHT(ti | Sa,)

Givenacollectionof bilingual sentences

plala) = @

C= {(q17a1)7 (q2732)7 (qs,ag) cey

the likelihood methodsuggestshat one shouldadjustthe pa-
rametersof (7) in sucha way thatthe modelassignsashigh a
probability aspossibleto C. This maximizationmustbe per
formed,of course subjectto the constralntsz (g la)=1
for all termsa. Onecanusethe EM algorlthmfor this purpose,
asdevelopedby Brown etal [3].

Having learnedthe word-to-word synorymy parameters
from thetrainingdata,a translation-basesgystemis thenready
to perform answesfinding asfollows. Startingfrom aninput
questiony, rankeachansweraccordingo p(q | a) via (7). The
sumin (7) is overanexponentiahumberof alignmentsput one
cancalculatethis value efficiently by rearranginghe sumand
product.

Spacdimitationsprohibitadetailedexplanationof thetrain-
ing or rankingmechanismbut the interestedeademayfill in
thedetailsby consultingthereference$3].



As Table4 indicates statisticaltranslationcanleadto sig-
nificantrankingimprovements.The only exceptionis the me-
dianrank on the Ben & Jerrys problem. Interestingly while
the medianrank falls, the harmonicmeanrises considerably
Theharmonicmeanis moresensitve to smallernumbergdoc-
umentswith higherrank). This suggests higher fraction of
correctdocumentsankedcloseto thetop thanwith tf -idf —
thebehavior we expectfrom ananswetfinding system.

2.5 Latent Variable Models

We cancombineseveralideasfrom the previous two sections
to form yet anotherapproactto the problem. Statisticaltrans-
lation effectively builds a full joint p.d.f. to probabilistically
“translate”wordsin thequestiornto wordsthatshouldappeain
the answer Aside from the dataand memoryrequirementsf
building thefull p.d.f.,theremaybe otheradvantageso finding
a“compressedtepresentationLatentvariablemodelssuchas
LSA [5] andPLSI[9] have demonstratethatfactoredrepresen-
tationscan capturesomesemantidnformation, by forcing the
modelto representvordsusedin similarcontextsto bemapped
to eachother

Onefactoredmodelof translations

p(walwg) =Y plwal2)p(z|wy)

, Wwherez is a vectorof factorsthat mix to producean obsena-
tion. Thequantitieg(wq|2) andp(z|w,) arefound probabilis-
tically, by applyingthe EM algorithm[6] to obsenedquestion-
answerdocumentpairs. Empirically, the derived factorsfre-
guentlycorrespondo “topics” or “aspects’coveredby a doc-
ument,with semanticallysimilar termscoveredby a common
factor.

Hofmann[9] demonstratefiow PLSI can be mixed with
tf -idf toimprove retrieval performancen standardR prob-
lems. His model however, usesthe standardtwo-way; term-
documenftfactoring, translatinganswertermsto otheranswer
terms;it is unableto representhe two differenttypesof docu-
ments(questionsandanswersfoundin FAQs, or their distinct
word distributions. Explicitly distinguishingthesedocuments
andtheirvocahularies andlinking themvia commonlatentfac-
torsyieldsafour-way factoring(seeFigure?2).

Thelatentvariablemodelmaybejustifiedby afactoredgen-
erative model of questionanswering. With some probability
p(z), the useris interestedn sometopic, representedy the
mixture of factorsz. Basedon this interestshe constructsa
guestiondocumenty, drawving herwordsfrom atopic-specific
distribution of questionwords, p(wq|z). We assumethat for
eachtopic, or mix thereof thereis adistribution of answerdoc-
umentsp(a|z), with vocatulariesdravn from anindependent,
but (probably)overlappingword distribution p(w.|z). Ourtask
is to find theanswemdocumenmostcloselymatchingthetopic
thatevokedthe question:arg max , p(a|q).?

Empirically, simply maximizingthis quantitydoesnot per
formwell for practicalsizesof z. Insteadwe follow Hofmanns
approachandmix thefactoredmodelwith tf -idf asfollows:
We begin by finding the mostlikely factormix for thequestion

3Notice that one againthe orderof predictionis in the “forward” direction:
predictingtheanswerfrom thequery Thetwo directionsarein factequivalentfor
thepurpose®f scoringanswersf oneassumes uniform prior overanswers.

Figure2: Fourway factoredmodelof FAQ generation.

document—computing

arg inax H Zp(wq|z)p(2).

wqeq z

®

Given z, we know p(w.|z) is the distribution of words we
expectto seein the correspondinganswera. We generatea
pseudo-answen’ asthe weightedvector of words for which
p(wal|z) is non-ngligible, andperformtf -idf retrieval of a
usinga’ asthequery In practice we have obsenedbestperfor
mancewvhena’ andtheoriginal questiony aremixed,weighting
termsin a’ by o andtermsin ¢ by 1 — «.

To build the factoredmodel, we begin with a setof ques-
tions documentsand correspondinganswerdocuments,and
searchfor a setof parameterg(z), p(q|z), p(alz), p(wq|z)
and p(wq|z) which maximize the likelihood of the training
data. The remainingquantities,suchas p(z|g), canthenbe
computedvith Bayesrule.

Maximizing likelihood is doneby applyinga form of the
EM algorithm.We begin with anarbitraryassignmenof likeli-
hoodsto p(g|z), p(a|z), p(wq|z) andp(w.|z) andestimatehe
unknown topic mixtureas

p(z|q, a, ‘w% ‘w@) =
p(qlz)plalz)p(wqe|z)p(wa|2)p(2)
> plalz")p(alz")p(wel2")p(wal 2" )p(2")

Fromthe topic mixture estimatesye recomputehe likeli-
hoodof the datafor a givenmixture. We definen(q, w,) asthe
numberof timesword w4 appearsn document. Then,for all
matchingpairsof documents; anda we calculate:

©

plqlz) = Z ¥ g, a, wq, wa)/Z (20)
Wq,a,Wa
plalz) = E ¥ g, a, wq, wa)/Z (11)
q,wq,wa
plwglz) = Z Y(q, a, wq, wa)/Z (12)
q,a,wq
plwal|z) = Z 9(q, a, wq, wa)/Z (13)
q,da,wq
where
7-9(q7a7‘w<Z7‘wd) dz&f n(q7 'wq) : n(a7‘w0) ~p(z|q,a,'wq, ‘wd)
7z E Y(q,a, wg, wa).

q,Wgq,a,Wqa



Usenetomp.* FAQsS

Harmonic
Method | Median p Mean p
baseline| 2.00 - 1.86 -
latent 1.00 <0.001 1.30 <0.001
Air CanadaCall CenterFAQ
Harmonic
Method | Median p Mean p
baseline| 10.8 - 3.65 -
latent 4.80 0.003 2.42 <0.001
Ben& Jerrys Call CenterFAQ
Harmonic
Method | Median p Mean p
baseline| 16.0 - 3.88 -
latent 6.40 <0.001 2.67 <0.001

Table5: Experimentswith a latentvariableon the Usenetand

two call-centerdatasetsThe numbershereareaveragedver5

runs of randomlyselectedestingsetof 10% of the document
sets. p valuesare pairedt-statisticsfor the test that the latent
variablemodeloutperformghebaseline.

By iteratively applying(9) and(10)—(13) weareguaranteed
to corvergeto alocally optimalgeneratie modelof the data.

As shown in Table 5, latent variable modelsimprove on
tf -idf uniformly by significantmaigins. The harmonicmean
ranksachiezedby this methodareconsistentljow, pointingto
its ability to rank a large fraction of the correctanswersat or
nearthetop.

3 Discussionof experimental results

All of thetechniquesve presenbutperformtf -idf onthetask
of identifying the correctanswerto a questionfrom amonga
large pool of candidateanswers.The techniquesve have ex-
ploredarediverse. What unifiesthemis the ideaof exploiting
theavailability of atrainingcorpusof question/answepairs.

It appearsghatevenratherunsophisticatethethodssuchas
adjustingidf factorsor learninghow to add answertermsto
gueriescanenhancehe performancef ananswesfinding sys-
tem. In orderto makebestuseof thetrainingcorpus however,
our experimentssuggesthe useof more sophisticategroba-
bilistic models.

4 Extensions

It couldbeargued(asit hasfor therelatedproblemof question-
answering)that essentiallylinguistic-free approachesuchas
those describedhere are inherently limited: to really solve

the answeifinding problemmay involve a deeplinguistic or

even semanticanalysisof the question. However, even within

a purely lexical, statisticalframework, thereis muchroom for

improvement. This sectioncontainssomeof whatwe consider
to be“low-hangingfruit” in the domainof answesfinding.

4.1 Usingthe questions

The answetfinding approachesve investigatedall view FAQ
dataasa collectionof answergo beranked.Of courseto each
answerin a FAQ documentcorresponds question. A real-
world answerretrieval systemwould exploit the questionsas
well asthe answerswhen searchingfor the mostappropriate
answero a new question.For instancejf a userasksa ques-
tion nearlyidenticalto one alreadyappearingn the database,
the systenmclearly oughtto recognizethis andrespondvith the
correspondingnswer

Pursuinghisline of investigatiorherewould have beendif-
ficult with our datasets.We would like to learnhow a single
guestioncanhave multiple representationdut our datado not
containmultiple synorymousquestion.If morethanoneques-
tion wereavailablefor eachanswerwe couldlearnhow to map
aquestiononto a question/answapair, ratherthanjust ontoan
answer Futureresearchin FAQ answerfinding would benefit
tremendouslyfrom FAQ databasethatkeeptrack of alternate
userquestionghat get mappedto eachreply in the FAQ, and
we areexploring waysto construcsucha dataset.

4.2 Exploiting documentstructure

Theexperimentgeportedn thispapettreatthequestion/answer
pairsasisolatedobjects. In fact, they often occur as part of
a larger documentstructure. There are several stratgies for
exploiting this structureto improve the accurag of answere-
trieval. Oneideais to try to find notonly theindividual answer
bestmatchingthe input question but to find the bestregion—
collectionof answerssay Giving a usera larger body of text
which probablycontainsthe correctanswetris worsethanpro-
viding just the answey but betterthan providing thewrong re-
gion,or noregion atall.

Anotherapproachis to introducea function of the position
of ananswelin an FAQ asa prior probabilitythatthe answetris
appropriatelt maybe,for example thatsimpler moregeneral
questionsusually occur early in a users manual,and people
generallyaskmoregeneralquestiondirst; an obvious stratgy
in this casewould be to biastowardsthe first severalanswers
earlyin adialoguewith auser

4.3 Exploiting questionstructure

Theanswerdn an FAQ aremorethanjust regulardocuments;
they areanswergo questionsDifferenttypesof questiongead

to different types of answers. The correspondencéetween
questiontypesandanswertypesmight be exploitedto improve

retrieval accuragy.

Supposédor the sakeof agumentthatthereareexactly five
differentkinds of questions:what , when, where , why, and
how. Furthersupposehat FAQ questiongand userqueries)
areevenly divided, i.e., that20% of queriesarewhat queries,
etc. Finally, assumehatthe type of a querycanbe identified
with perfectaccurag, andthatthetypeof anansweicanalsobe
identifiedwith perfectaccurag. If we identify the type of the
users queryasa why-type, andcanidentify which answersn
theFAQ areanswergo questiorof typewhy, thenwe needonly
searcl20%of theanswerdgor thebestmatchto theusersquery
This could leadto a dramaticimprovementin the accurag of
theretrievedanswersUnfortunatelytheproblemof identifying
questiontype haslong beenrecognizedasa difficult one.[10].



Isthequestior'How do | getto the World TradeCenter really
ahow-questionor couldit be considereé Where-question?

5 Relatedwork

This paperfocuseson the taskof locatingan answerwithin a

large collectionof candidateanswers.This is to be contrasted
with the problemof question-answeringa considerablymore

ambitiousende&or [1] requiringthe constructiorof ananswer
by searchinga large collection of text. Questionanswering
systemsare usually domain-specificand highly knowledge-
intensve, applyingsophisticatedinguistic analysisto boththe

questionandthetext to be searchedor ananswer

Somavhat more closely relatedto this work is the FAQ-
FINDER systemunderdevelopmentat U.C. Irvine [4]. The
systemattemptsto locate,within a collection of UsenetFAQ
documentsthe mostappropriateanswerto an input question.
The FAQ-FINDER systemis similar to the work describedn
this paperin startingwith atf -idf -basedanswerscoringap-
proach. In trying to bridge the lexical chasm,however, our
pathsdiverge: FAQ-FINDER relies on a semanticnetworkto
establishcorrelationsetweerrelatedtermssuchashusband
andspouse . In contrast,our approacheslependonly on the
availability of a suitabletraining set, and do not require ex-
ternalknowledgesourcesuchaswide-coreragesemantinet-
work. Moreover, the machinelearningapproachesve discuss
canadaptthemselesto changesn terminologyandusagepat-
terns.

6 Conclusions

This paperpresentsan empirical studyon four statisticaltech-
niguesfor answerfinding anemeging problemin IR relatecto
bothdocumentetrieval andquestion-answerind.o allow for a
guantitatve analysisof the candidatealgorithms we employed
two real-worlddatasetsa collectionof UsenetFAQsanda set
of custometresponsalialogues. Eachof the four techniques
performedquite well, and dependingon the characteristic®f
the underlyingdataset—vocahulary size, the overlap between
guestionsand answersand betweenmultiple answersgtc. —
andthedesiredperformancdevel (andcomputationatost)may
bebestin differentsituationsIn ourexperimentdere themore
highly parametrizedechniquedasedon statisticaltranslation
andaspectmodelsseemedo be betterat bridging the “lexical
chasmbetweemuestionsandanswerghanthetf -idf based
ones.

Thoughthework describedherein this paperdid notincor
porateary linguistic processingwe believe thatin mary cases
therecan be potentialadvantagedo using either linguistic or
semanticanalysef the questionandanswersit is likely that
building a betteranswesfinding systemmay requirea combi-
nationof both statisticalandlinguistic approachesDueto rea-
sonsbeyondourcontrol,wewereunableto discussn this paper
theeffectivenesof combiningthefour statisticalmethodre-
sentechere. Oneway to combinemultiple methods- suchas
thefour discussedn this paper- is to usea weightedcombin-
ination of the ranksproducedby the individual methods.The
appropriateweightscould be learnedfrom a training set, en-
ablinganansweffinding systento be optimizedfor aparticular
applicationor domain.
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