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ABSTRACT

Thispapempresentsomedevelopmentsn queryex-
pansionand documentrepresentatioof our Spolen
DocumenRetrieval (SDR)systensincethe1998Text
REtrieval Conferenc€ TREC-7).

We have shavn that a modification of the docu-
mentrepresentatiosombiningseveraltechniquedor
guery expansioncan improve AveragePrecisionby
17% relative to a systensimilar to thatwhich we pre-
sentedat TREC-7[1]. Thesenew experimentshave
alsoconfirmedthatthe degradationof AveragePreci-
siondueto a Word Error Rate(WER) of 25% is rela-
tively small (around2% relative). We hopeto repeat
theseexperimentswhen larger documentcollections
becomeavailable to evaluatethe scalability of these
techniques.

1. INTRODUCTION

Accessinginformationin spolen audio encompasses
awide rangeof problemsjn which spolendocument
retrieval hasanimportantplace.A setof spokendoc-
umentsconstituteghe file for retrieval, to which the
user addresses requestexpressingan information
needin naturallanguage.

This original sequencef wordsis transformecby
the systeminto a setof querytermswhich are used
to retrieve documentsvhich may or maynot meetthe
usersinformationneed.A goodSDRsystenretrieves
asmary relevantdocumentsas possiblewhilst keep-
ing thenumberof non-relevantretrieveddocumentso
aminimum. For this work we take text-basedqueries
andusean AutomaticSpeectRecognition(ASR) sys-
temto produceword-basedranscriptiondor the doc-
uments.

Following earlier scatteredstudies, the TREC-7
SDRevaluationprovidedfurthersupportfor theclaim
that corventionallnformation Retrieval (IR) methods
areapplicableo automaticallytranscribedlocuments.
Our retrieval systemwas run on 7 different sets of
automaticallytranscribedroadcashews texts with a
WER varyingfrom 24.8% to 66.2%. The correspond-
ing rangeof AveragePrecisionvas45% to 35% [1].

Thiswork is in partsupportedy anEPSRCgranton Multime-
diaDocumentRetriesal referenceGR/L49611.
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The differencein AveragePrecisionbetweenthe
bestASR-basedystemandthemanuakeferenceran-
scriptionswas only 5% relative for our retrieval en-
gine. Thereforewe concludedhatimproving IR per
formancewould probablybe moreprofitablethanim-
proving ASR performance. We have thereforefo-
cussedur researclon generalR techniquessuchas
gueryexpansionjmplementedvithin theProbabilistic
Retrieval Model (PRM) [2].

Theformalframework for thisresearchis presented
in sections2 and 3, with the experimentalprocedure
andsystemdescriptionin section4. Resultsaregiven
in section5 andconclusionsaredravn in section6.

2. A BRIEF DESCRIPTION OF THE PRM

ThePRMframawork[2] is nottooprescriptveondoc-
umentrepresentatior-erewe addressherelationbe-
tweenthe notion of queryanddocumentndex terms
andthe moreordinarynotion of words In section3,

we shav how more comple relationscan be estab-
lishedto enrichthe documentepresentation.

The PRM is basedon the ideathat documentsare
ranked by the retrieval enginein orderof decreasing
estimatedprobability of relevance Po(R|D).! The
relevance R is taken to be a basic, binary criterion
variable. D is a randomvariabletaking valuesin the
documenuniverselp.

For agivendocumentollection,Q p is asetof pos-
sible events, eachevent correspondingo the occur
renceof a particulardocumentand documentrepre-
sentation.The query @ is usedin the creationof the
documentepresentatioandthereforeis necessaryo
defineQlp.

Supposefor the moment,that the querytermsare
just plain words. By assumingall querywords are
independenta documentevent might be represented
as the set of couples (w, wf (w,d)) for all query
wordsw, wherethe word frequeny wf (w, d) is the
numberof occurrence®f w in documentd. By way
of illustration,a small but completeretrieval example
couldbegivenby:

170 estimatePq (R| D), additionalinformationoutsidethe doc-
umentuniverse suchasthedocumentength,maybeused.
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The original queryword frequencieswvithin a doc-
umentthereforeprovide basicpredictorsof relevance.
However, we shouldbearin mindthatthequerywords
arederived from the users original requestwhich in
turn corveys a needwhich could have beenexpressed
differently In addition,asqueriesarejust word sets,
the samesetcould have beenextractedfrom different
text requests.In the next sectionwe review various
waysof modifying the documentuniverse: someare
well establishedptherslessso, but we believe they
areworthy of further study More specifically we in-
troducesemanticposetsas an appropriatecharacteri-
sationfor particularformsof modification.

3. MODIFICATIONSOF THE DOCUMENT
UNIVERSE

3.1. Compound Words

Contet can changethe meaningof words dramati-
cally. One methodof taking contect into accountis
to treata given sequencef words as an irreducible
atomic semanticunit. The atomictermsin this ap-
proachare eitherindividual words or multi-word se-
guenceghat aretreatedas explicit andundecompos-
able. Somepropernames(e.g. New York) may be
suchcompoundvords.

The compoundword vocalulary & can then be
addedto the single-word vocahulary (extractedfrom
the documentollection)to give the new atomicterm
vocahulary V.

Both the original queriesand documentsare sey-
mentedsothatthelongestpossiblesequencef words
in V is alwayspreferred For example suppose con-
sistsof the sequencesew-york-city and new-york,
thenthe sentencéNew York City is in the stateof
New York but York is in the county of North York-
shire” produces$ new-yor k-city is in the stateof new-
york butyork is in the countyof northyorkshire’.

A new documentuniverseis now definedin a sim-
ilar way as before, but with the notionsof word and
word frequencyeplacedy thoseof atomictermat €
Q' andatomictermfrequencyutf (at, d), whereQ' is
thequeryformedfrom V.

Thesenew atomictermsshouldact as betterrele-
vancepredictors.For example,adocumentaboutNew

2asopposedo “new york city ..

York is not likely to berelevantto a queryaboutYork
andvice versa.

Suchcompoundwords shouldonly be usedwhen
thereare no alternatve ways of expressingthe same
conceptusing someor all of the constituentwords.
Thusinformationretrieval shouldnot be acompound
word aswe mayhave thealternatve retrieval of infor-
mationor simplyretrieval alone.

3.2. Removing Stop Words

Non-conteniwords(e.g.the, at, with, do, ...) aregen-
erally of noretrieval value[3]. MostIR systemslefine
asetS of thesestopwordsandremovethemfrom both
thequeriesandthedocuments.

The new documenuniverseis definedwith a setof
queryatomictermsat € (Q" = Q'—S) andanatomic
termfrequeng function:

_ 0 VYat € S
atf (at, d) = { numberof occurrencesf at ind Vat ¢ S

3.3. Stemming

Stemming [4] allows the systemto considerthe
words with a (real or assumed)common root as
a unique semanticclass. For an atomic term at;,
a correspondingset of atomic terms st(at;) exists
which share the same stem (e.g. st(traing =
{train, trainer trained training,trains..}).

We definea term ¢ asa setof atomicterms The
termfrequeny tf (¢, d) is thendefinedas:

tf(t,d) =Y atf(at,d)
atct

The correspondingventsmakingup the document
universearethereforedefinedas:

U {(st(at), tf(st(at), d:))}

ateQ"

e; =

An exampleat this stagewould look like :

Query “Trainsin New York”

1* doc. “Thereis atrainin New York”

2" doc. “The traineris trainingin New York”
st(traing {trainer train, training}

st(new-york) {new-york}

e1 {(st(traing, 1), (st(new-york),1)}
ez = {(st(traing,?2), (st(new-york),1)}
P(R=yes|D =e1) < P(R=yes|D = e»)

3.4. Semantic Posets

It is alsopossibleto usea list of equivalenceclasses
of termsto allow morecomplex associations\We as-
sumethatthe users original querywordsreferto se-
manticunitsratherthanjust words. Thereforewords



which sharethe samemeaningshouldbe considered
asequvalent.A simpleequialencdist canbeusedto
processsynorymsin a similar way to how the stem-
ming proceduredealswith the differentforms of indi-
vidualwords.

In addition,we canalsoassumehatif the useris
interestedn agenerasemanticentity, thens/heis also
interestedn more specificentitieswhich are seenas
part of it.

For instance,the word Eur ope may refer to the
classcontainingthe namesof all Europearcountries,
regions and cities, whilst the word Engl and only
refersto the classcontainingthe English countyand
city names.

Severalattemptgo dealwith this particularkind of
semanticstructurehave beendescribedn the litera-
ture (e.g. [5, 6]). However, the correspondingxper
imentshave shavn very little improvementin IR per
formance.

We find it corvenientto representhis behaiour
of term classesby consideringa semanticPartially
OrderedSet (poset)[7] which containsthe meaning
M (at;) of eachatomicterm at;.

The equivalencerelationfor posetP, =p, couldbe
taken from a synorym thesaurusandthe strict partial
ordering< p relationfrom a hyporym thesaurus An
atomicterm at is considerednorespecificthanat’ if
M(at) <p M(at'). Thetwo thesauriarekeptconsis-
tent by ensuringthe propertiesof posetsare not bro-
ken.

We definethe function sempos which assignsthe
setof equialentor more specificatomictermsto a
givenatomictermat :

sempos(at) = U {at'} : M(at') <p M(at)

at’:M(at’)EP

The documentuniverseis then definedfrom the
events:

e =

U {(st(sempos(at)), tf (st(sempos(at)),di))}

ate Q"

Figure 1 showns an exampleof a posetrepresent-
ing geographidocationsandsub-locationsisingatree
structureto show the partialorderingrelation.

M(WORLD)

M(OCEANIA)

M(WESTERN-SAMOA)
M(SAMOA-I-SISIFO)

M(AFRICA)

M(ALGERIA)

M(ALGIERS)

sempos(AFRICA)

Figurel: Exampleof GeographiSemantidPoset

3.5. Blind Relevance Feedback

Somewordswhichdonotappeain thequerymaystill
act as good predictorsof relevance. However, such
words may be difficult to find from individual query
terms.

As is well known, someinformationaboutthe rel-
evanceof the documentscould be usedto identify
wordsthatare goodrelevancepredictors. This infor-
mationcanbe usedto reweight existing querywords
or addnew ones.

It is also possiblejust to assumethat the highest
ranked documentsin an initial searchare relevant.
SuchBlind RelevanceFeedback BRF) addsthe top
T termsdrawvn from the top B retrieved documents,
wherethetop T' aredefinedby their Offer Weight as
describedn [2]. This setof termsbrf (2p) is added
to the previousdocumenuniverse thusproducingthe
new documenuniverse definedfrom theevents:

e; =brf(p) Ue;

wheree; is the new eventrelatedto documentd; and
createdrom the previousevente; anddocumentuni-

verseQ)p. We mayalsoaddtermstakenfrom thedoc-

umentuniverseof a parallelcorpuswhich is denoted
ParallelBlind RelevanceFeedbackPBRF).

4. EXPERIMENTS

4.1. Data

The experimentsreportedhereusethe TREC-7SDR
testdata. For this evaluation, the audio documents
camefrom Americanbroadcastadio and TV news
programswhich had beenmanually divided into is
separatenews stories. The text requestswere ex-
pressedn naturallanguageext, suchas“Where are
communist@andcommunisbrganizationsctivein the
world today?”. The participatingteamshadto tran-
scribetheaudioautomaticallyandrunanIR engineon
this transcriptionto provide arankedlist of matching,
i.e. potentiallyrelevant,documents.

Humanrelevanceassessmentsere usedto evalu-
ate the ranked list and determineperformanceusing
standardneasurevasedn PrecisiorandRecall.

Therearetwo mainconsiderationsvhendescribing
the datafor SDR.Firstly the audiodatausedfor tran-
scription,andsecondlythe request/releancesetused
duringretrieval. Table1 describeshemainproperties
of theformer, while Table2 describeghelatter

4.2. Transcription System

Thetranscriptiorof spolendocumentsvasdoneusing
partof our HTK broadcashews transcriptionsystem
[8].

The input datais presentedo the systemas com-
pleteepisode®of broadcashews shavs andtheseare

Saparticularformulais givenin section4.3.4



NominalLengthof Audio 100hours
Numberof Documents 2866
Numberof DifferentShows | 8

Approx. Numberof Words | 770,000
AverageDocumentength | 269words

Tablel: Descriptionof dataused

Numberof Requests 23
Averagelengthof Request 14.7words
Numberof RelevantDocs(NRD) | 390
AverageNRD perRequest 17.0docs

Table2: Descriptionof requestindrelevancesetsused

first corvertedto a setof segmentsfor further pro-

cessingd9]. The sggmentatiorusesGaussiamixture
modelsto divide theaudiointo narrov andwide-band
andalsoto discardpartsof the audiostreamthat con-
tain no speechtypically pure music). The outputof

a phonerecogniseis usedto determineghefinal segy-

mentswhich areintendedto be acousticallyhomoge-
neous.

Eachframeof input speectto betranscribeds rep-
resentedy a 39 dimensionafeaturevectorthat con-
sistsof 13 (includingcy) cepstraparameterandtheir
first andsecondifferentials.Cepstralmeannormali-
sationis appliedovera seggment.

Our systemusesthe LIMSI 1993WSJ pronuncia-
tion dictionary augmentedyy pronunciationdrom a
TTS systemand handgeneratedtorrections. Cross-
word context dependentecisiontree stateclustered
mixtureGaussiatHMMs areusedwith a65kwordvo-
calulary. Thefull HTK systeni8] operatesn multiple
passesandusescomple languagemodelsvia lattice
rescoringandquinphoneHMMSs. This systemgave a
word error rate of 16.2%in the 1997 DARPA Hub4
broadcashews evaluation.

The TREC-7HTK SDR systemusesthe first two
passesn a modifiedform for reducedcomputational
requirement. The first passusesgenderindepen-
dent,bandwidthdependentross-vord triphonemod-
elswith atrigramlanguagemodelto produceaninitial
transcription Theoutputof thefirst passs usedalong
with atop-davn covariance-basesggmentclustering
algorithm[10Q] to groupsegmentswithin eachshav to
performunsupervisedest-setadaptatiorusing maxi-
mum likelihood linear regression-basethodel adap-
tation.

A secondrecognitionpassthroughthe datais then
performedusing a bigram languagemodel to gen-
erateword lattices using adaptedgenderand band-
width specificHMMs. Thesebigram latticesare ex-
pandedusing a 4-gramlanguagemodel and the best
paththroughtheselatticesgivesthefinal output. This
systemrunsin about50 timesreal-timeon a SunUl-

tra2 andachievesan error rate of 17.4%on the 1997
Hub4 evaluationdata. It shouldbe notedthatthe er
ror rateson Hub4 dataand TREC dataarenot strictly
comparablén partdueto the differencesn quality of
thereferencaranscriptions.

The HMMs usedin TREC-7 were trainedon 70
hours of acousticdataand the languagemodel was
trainedon manuallytranscribedroadcashews span-
ning the periodof 1992to May 1997 suppliedby the
LDC and Primary SourceMedia (about152 million
wordsin total). Thelanguagemodeltrainingtexts also
includedtheacoustidrainingdata(about700kwords)
and 22 million words of text from the Los Angeles
Times and WashingtonPostcavering the spanof the
evaluationperiod(Junel997to April 1998inclusive).

Using all thesesourcesa 65k wordlist was chosen
from the combinedword frequeng list while ensur
ing thata manageableaumberof new pronunciations
hadto be created. The final wordlist had an out-of-
vocahulary rate of 0.3% on the TREC-7 data. The
overall systemgave a WER of 24.8% which corre-
spondedo a Processederm Error Rate[11] (which
more closely representshe error rate as seenby the
retriever) of 32.1%.

4.3. Retrieval Systems
4.3.1. BaselineSysten{BL)

Our currentSDR BaselineSystem,BL, usesmostof
the stratgiesappliedin our TREC-7 SDR evaluation
system.

The list of compound words was generated
for geographicalnamestaken from a travel web
sener (for example: New Yor k, New Mexi co,
G eat - Bri t ai n). Thecompounchameprocessing
describedn section3.1wasthenapplied.

Stoppingas describedn section3.2 wasthen ap-
plied using a list of 400 stopwords. Finally, stem-
ming asdescribedn section3.3wasimplementedis-
ing Porters algorithm[4], alongwith an extra stage
to correctpossibleincorrectspellingsin thetranscrip-
tions. Thesedevicesarequeryindependenandthere-
fore wereimplementedasatext pre-processinghase
onthequeriesanddocuments.

The index file wasthengenerated.It containsthe
numberof documentén thecollectionV, thelengthof
eachdocumentgd!(d;), thenumberof documentgon-
taining eachterm,n(t;), andthe numberof timesthe
term occursin the given documentterm frequeng),

The documentrepresentatiomvhich wasdescribed
in the precedingsections,togetherwith a score[2],
specifieshow to generatafinal rankingof documents
from a givendocumenuniverse.For eachdocument,
d;, a scoreis generatedor eachquery by summing
thecombinedweights,cw(t;, d;) for eachtermé¢; pro-
ducedfrom thefollowing formulae:



cW(ti,d;) = pos(ti) x
(log N — log n(t:))-tf (ti,d;).(K + 1)
K.(1— b+ b.ndi(d;)) + tf (ti, d;)
_ 0 tf(ti,di) =0
nti) = ng{l tf (ti,di) > 0
di(d;) = Y tf(w,d;)
weV
_dl(d;)-N
D S

whereV is the term vocahulary for the whole doc-
umentcollection D; K and b are tuning constants
and pos(t;) the part-of-speecH12] weight of term
t;. A ranked list of documentds thus producedfor
eachqueryby sortingthereturnedmatchscoresn de-
scendingorder The POS weightswere thoseused
in the CambridgeTREC-7 SDR evaluation system:

ProperNoun 1.2

CommonNoun 11

Adjective & Adverbs 1.0

Verbsandtherest 0.9

4.3.2. AddingGea@raphic SemanticosetyGP)

Location information is very common in requests
in the broadcastnewns domain. Our first extension
implements the expansion of geographic names
occurringin the original query of the BL systeminto
thelist of theircomponentse.g:

US —+ Arizona, ..., Wsconsin,

Atlanta, ..., Washington-D.C.,

We manually built a semanticposetcontaining484
names of continents, countries, states and major
cities, extractedfrom a travel web sener. The poset
is representedy a semantictree whose nodesare
location namesand edgesare the containsrelation.
The procesf using posetsdescribedn section3.4
is applied, creating a new index term for each
sempos(at), with at € Q".

4.3.3. AddingWordNetHyponymdPosetgWP)

The previous approachcan be generalisedo every
kind of term, provided that they only have one pos-
sible sensén the documenfile. We obtaineda list of
unambiguousiounsfrom WordNet1.6 [13] andthen,
assuminghat thesewords are actually unambiguous
in the file andalsoin the query generatedhe corre-
spondingnoun hyporym trees(is-a relation. For in-
stancethequerytermdiseasés expandednto flu and
malariabut wordslikeair (e.g.gasor aviationor man-
ner)areignoredin this expansiorprocessasthey have
morethanonesense.In theseexperimentsve do not
consideVordNetcompoundvords,their properhan-
dling beingmuchmore complicatecthanin the geo-
graphicnamesdomain.

4.3.4. Adding Parallel Blind RelevanceFeedbak
(PBRF)

We assembled parallel corpusof 18628documents
from a manually transcribedoroadcasinews collec-
tion coveringJanuaryto May 97, thusnot overlapping
the TREC-7collectionrecordingtime®. ParallelBlind
RelevanceFeedbackasdescribedn section3.5 was
thenappliedon this documentollection.

The five terms which obtain the highest Offer
Weightwereappendedo the query The Offer Weight
of atermt; is:

(r+0.5)(N—-n—B+r+0.5)
(n—7r+0.5)(B—r+0.5)

ow(t;) =r-log

whereB is thenumberof top documenivhich areas-
sumedelevant,r thenumberof assumedelevantdoc-
umentsn whichatleastoneat € t; occursy thetotal
numberof documents$n which atleastoneat € ¢; oc-
cursandN thetotal numberof documentsFor these
experimentsve usedB = 15. Thetermsaddedto the
guerywerethengivenaweightingequalto their Offer
Weightin a similar way to the part-of-speechveight-
ing describedn sectior4.3.1.

4.3.5. AddingBlind RelevanceFeedbak (BRF)

TheBRF processvasalsoappliedto theactualTREC-
7 corpus.Thistime,only onetermwasaddedrom the
top five documentshatwereretrievedfor eachPBRF
expandedquery

5. RESULTS

Thefive systemddescribedn section4.3 wereevalu-
atedon the TREC-7SDRtestdata. An illustration of
thecompleteexpansionprocesss givenin Table3.

whatdiseasearefrequentin Britain ?
BL diseasdrequentBritain
+GP diseasdrequent{Britain, UK, ..., Cambridgé
+WP {diseaseflu, ..., malarig frequent
{Britain, UK, ..., Cambridgé
+PBRF | + cold Blair rheumatisngueen
+BRF | +endemic

Table3: lllustrationof the queryexpansiornprocess

Theresultsin termsof AveragePrecisionandalso
Precisionat 5 documentsetrieved, for boththe man-
ualandHTK transcriptionsaregivenin Table4.

We canseethatimproving the IR systemproduced
acombinedrelative gainof 17%in AveragePrecision
on the automatictranscriptionglines 1 and5 of Ta-
ble 4). Lines 6-8 of Table4 shaw the resultswe ob-
tainwheneachexpansiortechniquén turnis omitted.

4This corpusis a subsebf the Primary SourceMediabroadcast
news transcriptionausedto train the languagemodelof our speech
recognitionsystem.



Transcriptions
Manual HTK
AvP P-5 AvP P-5
1=BL 49.11| 57.39 | 47.30 | 56.52
2=1+GP 51.55| 60.00 | 49.77 | 58.26
3=2+WP 52.33 | 60.00 | 50.75 | 58.26
4=3+PBRF| 53.59| 64.35| 51.73 | 64.35
5=4+BRF | 55.88 | 60.87 | 55.08 | 64.35
6=5-PBRF | 53.54| 60.00 | 52.56 | 59.13
7=5-WP 54.40 | 60.00 | 54.20 | 63.48
8=5-GP 54.95| 59.13 | 53.56 | 60.87

Table4: AveragePrecision(AvP) andPrecisionata 5
documentgut-off (P-5)onthe TREC-7testcollection
(resultsin %)

It confirmsthateachexpansiondevice is hecessaryo
reachthefinal performancef line 5 but thatverygood
resultscanbeobtainedby usingonly Blind Relevance
Feedbaclechniques.

It is worth noting that for eachlevel of IR perfor
mance recognitionerrorsdo not affect the resultsby
morethan4% relative andby morethan2% relative
for thefinal system.

Assumingthat the manualtranscriptionsplace an
upperboundon performancetheseexperimentssug-
gestthatthe adaptatiorof IR to ASR (e.g.usingword
lattices)would be lessprofitablethanfutureimprove-
mentsin IR techniques.

6. CONCLUSION

In this paperwe have confirmedthat, for a smalldoc-
umentfile, the degradationof AveragePrecisiondue
to a WER of 25% is relatively small (2%). We have
shawvn that several devices which modify the docu-
mentrepresentationgachimprove the systemperfor
manceslightly andthatthe new methodsasedn se-
mantic posetsmight be successfullycombinedwith
Blind RelevanceFeedbackand are thereforeworthy
of furtherstudy

More generally we have shovn that pureinforma-
tion retrieval techniquesanimprove AveragePreci-
sionby 17% relative on the TREC-7 SDR task. We
hopeto repeattheseexperimentswhen larger docu-
mentcollectionsbecomevailable,in orderto evaluate
the scalabilityof ourtechniques.
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