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ABSTRACT

Thispaperpresentssomedevelopmentsin queryex-
pansionand documentrepresentationof our Spoken
DocumentRetrieval (SDR)systemsincethe1998Text
REtrieval Conference(TREC-7).

We have shown that a modification of the docu-
mentrepresentationcombiningseveral techniquesfor
query expansioncan improve AveragePrecisionby���
	

relative to a systemsimilar to thatwhich wepre-
sentedat TREC-7[1]. Thesenew experimentshave
alsoconfirmedthat thedegradationof AveragePreci-
siondueto a Word Error Rate(WER) of �
� 	 is rela-
tively small (around2% relative). We hopeto repeat
theseexperimentswhen larger documentcollections
becomeavailable to evaluatethe scalability of these
techniques.

1. INTRODUCTION

Accessinginformationin spoken audioencompasses
a wide rangeof problems,in which spokendocument
retrieval hasanimportantplace.A setof spokendoc-
umentsconstitutesthe file for retrieval, to which the
user addressesa requestexpressingan information
needin naturallanguage.

This original sequenceof wordsis transformedby
the systeminto a set of query termswhich areused
to retrievedocumentswhich mayor maynot meetthe
user’sinformationneed.A goodSDRsystemretrieves
asmany relevant documentsaspossiblewhilst keep-
ing thenumberof non-relevantretrieveddocumentsto
a minimum. For this work we take text-basedqueries
anduseanAutomaticSpeechRecognition(ASR)sys-
temto produceword-basedtranscriptionsfor thedoc-
uments.

Following earlier scatteredstudies, the TREC-7
SDRevaluationprovidedfurthersupportfor theclaim
that conventionalInformationRetrieval (IR) methods
areapplicableto automaticallytranscribeddocuments.
Our retrieval systemwas run on 7 different setsof
automaticallytranscribedbroadcastnews texts with a
WER varyingfrom ������� 	 to �
����� 	 . Thecorrespond-
ing rangeof AveragePrecisionwas ��� 	 to �
� 	 [1].

Thiswork is in partsupportedby anEPSRCgrantonMultime-
diaDocumentRetrieval referenceGR/L49611.

The differencein AveragePrecisionbetweenthe
bestASR-basedsystemandthemanualreferencetran-
scriptionswas only � 	 relative for our retrieval en-
gine. Thereforewe concludedthat improving IR per-
formancewould probablybemoreprofitablethanim-
proving ASR performance. We have thereforefo-
cussedour researchon generalIR techniques,suchas
queryexpansion,implementedwithin theProbabilistic
Retrieval Model (PRM) [2].

Theformal framework for thisresearchis presented
in sections2 and3, with the experimentalprocedure
andsystemdescriptionin section4. Resultsaregiven
in section5 andconclusionsaredrawn in section6.

2. A BRIEF DESCRIPTION OF THE PRM

ThePRMframework [2] isnottooprescriptiveondoc-
umentrepresentation.Hereweaddresstherelationbe-
tweenthenotion of queryanddocumentindex terms
andthe moreordinarynotionof words. In section3,
we show how more complex relationscan be estab-
lishedto enrichthedocumentrepresentation.

The PRM is basedon the ideathat documentsare
ranked by the retrieval enginein orderof decreasing
estimatedprobability of relevance ���������  "! .1 The
relevance � is taken to be a basic, binary criterion
variable.  is a randomvariabletakingvaluesin the
documentuniverse#%$ .

For agivendocumentcollection,# $ is asetof pos-
sible events,eachevent correspondingto the occur-
renceof a particulardocumentand documentrepre-
sentation.The query & is usedin the creationof the
documentrepresentationandthereforeis necessaryto
define #%$ .

Suppose,for the moment,that the querytermsare
just plain words. By assumingall query words are
independent,a documentevent might be represented
as the set of couples �('*),+�-.��'*)0/1!2! for all query
words ' , wherethe word frequency +�-���'*)0/1! is the
numberof occurrencesof ' in document/ . By way
of illustration,a smallbut completeretrieval example
couldbegivenby :

1To estimate3�46587:9 ;=< , additionalinformationoutsidethedoc-
umentuniverse,suchasthedocumentlength,maybeused.



Query : “informationretrieval”> st doc. : “informationretrieval is no easytask”? nd doc. : “speechis aninformationrich medium”

@�ACB ��D informationE >GF EHD retrieval E >IF �@GJKB ��D informationE >GF EHD retrieval EML F �N6O B � @ A E @ J �N6P B � yesE no�Q D(R B yes S T BU@�A F�V Q D(R B yes S T BU@GJ F
The original queryword frequencieswithin a doc-

umentthereforeprovidebasicpredictorsof relevance.
However, weshouldbearin mindthatthequerywords
arederivedfrom theuser’s original request, which in
turn conveysa needwhich couldhave beenexpressed
differently. In addition,asqueriesarejust word sets,
thesamesetcouldhave beenextractedfrom different
text requests.In the next sectionwe review various
waysof modifying the documentuniverse:someare
well established,otherslessso, but we believe they
areworthy of furtherstudy. More specifically, we in-
troducesemanticposetsasan appropriatecharacteri-
sationfor particularformsof modification.

3. MODIFICATIONS OF THE DOCUMENT
UNIVERSE

3.1. Compound Words

Context can changethe meaningof words dramati-
cally. Onemethodof taking context into accountis
to treat a given sequenceof words as an irreducible
atomic semanticunit. The atomic termsin this ap-
proachareeither individual wordsor multi-word se-
quencesthat aretreatedasexplicit andundecompos-
able. Somepropernames(e.g. New York) may be
suchcompoundwords.

The compoundword vocabulary W can then be
addedto the single-word vocabulary (extractedfrom
thedocumentcollection)to give thenew atomicterm
vocabulary X .

Both the original queriesand documentsare seg-
mentedsothatthelongestpossiblesequenceof words
in X is alwayspreferred.For example,supposeW con-
sistsof the sequencesnew-york-city andnew-york,
then the sentence“New York City is in the stateof
New York but York is in the county of North York-
shire”produces“new-york-city is in thestateof new-
york but york is in thecountyof northyorkshire”2.

A new documentuniverseis now definedin a sim-
ilar way asbefore,but with the notionsof word and
word frequencyreplacedby thoseof atomicterm Y�Z:[&*\ andatomictermfrequencyY�Z -��0Y�Z])]/�! , where &*\ is
thequeryformedfrom X .

Thesenew atomic termsshouldact asbetterrele-
vancepredictors.For example,adocumentaboutNew

2asopposedto “new york city ...”

York is not likely to berelevant to a queryaboutYork
andviceversa.

Suchcompoundwords shouldonly be usedwhen
thereareno alternative waysof expressingthe same
conceptusing someor all of the constituentwords.
Thusinformationretrieval shouldnot bea compound
wordaswemayhavethealternative retrieval of infor-
mationor simply retrieval alone.

3.2. Removing Stop Words

Non-contentwords(e.g. the,at,with, do, ...) aregen-
erallyof noretrieval value[3]. MostIR systemsdefine
aset ^ of thesestopwordsandremovethemfrom both
thequeriesandthedocuments.

Thenew documentuniverseis definedwith a setof
queryatomictermsY
Z:[_�`&*\ \bac&*\`d�^e! andanatomic
termfrequency function:

f�g h D f,g Eji F Blk L m f�g.n�o
numberof occurrencesof f�g in ipm f�g:qn�o

3.3. Stemming

Stemming [4] allows the system to consider the
words with a (real or assumed)common root as
a unique semanticclass. For an atomic term Y�ZMr ,
a correspondingset of atomic terms sIZH�0Y�Z r ! exists
which share the same stem (e.g. sIZH� trains!tau
train,trainer, trained,training,trains...v ).
We definea term w asa setof atomic terms. The

termfrequency Z -���w0)]/�! is thendefinedas:

Z -.��w0)0/1!xazy{]|`}�~ Y
Z -.��Y
Z])0/1!
Thecorrespondingeventsmakingup thedocument

universearethereforedefinedas:� r a �{]|�} ��� � u �MsIZI��Y
Z2!])�Z -.�jsIZH��Y
Z2!])]/ r !�!�v
An exampleat thisstagewould look like :

Query : “Trainsin New York”> st doc. : “Thereis a train in New York”? nd doc. : “The traineris trainingin New York”��g D trains
F

= � trainer, train, training���g D new-york
F

= � new-york�@ A B ��D �2g D trains
F E >IF EHD �2g D new-york

F E >GF �@ J B ��D �2g D trains
F E ?,F EHD �2g D new-york

F E >GF �Q D(R B yes S T BU@�A F�� Q D(R B yes S T BU@GJ F

3.4. Semantic Posets

It is alsopossibleto usea list of equivalenceclasses
of termsto allow morecomplex associations.We as-
sumethat theuser’s original querywordsrefer to se-
manticunitsratherthanjust words. Therefore,words



which sharethe samemeaningshouldbe considered
asequivalent.A simpleequivalencelist canbeusedto
processsynonyms in a similar way to how the stem-
mingproceduredealswith thedifferentformsof indi-
vidualwords.

In addition,we canalsoassumethat if the useris
interestedin ageneralsemanticentity, thens/heis also
interestedin morespecificentitieswhich areseenas
part of it.

For instance,the word Europe may refer to the
classcontainingthenamesof all Europeancountries,
regions and cities, whilst the word England only
refersto the classcontainingthe Englishcountyand
city names.

Severalattemptsto dealwith this particularkind of
semanticstructurehave beendescribedin the litera-
ture (e.g. [5, 6]). However, thecorrespondingexper-
imentshave shown very little improvementin IR per-
formance.

We find it convenient to representthis behaviour
of term classesby consideringa semanticPartially
OrderedSet (poset)[7] which containsthe meaning� ��Y
Z r ! of eachatomicterm Y�Z r .

Theequivalencerelationfor poset� , a�� , couldbe
taken from a synonym thesaurusandthestrict partial
ordering � � relationfrom a hyponym thesaurus.An
atomicterm Y�Z is consideredmorespecificthan Y
Z \ if� ��Y
Z2!:� � � ��Y�Z2\8! . Thetwo thesauriarekeptconsis-
tent by ensuringthe propertiesof posetsarenot bro-
ken.

We definethe function sG�G�=����s which assignsthe
set of equivalentor more specificatomic termsto a
givenatomicterm Y
Z :

���0���
�,� D f�g F B ��`� �(� �*� �`� ������� � f,g`� �¡ �¢£D f�g¤� F�¥ � ¢£D f�g F
The documentuniverseis then defined from the

events:@I¦§B ��`� � 4 � � �¨D �2g D ���0���
�,� D f�g FjF E g h D �2g D ���0���
�,� D f�g FjF E�i ¦ FjF �
Figure 1 shows an exampleof a posetrepresent-

ing geographiclocationsandsub-locationsusingatree
structureto show thepartialorderingrelation.

M(WORLD)

M(AFRICA)

M(ALGERIA)
=

M(WESTERN-SAMOA)

M(SAMOA-I-SISIFO)

M(OCEANIA)

a b

M(ALGIERS) sempos(AFRICA)

:  b <   aP

Figure1: Exampleof GeographicSemanticPoset

3.5. Blind Relevance Feedback

Somewordswhichdonotappearin thequerymaystill
act as good predictorsof relevance. However, such
wordsmay be difficult to find from individual query
terms.

As is well known, someinformationaboutthe rel-
evanceof the documentscould be usedto identify
wordsthataregoodrelevancepredictors.This infor-
mationcanbe usedto reweightexisting querywords
or addnew ones.

It is also possiblejust to assumethat the highest
ranked documentsin an initial searchare relevant.
SuchBlind RelevanceFeedback(BRF) addsthe top©

termsdrawn from the top ª retrieved documents,
wherethetop

©
aredefinedby their Offer Weight3 as

describedin [2]. This setof terms «I¬(-­�¤#%$%! is added
to thepreviousdocumentuniverse,thusproducingthe
new documentuniverse,definedfrom theevents:� \r a®«G¬(-��`# $ !°¯ � r
where � \r is thenew event relatedto document/
r and
createdfrom thepreviousevent � r anddocumentuni-
verse#%$ . Wemayalsoaddtermstakenfrom thedoc-
umentuniverseof a parallelcorpuswhich is denoted
ParallelBlind RelevanceFeedback(PBRF).

4. EXPERIMENTS

4.1. Data

The experimentsreportedhereusethe TREC-7SDR
test data. For this evaluation, the audio documents
camefrom Americanbroadcastradio and TV news
programswhich had beenmanually divided into is
separatenews stories. The text requestswere ex-
pressedin naturallanguagetext, suchas“Where are
communistsandcommunistorganizationsactivein the
world today?”. The participatingteamshad to tran-
scribetheaudioautomaticallyandrunanIR engineon
this transcriptionto providea rankedlist of matching,
i.e. potentiallyrelevant,documents.

Humanrelevanceassessmentswereusedto evalu-
ate the ranked list and determineperformanceusing
standardmeasuresbasedonPrecisionandRecall.

Therearetwo mainconsiderationswhendescribing
thedatafor SDR.Firstly theaudiodatausedfor tran-
scription,andsecondlytherequest/relevancesetused
duringretrieval. Table1 describesthemainproperties
of theformer, while Table2 describesthelatter.

4.2. Transcription System

Thetranscriptionof spokendocumentswasdoneusing
partof our HTK broadcastnews transcriptionsystem
[8].

The input datais presentedto the systemascom-
pleteepisodesof broadcastnews shows andtheseare

3aparticularformulais givenin section4.3.4



NominalLengthof Audio 100hours
Numberof Documents 2866
Numberof DifferentShows 8
Approx. Numberof Words 770,000
AverageDocumentlength 269words

Table1: Descriptionof dataused

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

Table2: Descriptionof requestandrelevancesetsused

first convertedto a set of segmentsfor further pro-
cessing[9]. ThesegmentationusesGaussianmixture
modelsto divide theaudiointo narrow andwide-band
andalsoto discardpartsof theaudiostreamthatcon-
tain no speech(typically puremusic). The outputof
a phonerecogniseris usedto determinethefinal seg-
mentswhich areintendedto beacousticallyhomoge-
neous.

Eachframeof inputspeechto betranscribedis rep-
resentedby a 39 dimensionalfeaturevectorthatcon-
sistsof 13 (including ±H² ) cepstralparametersandtheir
first andseconddifferentials.Cepstralmeannormali-
sationis appliedovera segment.

Our systemusesthe LIMSI 1993WSJpronuncia-
tion dictionaryaugmentedby pronunciationsfrom a
TTS systemandhandgeneratedcorrections. Cross-
word context dependentdecisiontree stateclustered
mixtureGaussianHMMs areusedwith a65kwordvo-
cabulary. Thefull HTK system[8] operatesin multiple
passesandusescomplex languagemodelsvia lattice
rescoringandquinphoneHMMs. This systemgave a
word error rateof 16.2%in the 1997DARPA Hub4
broadcastnewsevaluation.

The TREC-7HTK SDR systemusesthe first two
passesin a modifiedform for reducedcomputational
requirement. The first passusesgender indepen-
dent,bandwidthdependentcross-word triphonemod-
elswith atrigramlanguagemodelto produceaninitial
transcription.Theoutputof thefirst passis usedalong
with a top-down covariance-basedsegmentclustering
algorithm[10] to groupsegmentswithin eachshow to
performunsupervisedtest-setadaptationusingmaxi-
mum likelihood linear regression-basedmodeladap-
tation.

A secondrecognitionpassthroughthedatais then
performedusing a bigram languagemodel to gen-
erateword lattices using adaptedgenderand band-
width specificHMMs. Thesebigramlatticesareex-
pandedusinga 4-gramlanguagemodelandthe best
paththroughtheselatticesgivesthefinal output.This
systemrunsin about50 timesreal-timeon a SunUl-

tra2 andachievesan error rateof 17.4%on the 1997
Hub4 evaluationdata. It shouldbe notedthat the er-
ror rateson Hub4dataandTRECdataarenot strictly
comparablein partdueto thedifferencesin qualityof
thereferencetranscriptions.

The HMMs usedin TREC-7 were trained on 70
hoursof acousticdataand the languagemodel was
trainedon manuallytranscribedbroadcastnews span-
ning theperiodof 1992to May 1997suppliedby the
LDC and Primary SourceMedia (about152 million
wordsin total). Thelanguagemodeltrainingtextsalso
includedtheacoustictrainingdata(about700kwords)
and 22 million words of text from the Los Angeles
TimesandWashingtonPostcovering the spanof the
evaluationperiod(June1997to April 1998inclusive).

Using all thesesourcesa 65k wordlist waschosen
from the combinedword frequency list while ensur-
ing thata manageablenumberof new pronunciations
had to be created. The final wordlist hadan out-of-
vocabulary rate of 0.3% on the TREC-7 data. The
overall systemgave a WER of 24.8% which corre-
spondedto a ProcessedTerm Error Rate[11] (which
moreclosely representsthe error rateasseenby the
retriever)of 32.1%.

4.3. Retrieval Systems

4.3.1. BaselineSystem(BL)

Our currentSDR BaselineSystem,BL, usesmostof
thestrategiesappliedin our TREC-7SDRevaluation
system.

The list of compound words was generated
for geographicalnames taken from a travel web
server (for example: New-York, New-Mexico,
Great-Britain). Thecompoundnameprocessing
describedin section3.1wasthenapplied.

Stoppingasdescribedin section3.2 was then ap-
plied using a list of 400 stop words. Finally, stem-
mingasdescribedin section3.3wasimplementedus-
ing Porter’s algorithm[4], alongwith an extra stage
to correctpossibleincorrectspellingsin thetranscrip-
tions.Thesedevicesarequeryindependentandthere-
fore wereimplementedasa text pre-processingphase
on thequeriesanddocuments.

The index file wasthengenerated.It containsthe
numberof documentsin thecollection³ , thelengthof
eachdocument,́1µ2�¤/¨¶,! , thenumberof documentscon-
tainingeachterm, ·e��wjr�! , andthenumberof timesthe
term occursin the given document(term frequency),Z -.��wjr2)0/�¶,! .

The documentrepresentationwhich wasdescribed
in the precedingsections,togetherwith a score[2],
specifieshow to generateafinal rankingof documents
from a givendocumentuniverse.For eachdocument,/¨¶ , a scoreis generatedfor eachqueryby summing
thecombinedweights,cw��wjr2)0/�¶,! for eachterm wjr pro-
ducedfrom thefollowing formulae:



cwD¹¸ ¦ EMiGº F B »1¼,½ D¹¸ ¦ F.¾D¹¿ÁÀÃÂ­ÄÆÅÇ¿ÁÀ,Â�È°D¹¸ ¦ FjF2É g h D¹¸ ¦ Eji º F2É D(ÊlË >IFÊ É D > ÅÇÌ�ËÍÌ ÉÁÎ1Ï
Ð D¹iGº FjF Ë g h D¹¸ ¦ E�iGº F
È°D¹¸ ¦ F B yÑ�Ò � O k L

g h D¹¸ ¦ Eji ¦ F B L> g h D¹¸ ¦ Eji ¦ F�V LÏ�Ð D¹iGº F B yÓ ��Ô g h D¹Õ=EjiGº FÎ1Ï�Ð D¹iGº F B i�Ö¤D¹iGº FØ× ÄÙ Ñ � O Ï
Ð D¹i F
where X is the term vocabulary for the whole doc-

ument collection  ; Ú and Û are tuning constants
and ÜbÝ�Þ���wjr�! the part-of-speech[12] weight of termwjr . A ranked list of documentsis thusproducedfor
eachqueryby sortingthereturnedmatchscoresin de-
scendingorder. The POS weightswere thoseused
in the CambridgeTREC-7 SDR evaluation system:

ProperNoun 1.2
CommonNoun 1.1
Adjective& Adverbs 1.0
Verbsandtherest 0.9

4.3.2. AddingGeographicSemanticPosets(GP)

Location information is very common in requests
in the broadcastnews domain. Our first extension
implements the expansion of geographic names
occurringin theoriginal queryof theBL systeminto
thelist of their components,e.g:
US ß Arizona,

É]É0É
, Wisconsin,

É]É]É
Atlanta,

É]É0É
, Washington-D.C.,

É]É]É
We manuallybuilt a semanticposetcontaining484
names of continents, countries, states and major
cities, extractedfrom a travel web server. The poset
is representedby a semantictree whosenodesare
location namesand edgesare the containsrelation.
The processof usingposets,describedin section3.4
is applied, creating a new index term for eachsG�I�¡����s
�0Y�Z�! , with Y�Z:[Í&*\ \ .

4.3.3. AddingWordNetHyponymsPosets(WP)

The previous approachcan be generalisedto every
kind of term, provided that they only have one pos-
siblesensein thedocumentfile. We obtaineda list of
unambiguousnounsfrom WordNet1.6 [13] andthen,
assumingthat thesewordsareactuallyunambiguous
in the file andalsoin the query, generatedthe corre-
spondingnounhyponym trees(is-a relation. For in-
stance,thequerytermdiseaseis expandedinto flu and
malariabutwordslikeair (e.g.gasoraviationor man-
ner)areignoredin thisexpansionprocessasthey have
morethanonesense.In theseexperimentswe do not
considerWordNetcompoundwords,theirproperhan-
dling beingmuchmorecomplicatedthanin the geo-
graphicnamesdomain.

4.3.4. Adding Parallel Blind RelevanceFeedback
(PBRF)

We assembleda parallelcorpusof 18628documents
from a manually transcribedbroadcastnews collec-
tion coveringJanuaryto May 97,thusnotoverlapping
theTREC-7collectionrecordingtime4. ParallelBlind
RelevanceFeedback,asdescribedin section3.5 was
thenappliedon thisdocumentcollection.

The five terms which obtain the highest Offer
Weightwereappendedto thequery. TheOffer Weight
of a term wjr is :

Ý�'à��wjr�!xa£á�âÃã8ä
å �(á¡æèçé�Á�
!I�¤³êdë·ÇdìªlæUá=æíç����
!�(·Çdëá¡æèçé�Á�
!I�¤ªîdëá=æèçé�Á�
!
whereª is thenumberof top documentwhichareas-
sumedrelevant, á thenumberof assumedrelevantdoc-
umentsin whichat leastone Y�Z:[Çw r occurs,· thetotal
numberof documentsin whichat leastone Y�Z:[Çwjr oc-
cursand ³ the total numberof documents.For these
experimentswe usedªïa � � . Thetermsaddedto the
querywerethengivenaweightingequalto theirOffer
Weight in a similar way to thepart-of-speechweight-
ing describedin section4.3.1.

4.3.5. AddingBlind RelevanceFeedback (BRF)

TheBRFprocesswasalsoappliedto theactualTREC-
7 corpus.Thistime,only onetermwasaddedfrom the
top five documentsthatwereretrievedfor eachPBRF
expandedquery.

5. RESULTS

Thefive systemsdescribedin section4.3 wereevalu-
atedon theTREC-7SDRtestdata.An illustrationof
thecompleteexpansionprocessis givenin Table3.

whatdiseasesarefrequentin Britain ?
BL diseasefrequentBritain
+GP diseasefrequent� Britain, UK, ..., Cambridge�
+WP � disease,flu, ..., malaria� frequent� Britain, UK, ..., Cambridge�
+PBRF + coldBlair rheumatismqueen
+BRF + endemic

Table3: Illustrationof thequeryexpansionprocess

Theresultsin termsof AveragePrecision,andalso
Precisionat 5 documentsretrieved,for both theman-
ualandHTK transcriptions,aregivenin Table4.

We canseethat improving theIR systemproduced
a combinedrelativegainof 17%in AveragePrecision
on the automatictranscriptions(lines 1 and5 of Ta-
ble 4). Lines 6-8 of Table4 show the resultswe ob-
tainwheneachexpansiontechniquein turn is omitted.

4This corpusis a subsetof thePrimarySourceMediabroadcast
news transcriptionsusedto 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
documentscut-off (P-5)ontheTREC-7testcollection
(resultsin %)

It confirmsthateachexpansiondevice is necessaryto
reachthefinal performanceof line5 but thatverygood
resultscanbeobtainedby usingonly Blind Relevance
Feedbacktechniques.

It is worth noting that for eachlevel of IR perfor-
mance,recognitionerrorsdo not affect the resultsby
morethan � 	 relative andby morethan � 	 relative
for thefinal system.

Assumingthat the manualtranscriptionsplacean
upperboundon performance,theseexperimentssug-
gestthattheadaptationof IR to ASR(e.g.usingword
lattices)would belessprofitablethanfutureimprove-
mentsin IR techniques.

6. CONCLUSION

In this paperwe have confirmedthat,for a smalldoc-
umentfile, the degradationof AveragePrecisiondue
to a WER of �
� 	 is relatively small ( � 	 ). We have
shown that several devices which modify the docu-
mentrepresentation,eachimprove thesystemperfor-
manceslightly andthatthenew methodsbasedonse-
mantic posetsmight be successfullycombinedwith
Blind RelevanceFeedback,andarethereforeworthy
of furtherstudy.

More generally, we have shown thatpureinforma-
tion retrieval techniquescan improve AveragePreci-
sion by

���
	
relative on the TREC-7SDR task. We

hopeto repeattheseexperimentswhen larger docu-
mentcollectionsbecomeavailable,in ordertoevaluate
thescalabilityof our techniques.
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