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ABSTRACT

An important problem for the information retrieval
from spokendocumentsis how to extract thoserel-
evant documentswhich are poorly decodedby the
speechrecognizer. In thispaperweproposeastochastic
index for thedocumentsbasedontheLatentSemantic
Analysis (LSA) of the decodeddocumentcontents.
The original LSA approachusesSingularValueDe-
compositionto reducethedimensionalityof thedocu-
ments.As an alternative, we proposea computation-
ally more feasiblesolution using RandomMapping
(RM) andSelf-OrganizingMaps(SOM). The motiv-
ation for clusteringthe documentsby SOM is to re-
ducetheeffectof recognitionerrorsandto extractnew
characteristicindex terms.Experimentalindexing res-
ults arepresentedusing relevancejudgmentsfor the
retrieval resultsof testqueriesandusinga document
perplexity definedin this paperto measurethepower
of theindex models.

1. INTRODUCTION

In this paperwe presentmethodsfor indexing speech
data which has beenautomaticallytranscribedby a
speechrecognizer. The goal is to be able to retrieve
therelevantspeechsectionsjustby providing anatural
languagequery. For indexing the differencebetween
theautomaticallygeneratedspeechtranscriptionsand
conventional text sourcesis that the word error rate
(WER)in thetranscriptionscanbequitehighandvary
considerablydependingonspeakersandacousticcon-
ditions.Thus,animportantproblemin informationre-
trieval from spokendocumentsis how to extract those
relevant documentswhich arepoorly decodedby the
speechrecognizer.

A typical applicationof spokendata indexing is
building a retrieval databasefrom broadcastnews re-
cordings[1]. The first step is normally to separate
therecognizablespeechfrom musicandothersounds
that might exist betweendifferentsectionsor inside
them.Althoughmostof thenews-readersspeakrather
clearly the recognitionof the extractedspeechsec-
tions remainsstill a difficult task.The vocabulary is
verylarge,andincludesmany namesfromforeignlan-
guages.Sincepeoplealreadyuse the best available
state-of-artlarge-vocabulary speechrecognizers,de-
creasingthe word error ratesignificantly to obtaina

betterindex is very hard.The useof domainspecific
and adaptive languagemodels(LM) might become
helpful, becausethe amountof available up-to-date
news datais increasingrapidly. Thesuccessfulindex-
ing of the decodeddocumentsrequiresthat the most
importantwordscharacterizingeachsectioncanbeex-
tracted.Sincethereis generallyno otherinformation
besidesthe recordingitself, the index terms should
both be recognizedcorrectlyandseparatedfrom the
lessimportantwords.

Artificial Neural Networks(ANNs) areoftenused,
if there is large collection of data available, but no
exact parametricfunction is known for the models.
ANNsplayanactiverolebothin thestate-of-artspeech
recognitionandtext retrieval. For speechrecognition,
the bestsystemsuseeithermixture Gaussianhidden
Markov models(HMMs) or hybrid HMM/ANN sys-
tems [13, 5]. In hybrid systemsANNs can, for ex-
ample,computeposteriorprobabilitiesfor HMMs. For
text data collectionsANNs have been successfully
usedto orderthedatabasedon its semanticstructures
andto illustrateclustersusinga low-dimensionaldis-
play [9].

Latent SemanticAnalysis(LSA) [7] is usedfor
modelingtext databasedonsemanticstructuresfound
by analyzingthe co-occurencematrix of words and
documents.The modelsproject the data into lower
dimensionalsubspacesby finding the mostimportant
structuresandremoving noise.LSA is oftenassociated
with PrincipleComponentAnalysis (PCA) or Singu-
lar Value Decomposition(SVD) by which theLSA is
normallygenerated.In documentindexing LSA is ap-
plied to find out theessentialindex termsto which the
documentsshouldberelated.

This paperis describesa novel way to compute
a LSA basedindex for spokendocumentswhich can
be appliedeven for large datacollections.The paper
describesalso the FrenchASR systemthat hasbeen
usedto decodethedocumentsfor indexing purposes.
A quantitativemeasurebasedonperplexity is alsopro-
posed.At the end we give somepreliminary results
togetherwith analysisanddiscussionfor further im-
provements.



2. LSA, PROBLEMS AND NEW APPROACHES

LSA has traditionally been basedon the idea that
datais efficiently compressedby extractingorthogonal
componentsdirectedsothateachnew componentmin-
imizes the projectionerror remainingfrom previous
components.For indexing, the documentcollections
areusuallypresentedas a matrix

�
whereeachrow

correspondsto onedocumentandeachcolumntheex-
istenceof a certainword. This representationlooses
theinformationof thewordpositionsin thedocument,
but it is mainly intendedto answerto the indexation
question,i.e. in which documentsthe certainword is
used.

The word-documentco-occurencematrix is de-
composed

���������
	
by SVD to find out the sin-

gular valuesand vectors.By choosingthe � largest
singular values from

�
we obtain a reducedspace�
�������������
	�

[7]. In this � -dimensionalsubspace
theword ��� is codedas ��� ��� � � ����� � � � ���

by using
thenormalizedrow � of matrix

� � � �
. Wecanthenget

smoothedrepresentationsby clusteringthe words or
thedocumentsusingthesemanticdissimilaritymeas-
ure ��� ���"!"�$#&% � ���'� 	# [3].

With very large documentcollectionslike broad-
castnews recordedover a long time thedimensional-
ity of matrix

�
becomestoo largeto handle.However,

the matrix is sparse,becauseonly a small subsetof
thevery largevocabulary is actuallyusedin onedoc-
ument,and so it can be representedas a list of just
the non-zeroelements.Thereexist efficient methods
to computethe SVD for sparsematricessuchas the
Single Vector Lanczositeration [4]. However, tradi-
tionalLSA becomesstill verydifficult dueto its com-
putationalcomplexity. The dimensioncanbequickly
reducedby filtering outwordsthatarenotsupposedto
beimportantfor LSA, like very commonor very rare
words.Vocabularyreductionwill inevitably reducein-
dexing accuracy, sinceit is not obvious to judgethe
importanceof thewords,without analyzingthedocu-
ments– somerarewordscanbevery goodto charac-
terizea certaindocument.For practicalpurposesthe
index shouldalsobeeasyto adaptfor new data.

Becausetheco-occurrencematrix is sparse,there
exist also someeasyways to representit in lower
dimensions.Insteadof the true eigenvectorswe can
quickly generaterandom and approximatelyortho-
gonalvectorsfor thewordsandpresentthedocuments
as an averagevector for words it contains.In fact,
by just using100– 200dimensionalrandomvectors,
wecangetquitea goodapproximationwith consider-
ably lowercomputationalcomplexity [8]. Themethod
is calledRandomMapping (RM) [11]. By usingthis
approximationit becomesfeasibleto usea very large
vocabularywithoutdroppingany wordsandalsotoex-
pandthe matrix later by addingnew documentsand
words.

In practice,asecondimportantproblem,especially

with spokendocuments,is that the documentsare
short and important words quite rare. To still get
meaningfuldistributions of the index words in the
models,acarefulsmoothingis needed[3]. This is gen-
erally doneby clusteringsimilar documentstogether
andusingtheaveragedocumentvectorof eachcluster
to representthe clustermembers.The clustervectors
will also generatea smoothedrepresentationof the
documents,since they integrate the contentof sev-
eralsemanticallyclosedocumentsinto onemodel.The
clusterscan be interpretedas automaticallyselected
topicsbasedonthegivendocumentcollection.

To avoid quantizationerror betweenthe docu-
ment and its nearestcluster, we can selecta set of
nearestclusters(or even all the clusters)to compute
the smoothedmapping.For example, we can con-
sidertheirweightedaveragebasedondistance,sothat
nearbyclusterswill havethestrongesteffect.Thisgen-
eralizationmatcheswell thebroadcastnews example,
sinceonesectioncanberelevantto several topics.

10
20
118

508
525
598

6
30
139

54
87
90

153
279
545

1
238
475

46
398
597

277
314
453

56
275
562

124
334
336

463
546
690

85
252
537

9
102
240

160
325
428

193
1132
1332

260
292
1014

665
1209
1589

234
769
1962

209
367
400

420
754
918

51
417
1968

126
696
1032

66
512
800

600
733
1476

1348
1699
2457

233
276
291

60
310
394

941
1203
1596

191
771
784

50
171
780

227
454
606

237
744
831

43
216
388

133
285
1302

13
31
250

1038
1089
1281

53
424
579

113
302
311

38
143
274

137
158
339

34
150
219

554
749
945

357
994
1094

494
535
1113

737
1631
1729

286
481
1023

79
491
1260

116
177
564

22
635
777

392
610
712

95
973
1120

65
70
108

268
312
444

576
1086
1784

112
129
259

351
555
1354

419
1425
1755

582
741
1164

61
164
326

104
135
599

5
163
1148

52
101
107

189
521
656

154
1002
1299

144
529
2331

460
578
1117

763
764
854

44
232
246

194
429
441

541
621
731

317
338
409

280
438
540

493
1393
2382

519
775
2321

361
390
650

3
657
1389

73
1524
1557

4
89
258

35
750
824

500
684
1888

349
468
805

979
1021
1586

222
593
1523

1009
1013
1210

393
517
1022

16
844
1171

253
580
702

628
817
1547

362
457
861

15
91
477

330
852
1889

74
211
273

18
184
196

269
410
962

33
178
653

235
522
642

401
516
722

282
427
888

67
445
509

384
533
978

176
907
1720

98
627
1115

437
495
513

146
333
389

195
783
912

569
1008
1047

212
461
701

225
850
988

97
128
321

619
781
1722

288
726
965

447
1539
2681

355
730
1424

120
363
713

41
680
929

109
543
1233

81
797
1396

790
910
1051

748
925
961

83
471
883

23
263
909

77
218
341

458
1385
1636

26
239
2244

58
270
403

110
352
526

556
1191
1685

618
1234
1730

21
88
121

36
55
136

82
1218
1584

48
142
200

210
329
369

633
1158
1422

497
1019
1250

119
1018
1959

587
917
1552

132
152
304

159
162
350

11
1031
1162

78
506
714

125
192
415

106
792
828

2
244
1311

954
1159
1342

1084
2264

186
300
309

173
198
205

45
563
1312

230
1776
2549

94
156
963

353
446
476

7
248
782

296
379
391

93
243
290

57
86
214

140
1693
1739

507
1150
1892

594
670
682

1581
1601
1745

170
204
257

316
337
838

644
2043
2054

174
206
396

130
804
1714

435
452
1012

284
1392
1438

255
1718
1882

122
699
721

785
816
847

718
1097
1143

42
1161
1834

14
992
1098

190
550
551

99
256
299

202
397
692

59
213
1679

385
586
1214

167
168
265

242
2791

117
165
169

155
187
395

39
226
464

1753
1909
2752

24
215
703

148
281
293

373
623
1073

885
986
1947

28
254
354

318
839
900

307
969
1068

482
825
1039

71
1069
1174

17
72
681

448
558
1812

479
802
2257

287
365
418

514
524
655

308
641
1181

76
294
602

151
324
340

62
2133
2191

878
1280
2135

29
305
615

753
1057
1271

149
810
1842

25
306
501

64
483
536

876
1273
1704

636
927
1284

175
180
223

32
84
179

346
552
832

376
432
1564

711
877
1103

145
199
278

902
1105
1186

247
799
1024

68
138
1414

141
249
498

47
229
231

450
2087
2537

37
348
455

383
407
746

331
572
583

430
595
1108

887
942
1891

1446
2831

651
1956

19
220
1114

625
637
827

100
183
860

40
188
261

266
272
322

166
652
1314

1190
1391
1952

185
1333
1923

283
542
559

131
568
789

27
972
2797

378
75
236
803

63
862
904

1193
1773
1982

197
224
848

182
313
426

96
201
271

172
434
646

12
49
115

69
111
207

8
92
147

829
1138
1469

228
819
872

267
382
411

105
127
303

114
399
478

320
327
332

80
123
134

Figure1: An exampleof visualizinga documentcol-
lection. Eachcell correspondsto one cluster(node)
in the SOM grid. The lighter is the color of the cell,
the shorteris the distanceto the selectedtest docu-
ment.Thevectorsof neighboringcellsareusuallyalso
neareachotherin theoriginalhigh-dimensionalvector
space.Thenumbersinsideacell aretheidsof someof
thedocumentsclosestto thatcell. For visualizationof
the clustercontents,we canalsolabel the clustersby
thebestmatchingindex words.



For automaticallydecodeddocumentswe must
somehow take into accountthat documentsare not
completelydescribedby thedecodedwords.Somerel-
evant words are lost or substitutedby fully irrelevant
ones.Clusteringhastheadvantageof mappingthede-
codeddocumentsbasedon their whole contentand
in that way minimizing the effect of incorrect indi-
vidual terms.In classicalclusteringmethodssuchas
K-meanseachclustervectoris theaverageof vectors
only in thatparticularcluster. This adaptstheclusters
well to the fine structureof the data,but can make
thesmoothingsometimesinefficient.The moretrain-
ing vectorsaffect to eachcluster, the smootheris the
representationand the more will the clustersreflect
the majorstructuresof the data.If we do the cluster-
ing by a SOM, eachtrainingvectoraffectsall clusters
aroundthe bestone at the sametime, which makes
it also easierto train large clustersets.As learning
proceedsin a SOM the densityof the clustervectors
will eventuallyreflectthedensityof the trainingvec-
tor space.This will provide strongestsmoothingon
sparseof areasandhighestaccuracy ondenseareas.If
wetrain theSOMasa two-dimensionalgrid, theauto-
maticorderingwill provideavisualizationof thestruc-
turesin the data(seeFigure1). If the displayis suit-
ably labeled,wecanseethedominantclustersanddir-
ectionsandget immediatelya conceptionof the area
wherea chosendocumentis situated[9].

3. EVALUATION OF INDEXING AND
RETRIEVAL METHODS

Thecorrectevaluationof a spokendocumentindex is
adifficult taskitself. To find out,for example,whether
a new documentcodingvariationimprovesthe index,
weneedto codethevectors,dotheclusteringandthen
createthe new index. And to evaluatethe index we
mustmaketestqueriesandranktheanswersandstill
thereis no directway to comparethe obtaineddocu-
mentrankinglists. In theTRECevaluationorganized
by NIST alot of work hasbeendoneto usehumanex-
pertsto preparea setof testqueriesandselecttherel-
evant documentsfrom a collectionof broadcastnews
sections,respective to eachquery[10].

The relevanceof the retrieved documentscanbe
comparedby two relative measures.The recall is the
proportionof the relevant documentswhich are ob-
tained,andthe precisionis the proportionof the ob-
taineddocumentswhich are relevant. A meaningful
comparisonfor rankedretrieval lists is finally to check
the precisionat differentlevelsof recall or, asin this
paper, by computingtheaverageprecision(AP) over
all relevant documents.In additionto AP, we usean-
otherrelatedmeasurewhichis theaverageR-precision
(RP)definedby theprecisionof thetop R documents,
whereR is thetotalnumberof therelevantdocuments.

If there were a direct and fully automaticway,
evenvery approximative,to doquantitativecomparis-

onsbetweenindexes,it wouldcertainlybeveryuseful
as it would allow us to test the methodsquickly for
differentnew databases.In this work we have useda
new conceptcalled the average documentperplexity
to give a numericalmeasureof how well an index de-
scribesadocumentset.We will presenttheseperplex-
ities for differentLSA variationsin two databases.For
theotherdatabasewe have therecall-precisionvalues
aswell, becausethis wasusedin latestTREC evalu-
ation[10].

Theideaof perplexity hasbeenusedin speechre-
cognitionfor a long time to quantifytherelative diffi-
culty of a recognitiontask.Oneinterpretationof this
measurecould be that the higher the perplexity, the
larger is eachtime the set of words from which we
have to selectthecorrectone.The lower theperplex-
ity is, thesmalleris thevocabularyandthestrongerare
theLM constraintsrestrictingthepossiblewordcom-
binations.So perplexity is a measureof the strength
or predictivepowerof the LMs andit is alsowidely
usedto compareLMs whenit is tooexpensiveto com-
puteevery time theactualWER for wholespeechre-
cognition system[6]. The perplexity for the words
�
(&!*)&)*)"!+� 	 in the test set can be definedas ,-, �
.0/21 �4365 	 �879(�:<;
=$> �'� �@? LM % �BA % .

For documentmodelswedefinetheperplexity us-
ing thevectorspacerepresentationof wordsanddoc-
umentsso that insteadof =C> � ��� ? LM % s we have the
probabilitiesgivenby theLSA modelfor thetestdoc-
ument.TheLSA probabilitiesarecomputedusingthe
normalizedmatchesbetweenthevectorsof the index
terms(wordsor stems)andthevectorof the testdoc-
ument(or its smoothedversion).A high word match
meansthat the word is very likely to exist in the test
documentandthemoreunlikely wordstherearein the
testdocument,thehighertheperplexity. Thusahigher
averagedocumentperplexity meansalsothatthemod-
elshave lesspredictivepowerfor thetesteddocuments
andthe index might beworse.However, perplexity is
by no meansa substitutefor the actualretrieval test
and,asit is well known from speechrecognitionex-
periments,even significantimprovementsin perplex-
ity do not necessarilyimply improvementsin the ac-
tual WER.

4. EXPERIMENTS

4.1. The system for indexing French news

A hybridHMM/MLP recognitionsystemsimilar to the
baselineof [2] wasusedto decodea database(BREF)
of 7.5 hoursof Frenchnews. The news areselected
extractsfrom the Frenchnewspaper, Le Monde,and
readby speakersselectedfrom a setof 80-speakers.
For this SI-LVCSRtaskwe obtained29% WER.The
maindifferencebetweenthis databaseandtruebroad-
castnews is thattherecordingsaremadein controlled
conditionswith a low noiselevel.



The featuresused in speechrecognitionare 12
RASTA-PLP coefficientswith their D valuesand D
energy and DED energy. A new featurevectoris com-
putedevery 10 ms usinga 30 ms window. For each
framethefeaturevectorsof 9 framesacousticcontext
arefedto aMLP (234inputs,1000hiddenunitsand36
outputscorrespondingto phonemeclasses).TheMLP
wastrainedassuggestedin [2]. TheHMMs aretiedto
the MLP outputsusingdurationmodelingby cloned
states.Theassociationsbetweenphonemesandwords
arespecifiedin a largepronunciationdictionarywith
alsomultiplepronunciationsfor somewords.

News texts from thesamenewspaperaswasused
for the speechdata,but on subsequentmonths,were
usedtocomputethetrigramLMs.TheLMs, theHMMs
andthe pronunciationdictionaryareall integratedto
decodethebest-matchingsentencehypothesisfor each
sequenceof MLP outputscorrespondingto a section
of speech.In this work we usedfor indexing only the
decodingby the best-matchinghypothesis.In fact, it
would probablybevery usefulto passmoreinforma-
tion from thespeechrecognizer, like n-besthypothesis
andassignanindexing weight for eachwordby mak-
ing useof confidencemeasuresin thedifferenthypo-
thesis.

The indexing was done by creatingan inverted
file first usingonly the index wordscorrespondingto
decodedwords (as in [1]), but then addingalso the
bestmatchingindex wordsaccordingto theLSA. The
numberof wordstakenfrom theLSA list wasdeterm-
ined by assumingLSA scoreswerenormally distrib-
utedandselectingall the bestscoresabove the99 %
significancelevel. Theindexing wasmadestochastic-
ally so that the index words were weightedby the
theLSA scoresscaledto within [0,1]. Thefirst index
wordsselecteddirectly from the actualdecodinggot
theweight1.0.

The documentswerecodedby taking a weighted
averageof the vectorsof their words(excluding stop
words, i.e. somevery commonwords that have no
valuefor indexing).Thewordvectorswere200-dimen-
sionalnormalizedrandomvectorsasexplainedin sec-
tion 2. For wordweightswedid notusethefrequency
in thecurrentdocument,but took thegeneralweights
reflectingtheimportanceof a word to thewholedoc-
umentcollection.Importancecanbedefinedusingthe
mutual informationor its simplerapproximation,the
inversedocumentfrequency[12]. We took the latter
approach.The sameword weighting was appliedas
well for weightingthe scoresof the index terms.In-
steadof actuallyusingwordsasindex termsor to build
the documentterms,we usedthe word stemsi.e. the
wordsaremappedinto their root form by suppressing
suffixeslike in [10].

After theLSA index is made,it canbeusedsimil-
arly asthedefaultTHISL index [10]. Queriesarepro-
cessedby eliminatingstopwordsandmappingother
wordsinto their stems.To find the bestmatches,the

documentsarescoredbasedonthenumberof matches
betweenthe querytermsandthe documentusingthe
index. The scoresare normalizedusing weights for
documentlengthandthetermfrequency in thecollec-
tion [12]. The highestrankedsectionsarelisted with
scoresandpointersto theaudiorecordings.

4.2. Tests on the TREC test material

Index AP RP PP PPtest
RM 0.33 0.34 2.6 (2.7)
RMSOM0 0.33 0.35 2.2
RMSOM 0.34 0.36 2.1
SVD 0.35 0.34 1.7 (1.8)
SVDSOM0 0.37 0.34 1.8
SVDSOM 0.38 0.34 1.8
THISL default 0.37 0.37
“perfect” 0.43 0.41

Table1: Somerecall-precisioncomparisons(AP is the
averageprecisionandRPtheR-precision)betweenthe
LSA versionsandwith thebaseline(THISL [10]) sys-
temfor TRECdata.Theaveragedocumentperplexity
(PP)is provided for theLSA versions.The “PP test”
is a simulationof independenttestdatamadefor each
testdocumentby ignoringthecontributionof thedoc-
umentitself for LSA. Theresultsherearefor theS1-
decodings(36% WER).

Index AP RP PP PPtest
RM 0.23 0.25 2.7 (2.7)
RMSOM0 0.25 0.25 2.2
RMSOM 0.25 0.25 2.1
SVD 0.24 0.23 1.6 (1.8)
SVDSOM0 0.26 0.27 1.7
SVDSOM 0.25 0.26 1.7
THISL default 0.29 0.29
“perfect” 0.43 0.41

Table2: ThesameasTable1, but usinga 49 % WER
speechrecognizer(B2).

Sincetherelevancejudgmentswereonly available
for the TREC database(AmericanEnglishbroadcast
news), we selectedthat databasefor quantitative and
qualitative comparisonsof our LSA indexing results.
Theindexing testsweremadeby usingasimilar index
asin 4.1.,but for the decodingwe usedtwo different
speechrecognizerswith differentWER levels.We se-
lectedthe 36 % averageWER one(S1) provided by
Sheffield University[10] andthe49% WER one(B2)
providedby NIST.

In Tables1 and2 RM is a 200-dimensionalran-
dommapping;SVD mappingused125mostimportant
singularvalues(andvectors);SOMclusteringhas260
unitsandSOM0is SOMtrainedwith 0-neighborhood



“perfect” S1decoding B2 decoding
decoding def. LSA def. LSA

ranked 841 893 1883 925 1425
recall 0.92 0.91 0.96 0.89 0.90
P.10 0.65 0.62 0.65 0.51 0.49
AP 0.43 0.37 0.38 0.29 0.26
RP 0.41 0.37 0.34 0.29 0.27

Table3:Somefinerdetailsfor thecomparisonbetween
the referencesystemsand the bestLSA systemfor
Tables1 and2. “ranked” = averagenumberof docu-
mentsrankedperquery, “recall” = total recall,“P.10”
= precisionat recall level 0.10. The total numberof
documentsin thecollectionis 2864.

(to equalanadaptive versionof theclassicalK-means
clustering).In theclusteredmappings(RMSOM,SVD-
SOM)thesmoothedmodelis madeusingtheweighted
averageof 10 best-matchingclusters(asexplainedin
section2). For thenon-clusteredmethods(RM, SVD)
wemadethesmoothedmodelfrom theweightedaver-
ageof 20best-matchingactualdocumentvectors.

In the“perfect” decodingwehave madetheindex
usingthecorrecttranscription,i.e.with no(automatic)
speechrecognitionerrors.The THISL default[10] is
with thedefaultparametersandwithout thequeryex-
pansion.In the query expansionnot only the index
termsrelatedto thequeryarechecked,but alsoterms
that arecommonlyassociatedwith query terms.The
commonassociationscan be formedusingany large
text databaserelatedto the subjectsof the indexed
database.Thequeryexpansionhasbeenshown [10] to
improve the recall-precisionvaluesof the THISL de-
fault andit would probablydo that for theLSA index
aswell.

4.3. Tests on material with no decoding errors

To seehow thedifferentLSA methodsbehaveonother
data,wemadesomeindexesfor theFrenchnewspaper
data.This exampleis ratherdifferentfrom the previ-
ous one, so we can’t makeany generalconclusions
just basedon thesetwo experiments.Firstly, this ex-
perimentteststhe methodson (ASR-)error-freedata,
so it actuallyis a text retrieval testonly. Secondly, no
relevancejudgmentswereavailable,soonly thedocu-
mentperplexitiescouldbecomputed.Theseperplexit-
ies area bit different from the previous,aswell, be-
causethey were computedusing a separateequally
large documentcollection, so not the training data.
Thirdly, no stemmingwasmadeandthe languagein
thedatais French.And finally, heavier approximations
weretestedin thedocumentcoding,both for RM and
SVD. In RM we tested100-dimensionalrandomvec-
torsandin SVD we usedagain125-dimensionalvec-
tors,but reducedtheoriginalvocabularydimensionby
droppingwordsthatappearedonly a few timesin the
collection.TheFigure2 showstherelativeperplexities
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Figure 2: The perplexities of 10 different LSA in-
dexing methods.Theupperpictureshows perplexities
when 50 bestclustermodels( F �HGJI

) are usedfor
thesmoothingandthelowerpicturewhenthematchis
approximatedby only thebestclustermodel( F �LK

).
The explanationof themethodids: ’s’ = SVD, ’m’ =
SOM, ’o’ = 260clusters,’O’ = 2000clustersand’k’
= SOM0.

for 10differentLSA variations.

5. CONCLUSIONS

This paperdescribesa systemfor decodingspoken
documentsandindexing thembasedon the latentse-
manticanalysisof thedocumentcontents.A new com-
putationallysimpleapproachis suggestedfor LSA in
largedocumentcollections.To smooththeLSA mod-
els we apply clusteringwith SOMs. This provides
anorganizedview over the contentsof the document
collection. Experimentsare madeusing Frenchand
Americannews andfor the latter we provide the rel-
evanceanalysisresultsof thetestqueries.To measure
the predictive power of the modelswe definea new
documentperplexity measure.

From Table 1 we seethat the averageprecision
improvesby SVD andeven further whenwe smooth



themodelsby SOM.Theclosercomparisonin Table3
shows,e.g.thatLSA retrievesmany moredocuments
thanthereference,includingalsoslightly moreof rel-
evant ones.By looking at the loweststandardrecall
level 0.10, which gives the precisionof the highest
rankeddocuments,LSA seemsalsoto do quite well.
For higherrecall levels theprecisionof LSA dropbe-
low the default,becausethe cost of the higher total
recall seemsto be a vast increaseof irrelevant docu-
ments.

Thedocumentperplexity for randommappeddoc-
uments(Tables1 and2) decreasesasstrongersmooth-
ing is applied,but the AP and RP indicatorsdo not
show any clearimprovement.For SVD codingtheAP
andRP indicatorsshow improvementfor smoothing,
but the perplexity doesn’t changemuch.In the other
test (Figure 2, upperpart) the perplexity increasesa
little whenstrongersmoothingis applied(lessclusters
or wider clusteringkernelimply strongersmoothing).
Fromcomparisonof theupperandlower partswe see
thatthestrongerapproximation( F �MK

) increasesper-
plexity morefor thenon-clusteredmappingsandbig-
gerclusteramounts,whichis reasonablealsofrom the
modelaccuracy pointof view. Thefact thatSVD cod-
ing is hereworsein perplexity thanRM is mostprob-
ablydueto thereducedvocabulary.

Fromcomputationalpointof view therandommap-
ping is betterthan SVD, sinceit is much fasterand
thereare no complexity problemsas the numberof
documentsandwordsincreases.It is alsoconvenient
thatwe do not needto changetheold documentvec-
torsasthedatabaseis updated.Theclusteringof mod-
elsis favorable,sincetheindexing is fasterwith smal-
ler total numberof modelsandsmallernumberof se-
lectedbestmodels( F ). The SOM algorithmbehaves
well for large documentcollections,becauseit is not
affectedby the vocabulary size and only almostlin-
earlyby thenumberof documents.

Theresultspresentedin thispaperareonlyprelim-
inary andmoreexperimentsarerequiredto getsound
conclusions.We usedalmostonly someadhocor de-
fault valuesfor all theparameterscontrollingthedoc-
umentcoding,clustering,smoothingandindexing, as
well as for ranking the retrieved documents.Careful
tuningof someor all theparameterscanstill improve
theresultssignificantly.

For furtherresearchwehave left theintegrationof
acousticconfidencemeasuresand n-besthypothesis
into the presentedstochasticindex, and testing the
moresophisticatedimportanceweightsfor the words
and index terms.For the Frenchdatabasesthe same
stemmingalgorithm as for English has so far been
used,but becausethe suffixes are different,we will
probablyhave to implementa totally new algorithm.
Furtherdevelopmentof therankingstrategiesmightbe
usefulfor LSA, sincewegetsignificantlymorematch-
ing documentsandtherearealsomoreusefulinform-
ationincludedin theindexing weights.Anotherinter-

estingaspectis the useof datavisualizationto help
understandthe structuresin the databaseand to use
suitablewordsin queries.
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