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Abstract
The goal of this contribution is threefold: (1) to presenthe resultsof a comparatie evaluationof different,academiandcommercial,
speeclrecognitionsengines;(2) to study relative performance®f Hidden Markov Model and hybrid technologiesas usedin state-
of-the-artsystemsand (3) to studythe impactof differentlinguistic resourcessuchassimpleword spotting,statisticalandgrammar
basedanguagemodels,on the speechrecognitionaccurag. All the evaluationswere madeon the basisof the sametestdatasetsand
conclusiongderived from the obtainedWord Error Ratescores.The evaluatedspeechrecognitionenginesareall spealer independent,
continuousspeechrecognitionengines githeracademicsystemsawidely usedin the researclcommunityor commercialools currently
availableonthe marlet. In this work, we consideredhreeacademisystemgHTK, Sirocco,andStrut/DRSpeechdndtwo commercial
ones(for the confidencaeasonsye namethesesystemsSRE1and SRE2). The main obtainedresultsarethat (1) the HiddenMarkov
Model (HMM) basedechnologyperformsbetterthanthe hybrid approachn the caseof unconstrainedontinuousspeechand(2) the
academicsystemsperformbetterin the caseof continuousspeechin French,while the commercialsystemsshov betterrecognition

accurag for continuousspeectin German.

1. Introduction

The growing availability of differentalgorithms,tech-
nologiesand systemsin the domainof automaticspeech
recognitionleadsto a quite natural question: amongthe
available options, what is the most adequateor a given
application. Differentevaluationcampaignsfor example,
NIST?, can be mentionned,aiming amongothersat the
evaluationof corversationaltelephonespeechor the one
of spealer recognition.As to the presentedvork, the main
interestwasnotto try to provide anexhaustve overview of
all availableacademicandcommercialspeechrecognition
engineg SREs)andstate-of-the-artechnologies.The aim
wasto presentthe resultsof the evaluationwork that we
hadto carryoutto choosehe SREto beusedin thelnspire
project aiming at the developpemenbf a dialogue-based
controlof differenthomeappliancesn the framework of a
SmartHomeervironnement.

Therestof the paperis organizedasfollows: section2.
describeghe evaluationframework; section 3. the used
SREs,section4. the usedtrain andtestdata;the resultsof
evaluationarereportedin section5.; andfinally, section6.
proposeshediscussiorof the obtainedresults.

2. Evaluation framework

The framewvork usedfor the evaluation of the differ-
ent SREswas similar to the one proposedby NIST: all
the consideredSREsare usedto recognizethe sametest
dataset, in our casecorversationaltelephonespeechac-
quiredduringthetwo field testsof the InfoVox project(Ra-
jmanetal., 2003). The obtainedWord Error Rate (WER)
scoreqGillick, 1989;Pallett, 1990)arethenusedasamea-
sureof theglobalrecognitionperformancef the SREs.For

http:/iwwwinist.gor/speech/tests/indentm
2http:/ivwwinspire-project.ay

theseevaluationperformancesthe acousticmodels(AM)
usedby the all academicSREsweretrainedon audiodata
of thesameguality astestdata the SwissFrenchPolyphone
databas®f corversationatelephonespeech.The AMs of
the commercialsystemsavere usedasprovided. As to the
languagemodel (LM) training, the samedata (transcrip-
tionsof dialoguesecordedover the phoneduring Wizard-
of-Oz experimentsn the InfoVox project)wasusedfor all
the SREs.

The secondaskconsideredn this work wasthe com-
parisonof HMM basedandhybrid® technologies For this
purposethe academicSREsusingHMM on onehandand
hybrid AM on the other handwere all usedto recognize
digits. Digits recognitionwasselecteecaus@olanguage
modelis necessanandthe obtainedWER scorescanthus
beusedasdirectmeasuresf therecognitionperformances
of theunderlyingtechnologiesDatausedto train the AM,
aswell asthe testingdata, were both extractedfrom the
SwissFrenchPolyphonedatabase.

Finally, the impactof the useof differentlinguistic re-
sources(such as word spotting grammay statisticaland
grammarbasedianguagemodels)on the recognitionper
formancesvasstudied. This wasdonefor only one SRE,
the commercialsystemSREL1,and the samedatasetwas
usedto producetherequiredlanguagamodels.

All theresultspresentedhereaftemvere computedwith
sclite evaluationtool (http://www.nist.ga//speech/tools).

3This technologyconsistsn the combinationof artificial neu-
ral networks (in our case MultiLayer Perceptron (MLP)) for es-
timating phonemegrobability distributions, and of HMMs for
themodelingof the phoneticlexicon andtherepresentationf se-
guence®f words



3. Speech Recognition Engines
The systemsusedfor the evaluationswere the follow-
ing:
HTK : (http://htk.eng.cam.ac.ulgn academicsystemus-
ing the HMM technology;supportsthe whole speech
recognitionprocessincludesnumerouslgorithmsfor

featuresxtractionandthe possibilityto train AM and
LM. Theversion3.1 of the softwarewasused;

DRSpeech/STRUT : academicsystemsusing a hybrid
technologysupporthewholespeechecognitionpro-
cessjncludenumerouslgorithmsfor featuresextrac-
tion andthe possibility to train AM. The implemen-
tation of the softwaresavailableat IDIAP# wasused,
andthe version2.9p1of the Noway acousticdecoder
wasused;

Sirocco : (http://lwww.irisa.fr/siroccolanacademi@cous-
tic decodeiintegrating estimationof phonemegprob-
abilitiy distribution on the basisof featurevectorsex-
tractedoy anothersystemHTK for example.Thever-
sion1.2.1of thesoftwarewasusedin thecombination
with HTK;

SRE1: a(HMM based)}ommercialsystem,supportsthe
whole recognitionprocessjncludesthe possibility to
train LM;

SRE2: a commercialsystem,supportsthe whole speech
recognitionprocess.

4. Test and train data
4.1. Test databases

Detailsaboutthe usedtestdataare presentedn theta-
bles1 and2 hereafter In thesetables,column*“Type” in-
dicategthetypeof audioinput data,” Volume” providesthe
sizeof the databasem recordingsandthe sizeof the pho-
neticvocahulariesin words,and” Quality” characterizethe
codingof audioinput data.

| Database | Language | Type | Volume |
InfoVox French | Freespeech| 876/988
Inspire German | Readspeech| 1370/235
SFP French Digits 420/30
SDGe German Digits 500/14

Tablel: Detailsaboutthe usedtestdata

| Database | Quality |
InfoVox | a-law, 8 KHz, 8 bits
Inspire | wav, 32KHz, 16 bits
SFP a-law, 8 KHz, 8 bits
SDGe a-law, 8 KHz, 8 bits

Table2: Detailsaboutthe quality of the usedtestdata

Someadditionalnotesaboutthe usedtestdatabases:

“http://mwwidiap.ch

Inspire: 10 dialoguesreadby 10 spealersandrecorded
over amicrophonefor evaluationpurposegluringthe
Inspireproject;

SFP : digits subseextractedfrom the SwissFrenchPoly-
phone database 420 recordings, telephonespeech,
from 2 to 15 digits perrecording;

SDGe: digits subsetextractedfrom the GermanSpeech-
Dat(ll) database500recordingstelephonespeechl
digit perrecording;

InfoVox 70telephonalialoguesecordedn Frenchspeak-
ing Switzerlandduring the two field-testsof the In-
foVox project.236sentencewererecordediuringthe
first (internal)field-test,640 sentencesvererecorded
duringthesecondexternal)field-test.

4.2. Acoustic Models

Thetable3 presentshe AMs usedby the SRESs.In this
table, the column “System” indicatesthe systemusedto
preparethe AM, the column*“Language”the languageof
the AM, andthe column“Model” the type of audioinput
themodelcanrecognize.

| System | Language | M odel |
HTK Fr Continuougelephonespeech
STRUT Fr Continuougelephonespeech
SRE1 FriGe Unconstrainedpeech
SRE2 Fr Unconstrainedpeech

Table3: Acousticmodelsusedby the SREs

Additional notesonthetable:

1. the Srocco systemusesthe sameAM asHTK, only a
formatcorversionis necessary;

2. theAM usedby SRE1 andSRE2 aredeliveredwith the
systems;

3. for the HTK AM, 26 Mel Frequeng Cepstralcoefi-
cients(12 coeficients, enegy, deltacoeficientsand
deltaenepgy) were used. Context-independenimod-
els were trained (36 phonemesfor Frenchand 48
phonemesgor German)andeachof themhad3 states
and24 gaussiangerstate;

4. for the STRUT AM, a MultiLayer Perceptror{234in-
put units, one hiddenlayer with 600 units, 36 out-
put units) was trained. The input units correspond
to 234 coeficients (a contet of 9 consecutie fea-
ture vectors,eachvector contains26 coeficients, 12
RASTA-PLP coeficientsalongwith theirfirst deriva-
tives 12ARASTA-PLP, aswell as A-log- and AA-

log-enegy);

5. thetrainingof the HTK andSTRUT AM wasmadeon
the basisof the samedata: 3000sentencefrom Swiss
Frenchpolyphonedatabaseisedfor training,and200
sentence$or cross-alidation. For moredetailsabout
thetrainingof theseAMs, see(Anderseretal., 1997).



4.3. Language Models

The SRE1commercialsystemis provided with a spe-
cific tool to train languagemodelsin its proprietaryfor-
mats.For the othersystemsthe CMU Toolkit® wasusedto
produceonelanguagenodelthat hasthenbeencorverted
in theformatssupportedy eachof theconcernedystems.

Table 4 presentghe datausedto train the LMs. The
column“Database’indicateghesourcesand“Volume”the
sizeof the databasén sentenceandwords.

| Language | Database | Volume |
French InfoVox WoZ 2'183/22'790
German | GermanSpeechDat 26'831/295'586
German InspireWoZ 137/757

Table4: Datausedto trainlanguaganodels

Additional note on the table: InfoMox WoZ standsfor
the Wizard-of-Oz experimentcarried out in the InfoVox
project;255dialoguesnvolving atotal of 100personsvere
recordedduringthe experiment.

5. Resultsof the comparative evaluations
5.1. Comparative evaluation of the SREs

The resultsof evaluationof the SREsare presentedn
thetables5 for the InfoVox dataand6 for the Inspiredata.

| System | WER, % |
HTK 63.3
SRE2 65.0
SRE1 66.3
Sirocco 68.9
DRSp/STRIT 76.6

Table5: Evaluationof the SREson the InfoVox data

[ System [ WER, % |
SREL | 35.8
HTK | 81.0

Table6: Evaluationof the SREson theInspire data

The first conclusionthat can be dravn from the ob-
tainedresultsis thatthe academicsystemsisingthe HMM
technologyhave the similar performancessthe commer
cial ones. As to the hybrid technology it performsworth
thantheHMM basedechnology The poorperformancef
HTK onthelnspiredatais dueto thefactthattheusedAM
is of weakrecognitionquality. This is shavn in the next
section.

The hugedifferencein the recognitionof the InfoVox
and Inspire databasesbsened for the SRE1commercial
systemcanbeexplainedby the quality of theusedLMs: in
the caseof the InfoVox databasethe train corpusis com-
posedof only 22’790 words, in the caseof the evaluation

Shttp://mi.eng.cam.ac.ufiyc14/toolkit.html

on the Inspire data, the size of train corpusis more than
290'000words.

5.2. Comparative evaluation of the acoustic models

Theresultsof evaluationarepresentedh thetable7 for
Frenchand8 for German.

[ System [ WER, % |

SRE2 8.0
SRE1 20.6
HMM 22.1
ANN 36.0

Table7: Evaluationof the AMs on the SwissFrench Poly-
phone data

[ System [ WER, % |
SREL | 0.4
HMM | 266

Table8: Evaluationof the AMs onthe German SpeechDat
data

The obtainedresultsshowv thatthe HMM techonology
performsbetterthanthe hybrid one. Then,the substantial
differencebetweenthe performance®f digits recognition
with commerciabndacademicSREsmaybedueto thefact
thatthe commercialSREshave oftenthe possibility either
to switch betweenseveral AMs tunedto specificapplica-
tions,or to tunetheusedAM onlineduringtherecognition
process.

Finally, the hugedifferencein the recognitionof Swiss
FrenchPolypphoneandSpeechDafll) databasesbsened
for the SRE1can be explainedby the compleity of the
tasks: the complexity of thefirst task(from 2 to 15 digits
perrecording)is muchhigherthanin thecaseof SpeechDat
(1) (only 1 digit perrecording).

5.3. Comparativeevaluation of thelinguistic
resour ces

Thelinguisticresourcesve wantedto evaluatearethose
thatcanbe usedby ary state-of-the-arspeectrecognition
engine. In our experiments,we concentratecn the LM
andthe grammar(either a Contect-Free Grammar(CFG)
or a Word-SpottingGrammar(WSG)). The goal of this
evaluationwas to measurethe impact on the recognition
performanceof the different linguistic resourcesand
their varying adaptatiorto the domainof application. To
achieve acontrolablevariability of theresourceadaptation,
the resourceswere derived from a corpus containing a
set of sentencesonly characteristicfor the application
(the Inspire WoZ database)and progressiely extended
with a growing number of sentencesot characteristic
for the application (extracted from the SpeechDat(ll)
database). The derived CFGs were of coursenot very
realisticfor reallife applicationsput they allowedto keep
comparableevaluation conditions. For the CFGs, the
sentencegontainedin the training corporawere directly



usedasrulesin thegrammaythereforeyielding agrammar
of thefollowing form:

< S >= (sentence;|sentences| . .. |sentencex);

To producethe LMs, the sentencesf the training cor-
porawereusedin thetraditionalway; i.e. for eachtraining
corpus,SATCA estimatedhe 3-gramsLM.

For the WSG, we useda regular grammaraccepting
ary sequencef ary of the phoneticwordsextractedfrom
Inspire WoZ (this grammaris also sometimegeferredto
asthe“ergodiclanguagenodel”). Formally, the definition
of suchagrammaiis thefollowing:

< 8 >= (word; |lwords| . . . |lwordy )+;

Theresultsof the evaluationof the linguistic resources
arereportedin thetable9 for LMs evaluation,table10 for
CFGsevaluationandtablellfor WSGevaluation.Discus-
sionof the obtainedresultsis providedin the next section.
In thesetables,column“T raining” explainsthe datausedto
trainthe models:thelines’10K + InspireWoZ', '5K + In-
spireWoZ', '1K + InspireWoZ’ and’500 + InspireWoZ’
meansthat 10’000, 5’000, 1’000 and 500 sentencesvere
randomly chosenin the GermanSpeechDafll) database
andaddedo the InspireWoZ database.

Performancevariationassociatedvith the differentre-
sourcess displayedn thefigure 1.

| Training | WER, % |

SpeechDat 33.6
SpeechDat InspireWoZ 5.0
10K + InspireWoZ 5.6

5K + InspireWoZ 6.2

1K + InspireWoZ 7.9
500+ InspireWoZ 9.0
InspireWoZ 114

Table9: Evaluationwith the LMs

| Training | WER, % |
SpeechDat 106.9
SpeechDat InspireWoZ 11.9
10K + InspireWoZ 11.0
5K + InspireWoZ 10.1
1K + InspireWoZ 8.7
500+ InspireWoZ 8.2
InspireWoZ 8.0

Table10: Evaluationwith the CFGs

| Training
| InspireWoZ |

[WER, % |
289 |

Tablel1: Evaluationwith the WSG

WER
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Figurel: Evaluationwith LMs andCFGs

6. Discussion

Evaluation shavs that the academicSRESs using the
HMM basedtechonology have the recognition perfor
mancessimilar to the ones obtainedwith the commer
cial SREsif a “reasonnable”AM is available (compare
the“HMM” linesin tables7 and8 andthe corresponding
global recognitionperformanceof HMM basedacademic
SREsin tables5 and6).

Concerninghe evaluationof thelinguistic resourcesa
very interestingobsenationis thatthe LMs actin the op-
positeway as CFGs(figure 1). Thereasorfor this canbe
thefollowing: the perpleity of thetrainedCFGsincreases
with theincreaseof the train material. This is not the case
for LM models:moretrain dataleadsto moreaccuratees-
timationof the sameN-gramsstructures.

Finally, oneinterestingsurprisingconclusionconcerns
thefactthattheuseof a simpleword spottinggrammarcan
leadto betterrecognitionperformanceshan “traditional”
LMs trainedon hugecorpora(table 11 andthefirst line in
tablest, 9, 10). This meanghatif no sufficiantcorporaare
availableto trainthe LMs, onecanalwaysusethe WSGs.
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