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Abstract
Thegoalof this contribution is threefold:(1) to presenttheresultsof a comparative evaluationof different,academicandcommercial,
speechrecognitionsengines;(2) to study relative performancesof HiddenMarkov Model andhybrid technologies,asusedin state-
of-the-artsystems;and(3) to studythe impactof differentlinguistic resources,suchassimpleword spotting,statisticalandgrammar-
basedlanguagemodels,on thespeechrecognitionaccuracy. All theevaluationsweremadeon thebasisof thesametestdatasetsand
conclusionsderived from theobtainedWord Error Ratescores.Theevaluatedspeechrecognitionenginesareall speaker independent,
continuousspeechrecognitionengines,eitheracademicsystemswidely usedin theresearchcommunityor commercialtoolscurrently
availableon themarket. In this work, we consideredthreeacademicsystems(HTK, Sirocco,andStrut/DRSpeech)andtwo commercial
ones(for theconfidencereasons,we namethesesystemsSRE1andSRE2).Themainobtainedresultsarethat (1) theHiddenMarkov
Model (HMM) basedtechnologyperformsbetterthanthehybrid approachin thecaseof unconstrainedcontinuousspeech,and(2) the
academicsystemsperformbetterin the caseof continuousspeechin French,while the commercialsystemsshow betterrecognition
accuracy for continuousspeechin German.

1. Introduction
The growing availability of differentalgorithms,tech-

nologiesand systemsin the domainof automaticspeech
recognitionleadsto a quite naturalquestion: amongthe
available options,what is the most adequatefor a given
application. Differentevaluationcampaigns,for example,
NIST1, can be mentionned,aiming amongothersat the
evaluationof conversationaltelephonespeechor the one
of speaker recognition.As to thepresentedwork, themain
interestwasnot to try to provideanexhaustiveoverview of
all availableacademicandcommercialspeechrecognition
engines(SREs)andstate-of-the-arttechnologies.Theaim
was to presentthe resultsof the evaluationwork that we
hadto carryout to choosetheSREto beusedin theInspire
project2 aiming at the developpementof a dialogue-based
controlof differenthomeappliancesin theframework of a
SmartHomeenvironnement.

Therestof thepaperis organizedasfollows: section2.
describesthe evaluationframework; section 3. the used
SREs,section4. theusedtrain andtestdata;theresultsof
evaluationarereportedin section5.; andfinally, section6.
proposesthediscussionof theobtainedresults.

2. Evaluation framework
The framework usedfor the evaluationof the differ-

ent SREswas similar to the one proposedby NIST: all
the consideredSREsare usedto recognizethe sametest
dataset, in our caseconversationaltelephonespeechac-
quiredduringthetwo field testsof theInfoVox project(Ra-
jman et al., 2003). The obtainedWord Error Rate(WER)
scores(Gillick, 1989;Pallett,1990)arethenusedasamea-
sureof theglobalrecognitionperformanceof theSREs.For

1http://www.nist.gov/speech/tests/index.htm
2http://www.inspire-project.org

theseevaluationperformances,the acousticmodels(AM)
usedby theall academicSREsweretrainedon audiodata
of thesamequalityastestdata,theSwissFrenchPolyphone
databaseof conversationaltelephonespeech.TheAMs of
the commercialsystemswereusedasprovided. As to the
languagemodel (LM) training, the samedata (transcrip-
tionsof dialoguesrecordedover thephoneduringWizard-
of-Oz experimentsin theInfoVox project)wasusedfor all
theSREs.

Thesecondtaskconsideredin this work wasthe com-
parisonof HMM basedandhybrid3 technologies.For this
purpose,theacademicSREsusingHMM on onehandand
hybrid AM on the other handwere all usedto recognize
digits. Digits recognitionwasselectedbecausenolanguage
modelis necessary, andtheobtainedWER scorescanthus
beusedasdirectmeasuresof therecognitionperformances
of theunderlyingtechnologies.Datausedto train theAM,
as well as the testingdata,were both extractedfrom the
SwissFrenchPolyphonedatabase.

Finally, the impactof theuseof differentlinguistic re-
sources(such as word spotting grammar, statisticaland
grammarbasedlanguagemodels)on the recognitionper-
formanceswasstudied.This wasdonefor only oneSRE,
the commercialsystemSRE1,and the samedatasetwas
usedto producetherequiredlanguagemodels.

All theresultspresentedhereafterwerecomputedwith
sclite evaluationtool (http://www.nist.gov/speech/tools).

3This technologyconsistsin thecombinationof artificial neu-
ral networks (in our case,MultiLayer Perceptron (MLP)) for es-
timating phonemesprobability distributions, and of HMMs for
themodelingof thephoneticlexiconandtherepresentationof se-
quencesof words



3. Speech Recognition Engines
The systemsusedfor the evaluationswerethe follow-

ing:

HTK : (http://htk.eng.cam.ac.uk)an academicsystemus-
ing theHMM technology;supportsthewholespeech
recognitionprocess;includesnumerousalgorithmsfor
featuresextractionandthepossibilityto trainAM and
LM. Theversion3.1of thesoftwarewasused;

DRSpeech/STRUT : academicsystemsusing a hybrid
technology;supportthewholespeechrecognitionpro-
cess;includenumerousalgorithmsfor featuresextrac-
tion and the possibility to train AM. The implemen-
tationof thesoftwaresavailableat IDIAP4 wasused,
andthe version2.9p1of the Noway acousticdecoder
wasused;

Sirocco : (http://www.irisa.fr/sirocco)anacademicacous-
tic decoderintegratingestimationof phonemesprob-
abilitiy distribution on thebasisof featurevectorsex-
tractedby anothersystem,HTK for example.Thever-
sion1.2.1of thesoftwarewasusedin thecombination
with HTK;

SRE1 : a (HMM based)commercialsystem,supportsthe
whole recognitionprocess;includesthepossibility to
trainLM;

SRE2 : a commercialsystem,supportsthe whole speech
recognitionprocess.

4. Test and train data
4.1. Test databases

Detailsabouttheusedtestdataarepresentedin theta-
bles1 and2 hereafter. In thesetables,column“Type” in-
dicatesthetypeof audioinput data,“Volume” providesthe
sizeof thedatabasesin recordingsandthesizeof thepho-
neticvocabulariesin words,and“Quality” characterizesthe
codingof audioinputdata.

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

SDGe German Digits 500/14

Table1: Detailsabouttheusedtestdata

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

SDGe a-law, 8 KHz, 8 bits

Table2: Detailsaboutthequality of theusedtestdata

Someadditionalnotesabouttheusedtestdatabases:

4http://www.idiap.ch

Inspire : 10 dialoguesreadby 10 speakersand recorded
over a microphonefor evaluationpurposesduringthe
Inspireproject;

SFP : digits subsetextractedfrom theSwissFrenchPoly-
phone database,420 recordings,telephonespeech,
from 2 to 15 digitsperrecording;

SDGe : digits subsetextractedfrom the GermanSpeech-
Dat(II) database,500recordings,telephonespeech,1
digit perrecording;

InfoVox 70telephonedialoguesrecordedin Frenchspeak-
ing Switzerlandduring the two field-testsof the In-
foVoxproject.236sentenceswererecordedduringthe
first (internal)field-test,640sentenceswererecorded
duringthesecond(external)field-test.

4.2. Acoustic Models

Thetable3 presentstheAMs usedby theSREs.In this
table, the column “System” indicatesthe systemusedto
preparethe AM, the column“Language”the languageof
the AM, andthe column“Model” the type of audio input
themodelcanrecognize.

System Language Model

HTK Fr Continuoustelephonespeech
STRUT Fr Continuoustelephonespeech
SRE1 Fr/Ge Unconstrainedspeech
SRE2 Fr Unconstrainedspeech

Table3: Acousticmodelsusedby theSREs

Additionalnoteson thetable:

1. theSirocco systemusesthesameAM asHTK, only a
formatconversionis necessary;

2. theAM usedby SRE1 andSRE2 aredeliveredwith the
systems;

3. for the HTK AM, 26 Mel Frequency Cepstralcoeffi-
cients(12 coefficients,energy, deltacoefficientsand
deltaenergy) wereused. Context-independentmod-
els were trained (36 phonemesfor French and 48
phonemesfor German),andeachof themhad3 states
and24 gaussiansperstate;

4. for theSTRUT AM, a MultiLayer Perceptron(234in-
put units, one hidden layer with 600 units, 36 out-
put units) was trained. The input units correspond
to 234 coefficients (a context of 9 consecutive fea-
ture vectors,eachvectorcontains26 coefficients, ���
RASTA-PLP coefficientsalongwith their first deriva-
tives ����� RASTA-PLP, as well as � -�	��
 - and ��� -
���

 -energy);

5. thetrainingof theHTK andSTRUT AM wasmadeon
thebasisof thesamedata:3000sentencesfrom Swiss
Frenchpolyphonedatabaseusedfor training,and200
sentencesfor cross-validation.For moredetailsabout
thetrainingof theseAMs, see(Andersenetal.,1997).



4.3. Language Models

The SRE1commercialsystemis provided with a spe-
cific tool to train languagemodelsin its proprietaryfor-
mats.For theothersystems,theCMU Toolkit5 wasusedto
produceonelanguagemodelthathasthenbeenconverted
in theformatssupportedby eachof theconcernedsystems.

Table4 presentsthe datausedto train the LMs. The
column“Database”indicatesthesources,and“Volume”the
sizeof thedatabasein sentencesandwords.

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

Table4: Datausedto train languagemodels

Additional note on the table: InfoVox WoZ standsfor
the Wizard-of-Ozexperimentcarried out in the InfoVox
project;255dialoguesinvolving atotalof 100personswere
recordedduringtheexperiment.

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

The resultsof evaluationof the SREsarepresentedin
thetables5 for theInfoVox dataand6 for theInspiredata.

System WER, %

HTK 63.3
SRE2 65.0
SRE1 66.3

Sirocco 68.9
DRSp/STRUT 76.6

Table5: Evaluationof theSREson theInfoVox data

System WER, %

SRE1 35.8
HTK 81.0

Table6: Evaluationof theSREson theInspire data

The first conclusionthat can be drawn from the ob-
tainedresultsis thattheacademicsystemsusingtheHMM
technologyhave the similar performancesasthe commer-
cial ones. As to the hybrid technology, it performsworth
thantheHMM basedtechnology. Thepoorperformanceof
HTK on theInspiredatais dueto thefactthattheusedAM
is of weakrecognitionquality. This is shown in the next
section.

The hugedifferencein the recognitionof the InfoVox
and Inspiredatabasesobserved for the SRE1commercial
systemcanbeexplainedby thequalityof theusedLMs: in
the caseof the InfoVox database,the train corpusis com-
posedof only 22’790 words,in the caseof the evaluation

5http://mi.eng.cam.ac.uk/p̃rc14/toolkit.html

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

5.2. Comparative evaluation of the acoustic models

Theresultsof evaluationarepresentedin 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, %

SRE1 0.4
HMM 26.6

Table8: Evaluationof theAMs on theGerman SpeechDat
data

The obtainedresultsshow that the HMM techonology
performsbetterthanthehybrid one. Then,thesubstantial
differencebetweenthe performancesof digits recognition
with commercialandacademicSREsmaybedueto thefact
that thecommercialSREshave often thepossibilityeither
to switch betweenseveral AMs tunedto specificapplica-
tions,or to tunetheusedAM onlineduringtherecognition
process.

Finally, thehugedifferencein therecognitionof Swiss
FrenchPolypphoneandSpeechDat(II) databasesobserved
for the SRE1can be explainedby the complexity of the
tasks:the complexity of the first task(from 2 to 15 digits
perrecording)is muchhigherthanin thecaseof SpeechDat
(II) (only 1 digit perrecording).

5.3. Comparative evaluation of the linguistic
resources

Thelinguisticresourceswewantedto evaluatearethose
thatcanbeusedby any state-of-the-artspeechrecognition
engine. In our experiments,we concentratedon the LM
and the grammar(either a Context-FreeGrammar(CFG)
or a Word-SpottingGrammar(WSG)). The goal of this
evaluationwas to measurethe impact on the recognition
performanceof the different linguistic resourcesand
their varying adaptationto the domainof application. To
achieveacontrolablevariability of theresourceadaptation,
the resourceswere derived from a corpus containing a
set of sentencesonly characteristicfor the application
(the Inspire WoZ database)and progressively extended
with a growing number of sentencesnot characteristic
for the application (extracted from the SpeechDat(II)
database). The derived CFGs were of coursenot very
realisticfor real life applications,but they allowedto keep
comparableevaluation conditions. For the CFGs, the
sentencescontainedin the training corporawere directly



usedasrulesin thegrammar, thereforeyieldingagrammar
of thefollowing form:

��������������������� �!�#"�$	�%�&������� �!�('
$�)�)*)*$	����������� �!�!+-,�.

To producetheLMs, the sentencesof the training cor-
porawereusedin thetraditionalway, i.e. for eachtraining
corpus,SATCA estimatedthe3-gramsLM.

For the WSG, we useda regular grammaraccepting
any sequenceof any of thephoneticwordsextractedfrom
Inspire WoZ (this grammaris also sometimesreferredto
asthe“ergodic languagemodel”). Formally, thedefinition
of sucha grammaris thefollowing:

���������0/2143657"%$ /214365*'8$�)�)�)�$ /914385;:�,&<=.

Theresultsof theevaluationof the linguistic resources
arereportedin thetable9 for LMs evaluation,table10 for
CFGsevaluation,andtable11for WSGevaluation.Discus-
sionof theobtainedresultsis providedin thenext section.
In thesetables,column“Training” explainsthedatausedto
train themodels:thelines’10K + InspireWoZ’, ’5K + In-
spireWoZ’, ’1K + InspireWoZ’ and’500 + InspireWoZ’
meansthat 10’000, 5’000, 1’000 and500 sentenceswere
randomlychosenin the GermanSpeechDat(II) database
andaddedto theInspireWoZ database.

Performancevariationassociatedwith the differentre-
sourcesis displayedin thefigure1.

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 11.4

Table9: Evaluationwith theLMs

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 theCFGs

Training WER, %
InspireWoZ 28.9

Table11: Evaluationwith theWSG
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Figure1: Evaluationwith LMs andCFGs

6. Discussion
Evaluation shows that the academicSREs using the

HMM based techonologyhave the recognition perfor-
mancessimilar to the ones obtainedwith the commer-
cial SREsif a “reasonnable”AM is available (compare
the “HMM” lines in tables7 and8 andthe corresponding
global recognitionperformanceof HMM basedacademic
SREsin tables5 and6).

Concerningtheevaluationof thelinguistic resources,a
very interestingobservation is that the LMs act in the op-
positeway asCFGs(figure 1). The reasonfor this canbe
thefollowing: theperplexity of thetrainedCFGsincreases
with theincreaseof thetrain material.This is not thecase
for LM models:moretrain dataleadsto moreaccuratees-
timationof thesameN-gramsstructures.

Finally, oneinterestingsurprisingconclusionconcerns
thefactthattheuseof asimplewordspottinggrammarcan
leadto betterrecognitionperformancesthan “traditional”
LMs trainedon hugecorpora(table11 andthefirst line in
tables6, 9, 10). Thismeansthatif nosufficiant corporaare
availableto train theLMs, onecanalwaysusetheWSGs.
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