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Foreword

Over the pastfive years,Hervé BourlardandNelsonMorganhave beenen-
gagedin an internationalcollaborationaimedat determiningwhetherneu-
ral networks could be usedto improve talker-independentcontinuousspeech
recognition. This book providesa detailedreview of their successfulcollab-
oration. It describeshow large multi-layer perceptronnetworks containing
more than 150,000weightswere trainedand integratedinto a state-of-the-
art HiddenMarkov Model (HMM) recognizerto provide improved acoustic-
phoneticmodelingand improved recognitionaccuracy. The lessonslearned
alongtheway form a casestudywhich demonstrateshow hybrid systemscan
be developedthat combineneuralnetworks with more traditional statistical
approaches.Thebook illustratesboth theadvantagesandlimitations of neu-
ral networksasseenby researcherswho understandbothneuralnetworksand
alternative statisticalapproaches.

Thebookfirst describesearlyresearchandtheorywhich demonstratethat
neuralnetworksestimateBayesianaposterioriprobabilities.Thisallowsmulti-
layerperceptronsto be integratedinto hybrid HMM speechrecognizersvia a
commonstatisticalframework. The book thendescribesproblemsthat were
encounteredandsolvedin developinghybrid speaker-dependent andspeaker-
independentcontinuousspeechrecognizers.It describestheRing Array Pro-
cessorthat wasrequiredto obtainpracticaltraining timeson databaseswith
morethanamillion inputfeaturevectors.It alsodescribeshow cross-validation
testingwasusedto preventover training; how network outputswerenormal-
izedby classprior probabilitiesto provide scaledlikelihoods;andtechniques
thatimprovedtrainingtimes,includingrandomsampling,correctlyinitializing
outputnodebiases,graduallydecreasingthestep-size,andtrial-by-trial weight
adaptation.

Thebookpresentssomeuniquenetwork designsandproofsmotivatedby
the connectionbetweennetworks andstatistics.A context-dependentneural
network is describedwhich estimatescontext-dependentclassprobabilities
with many fewerweightsthanwouldberequiredif oneoutputwasprovidedfor
eachclass-context combination.This approachrequiresthreesmallnetworks
insteadof onemuchlarger network. A modificationof radial basisfunction
networksis alsodescribedwhich forcesoutputsto sumto one.Proofsarepre-
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sentedwhichdemonstratethatnetwork outputsestimateBayesianaposteriori
probabilitiesandthatauto-associationnetworksusedfor datacompressionper-
form a functionsimilar to thatperformedby principalcomponentsanalysis.

This book is useful to anyone who intendsto use neuralnetworks for
speechrecognitionor within the framework provided by anexisting success-
ful statisticalapproach.It requiressomeknowledgeof speechrecognitionand
signalprocessingbut providesa helpful casestudywhich demonstratesthat
neuralnetworksareausefultool thatcanbeusedside-by-sidewith othermore
acceptedstatisticalapproaches.

RichardLippmann
MIT Lincoln Labs,April 13,1993



Preface

SinceLeibniz there hasbeenno manwho hashad
a full commandof all the intellectualactivity of his
day. There are fieldsof scientificwork which have
beenexplored fromthedifferentsidesof pure math-
ematics,statistics,electrical engineeringand neu-
rophysiology; in which everysinglenotion receives
a separatenamefromeach group,andin which im-
portant work hasbeentriplicated or quadruplated,
while still other important work is delayedby the
unavailability in onefield of resultsthat mayhave
alreadybecomeclassicalin thenext field.
– NorbertWiener–

At onetime,scientificknowledgewasheldby arelatively smallgroupwith
acommandof anencyclopedicrangeof topics.Today, it maynolongerbepos-
sible to do scientificresearchasa lonewolf. Advancescanonly beachieved
throughdiscussionandworldwideexchangeswith scientificcolleagues.This
is actuallya positive developmentfor a numberof reasons.First, many ideas
cancomethroughthegroupactivity of complementaryminds. Pasta certain
point,participantsin sucha“groupthink” exerciseareno longerclearlyaware
of theboundariesof origin of any particularidea.Thework reportedhereis an
exampleof sucha collaboration.Secondly, whentheseadvancesareobtained
throughtheinteractionof colleaguesacrossnationallines,thiscommunication
is an importantcomponentof globalawareness.We grow to understandand
appreciateeachother’scultures,becomingbettercitizensof ourglobalvillage.
Finally, widespreadexchangesforce us toward moreeffective self-criticism,
sinceweknow thatothersviewing ourwork will certainlyseeits flaws.

Thereis,however, anegativesideto thisdistributionof expertise.Innumer-
ablesub-disciplineshavedeveloped,ofteneachwith its own jargon.Thisoften
meansthatcomplementaryexpertsmaynotevensharethesametechnicallan-
guage,makingcollaborationdifficult. Speechcommunicationwith machineis
certainlysuchanarea,requiringcontributionsfrom linguists,computerscien-
tists, electricalengineers,psychologists,andmathematicians(to namejust a
few majorfields). Evenwithin theengineeringaspectsof this pursuit,thereis
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a diversemixtureof signalprocessing,patternrecognition,probabilitytheory,
speechscience,andsystemdesign.For completesystems,theseaspectsmust
beaugmentedby incorporatingknowledgeof language.Thediversityof these
topicsis oneof thegreatestproblemsfor machinespeechcommunication.

The work describedin this volumeis the resultof a strongcollaboration
andfriendshipbetweenthe authors.The joint work beganwith an extended
visit Bourlardmadeto ICSI startingin 1988,shortlyaftersomeseminalwork
that he haddonewith ChristianWellekensat Philips in Belgium. After this
visit, theresearchcontinuedbothindividually andjointly, assistedby frequent
shortvisits,electronicmail, fax,andtheoccasionalexpensive phonecall. The
resultwasa body of work thatwe reporthere,all basedon theuseof multi-
layer perceptronsto estimatethe probabilitiesof soundunits for usein con-
tinuousspeechrecognition.While only a smallpartof theoverall problemof
speechrecognition,it nonethelessbringstogetherarangeof subjects.Wehave
tried to describethesepiecesusingconsistentterminology, but hopethat we
still give thereaderasenseof thediversityof thefieldsrequiredto explorethis
subject.

Sciencemovesquickly, andtheideasin thesepagesmaywell seemnaive
in a few short yearsafter they were written. This can’t be helped. On the
otherhand,someof theseideasmayprove to beimportant,in whichcasethey
will almostcertainlybemisused(that is, beusedto Humankind’s detriment).
This alsocannotbe helped. However, we expressthe hopethat the senseof
internationalismthatwasresponsiblefor theresearchprogresswill bereflected
in theuseof this technologyfor peacefulpurposes.

Hervé BourlardandNelsonMorgan
Berkeley, CA, May 1993.



Acknowledgments

Many peoplehavecontributeddirectlyandindirectly to boththework reported
hereandto this book itself. Somehelpful partieswill, alas,be unavoidably
omittedfrom any suchlist.1 Someof the peoplewho we feel moststrongly
aboutthankingare(in no particularorder):� RichardLippmannfor his Forewordandhelpful comments.� Luis Almeida,ReńeBoite,HenriLeich,andJohnLazzarofor theirearly
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Chapter 1

INTRODUCTION

New opinionsarealwayssuspected,andusuallyop-
posed,without any other reason,but becausethey
are notalreadycommon.
– JohnLocke –

For thirty years,Artificial NeuralNetworks (ANNs) have beenusedfor
difficult problemsin patternrecognition[Viglione,1970].Someof theseprob-
lems,suchasthepatternanalysisof brainwaves,havebeencharacterizedby a
low signal-to-noiseratio; in somecasesit wasnotevenknown whatwassignal
andwhatwasnoise.

Morerecently, ANNs havebeenappliedto AutomaticSpeechRecognition
(ASR). Despitethe relatively deepknowledgethatwe have aboutthespeech
signal,ASR is still difficult. This is so for a numberof reasons,but partly
becausethefield is motivatedby thepromiseof human-level performanceun-
derrealisticconditions,andthis is currentlyanunsolvedproblem.For speech
communication,statisticallysignificantclassificationaccuraciesareof no in-
terestif they arelow comparedto humanlisteners.

SoASRis ahardproblemandANNs canbehelpful for hardpatternrecog-
nition problems.However, we arewary of assumingthatneural“magic” can
solve this or any otherproblem.Practicalpatternrecognitionsystemsarenot
realizedsimplyby onemonolithicelement,eitherin theform of asingleANN
or any otherhomogeneouscomponent.Solvinga real-world problemalmost
alwaysrequiresthecraftingof a heterogeneoussystemfrom modulesthat the
engineerhasin his toolkit. This is at leastpartly becausethestructureof hard
problemsthemselves is typically heterogeneous.Onemight have a compo-
nentthat is bestdescribedassignalprocessing,anotherasa classificationor
patternmatchingmodule,andyet anothermight incorporatesyntacticor se-
manticknowledge. ASR is no exception;even for the “standard”statistical
systemsthat we have usedas our startingpoint, completerecognizerscon-
sist of a numberof critical pieces. This modularproperty is fortuitous for

3



4 CHAPTER1. INTRODUCTION

researchers.We canpick someaspectof thewholeproblemthatwe consider
suboptimal,andattemptto improve it with anew technique(or anold onethat
hasnot beenappliedto this subtask).Ultimately, therearestrongadvantages
to greaterhomogeneity– for instance,doing the entiretaskwith ANN mod-
ules;in principle,thiswouldprovidegreaterflexibility for globaloptimization
of thesystem.At themoment,wedon’t know how to do this.

The focusof this book,assuggestedby the title,1 is on the integrationof
ANNs into anASR systemfor continuousspeech.This hasbeendonefor an
importantrecognitionsubtask,phoneticprobabilityestimation.Theseproba-
bilities areusedasparametersfor HiddenMarkov Models(HMMs), currently
the framework of choicefor state-of-the-artrecognizers.Keepingtheoverall
framework of a conventionalrecognizerhaspermittedus to make controlled
comparisonsto evaluatenew techniques.

1.1 Automatic SpeechRecognition(ASR)

The dominanttechnologicalapproachesfor speechrecognitionsystemsare
basedon patternmatchingof statisticalrepresentationsof theacousticspeech
signal,suchasHMM wholewordandsubword (e.g.,phoneme)models.How-
ever, althoughsignificantprogresshasbeenmadein thefield of ASRtheselast
years,thetypical vocabulary sizeis still very limited2 andtheperformanceof
theresultingsystemsis still notcomparableto thatachievedby humanbeings.

Consideringtheimmenseeffort thathasgoneinto studyingspeechrecog-
nition overthelastfour decades,onemightwonderwhy thisareais still a topic
for research.As earlyasthe1950s,researchersbuilt simplerecognizerswith
credibleperformancefor restrictedtasks(suchasisolateddigits spoken by a
single talker). Unfortunately, the techniquesusedin thesesystemswerenot
sufficient to solve the generalproblemof ASR. The difficulties of this prob-
lem canbe describedin termsof a numberof characterizationsof the task,
including:

1. Intra- and inter-speaker variabilities: Is the systemspeaker dependent
(i.e., optimizedfor a singletalker), or speaker independent(canrecog-
nizeanyone’svoice)?Typically, speaker-dependentsystemscanachieve
better recognitionperformancethan speaker-independent systemsbe-
causethevariability of thespeechsignal(i.e., theway wordsandsub-
wordsarepronounced)is morelimited. However, this is achievedat the
costof anew enrollment(training)sessionthathasto bedonefor every
new speaker; thememoryrequirementswill alsobelargersinceonehas
to storespecificmodelsfor every user.

1Seethefront cover if you’ve forgottenit.
2While someexistingsystemswork with verylargevocabularies,thereis alwayssomecom-

pensatingrestriction,suchasthelimitation to avery task-specificgrammar, for any systemthat
workswell enoughto beuseful.
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For mostapplications(e.g.,thepublictelephonenetwork), only speaker-
independentsystemsareuseful. In this case,speaker independenceis
usuallyachieved by usingthesamebaselinemodels(e.g.,HMMs) that
aretrainedon databasescontaininga largepopulationof representative
talkers. In this case,theASR systemdoesnot requirespecifictraining
andusesthesamesetof modelsof every user.

A solutionbetweenspeaker-dependentandspeaker-independent systems
consistsin doingfastspeaker adaptation. In thiscase,startingfrom pre-
trained(e.g., speaker-independent) models,one tries to adaptthe pa-
rametersof themodelsquickly to bettermatchthecharacteristicsof the
user’s voice. This canbeperformedin a supervisedway (e.g.,prompt-
ing thespeaker for asmallsetof utterances,or takingacorrectiveaction
eachtime the userdetectsan error) or unsupervisedway (from a few
unconstrainedutterancesfrom thespeaker).

2. Is thesystemableto recognizeisolatedor continuousspeech? With iso-
latedword recognitionsystems,thetalker is requiredto saywordswith
shortpausesin between.This is the simplestcase,sinceword bound-
ariesaredetectedfairly easily, andsincethewordsarenotstronglycoar-
ticulated.

ContinuousSpeechRecognition(CSR)systemscanrecognizeasequence
of wordsthat arespoken without requiringpausesbetweenthe words.
In this case,the words in the utterancescanbe stronglycoarticulated,
which makes recognitionconsiderablymoredifficult. Typically these
systemsassumespeechwith a predefinedlexicon andsyntax. A very
challengingextensionof suchsystemsachieves recognitionof natural
or spontaneousspeech, for which the talker is not constrainedby vo-
cabulary sizeor artificial grammaticalconstraints.This is still anopen
researchissuesince, in this case,the systemhasto deal with speech
disfluencies,hesitations,non-grammaticalsentences,out-of-vocabulary
words,etc.

Anotherproblemthat is neitherisolatedword recognitionnor continu-
ousspeechrecognition(but whichisasdifficult asCSR)is oftenreferred
to askeyword spotting(KWS). In this case,onewantsto detect“key-
words” from unconstrainedspeech,while ignoring all other words or
non-speechsounds.This is a kind of generalizationof anisolatedword
recognitionsystemin whichtheuseris notconstrainedto pronouncethe
wordsin isolation;this leadsto moreuser-friendly systems.3 Thechal-
lengingproblemof rejectingutteranceswith nokeywordsis alsousually
addressedin aKWS system.

3Diabolicalsystemdesignerscanalsousethis approachto createa user-nastysystem,such
asonethatrebootswhenever theusersays“pizza”.
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3. Vocabulary size and confusability: Is the systemable to recognizea
vocabulary of only a few words, or can it handlelarge vocabularies
of thousandsof words? What is the potential confusabilitybetween
words? In general,it is difficult to get good recognitionresultswith
a large vocabulary, and the computationtime can also be an issuein
thiscase.Addingmorewordsincreasestheprobabilityof confusionbe-
tweenwords.Also, sincemorerecognitiontime is requiredfor a larger
lexicon,fastersearchtechniques(e.g.,beamsearchandfastlook-ahead)
arerequired,andcandegradethefinal performanceof thesystem.For
large vocabularies,it is alsonot generallyfeasibleto work with whole
word models,sincethis would requirea prohibitive amountof training
data,particularlyfor a speaker-independent system.A naturalsubword
unit is thephoneme,but suchunitsarestronglycoarticulated;thatis, the
pronunciationof eachlinguistically basedsoundunit is stronglydepen-
denton its acoustic-phoneticcontext. In general,ASR performanceis
significantlyaffectedby theacousticconfusabilityof thevocabulary to
berecognized,whichcanleadto difficultiesevenfor smallvocabularies.
This is thecase,for example,with the“E” setof thealphabet,thatis, for
thespokennamesof thelettersthatrhymewith “E” (b, c, d, e,g, p, t, v,
andz).

4. Are thereany taskand/orlanguageconstraints? In mostcases,thetask
of continuousspeechrecognitionis simplified by restrictingthepossi-
ble utterances.This is usuallydoneby usingsyntactic(and,sometimes,
semantic)informationto reducethecomplexity of thetaskandtheam-
biguity betweenwords.However, this is still a very active researcharea
sinceit is not known how to properly interfacegeneralgrammarsand
naturalspeechconstraintswith acousticrecognizers.Theuseof seman-
tic information is still an openissue. Sincethe degreeto which these
non-acousticknowledgesourceslimit thepossibleutterancescandiffer,
vocabulary sizeis not a goodmeasureof a CSRtask’s difficulty. The
constrainingpower of a languagemodelis usuallymeasuredby its per-
plexity, roughly the geometricmeanof the numberof words that can
occurat any decisionpoint.4 If I is thenumberof lexicon words,the
perplexity v ]�� !�*�I�� . A high perplexity generallyimpliesa high level
of difficulty for a task,sincemany competingword candidatesmustbe
examinedby the acousticrecognizer. The CSRtasksthat will be de-
scribedin thisbookwill usuallyhave roughlya1,000word lexicon and
aperplexity equalto 60.

5. Doesthesystemwork in adverseconditions? Severalvariablesthatcan
altertheperformanceof ASRsystemshave beenidentified:

4See[Jelinek,1990]for a moreprecisedescription.



1.1. AUTOMATIC SPEECHRECOGNITION(ASR) 7� environmentalnoise,i.e.,stationaryor nonstationaryadditivenoise
(e.g.,in car, cockpitor on factoryfloor);� distortedacousticsandspeechcorrelatednoise(e.g., reverberant
roomacoustics,nonlineardistortions);� differentmicrophones(e.g.,telephoneset,superdirectionalorclose-
talkingmicrophones,)anddifferentfilter characteristics(for which
the telephonechannelis a particularcase),which usually leadto
convolutionalnoise;� limited frequency bandwidth(e.g., telephonechannelswherethe
transmittedfrequenciesarelimited betweenapproximately350Hz
and3,200Hz);� alteredspeakingmanner, (e.g., Lombardeffect, differing speak-
ing rate,speaker stress,breathandlip noise,pitch, uncooperative
talker, etc.);or� somecombinationof theabove (which is, unfortunately, themost
frequentcase).

Somesystemscanbe morerobust thanothersin responseto someof
thesefactors,but in generalrecognizersareoverly sensitive in this re-
gard.5

6. Will the systembe trained to recognizereador natural, spontaneous
speech? Virtually all practicalapplicationsrequirethe recognitionof
natural, spontaneousspeech. On the other hand, nearly all research
experimentshave usedreadtext as input (seethe ATIS task[DARPA,
1991],anexperimentalairline reservation system,for a notableexcep-
tion). Thepracticaldifferenceis a hostof disfluenciesthatpeoplepro-
duce– for instance,filled pauses(“um” or “er”) or falsestarts. Addi-
tionally, in naturalspeech,talkerswill almostcertainlyusesomewords
thatareoutsideof therecognizerlexicon. All of thesefactorsmakeCSR
muchmoredifficult.

In thisbook,wewill addresstheproblemof speaker-dependent andspeaker-
independentCSR for “read” speech,with moderatesize lexicons (typically
1,000words)andasimplifiedlanguagemodelwith moderateto high perplex-
ities (commonly60, but muchhigherfor sometasks). This hasbeenchosen
asthereferencedomainfor theapproachproposedin thebookfor severalrea-
sons:� Testswill beperformedonstandarddatabasesfor whichresultsobtained

with stateof theart systems,highly optimizedfor thesetasks,areavail-
ablefor comparison;

5See[Furui, 1993]for agoodoverview of thesevariablesandthemethodsthatarecurrently
usedor investigatedto copewith them.



8 CHAPTER1. INTRODUCTION� Thesetasksareeasyenoughtogetsome“promising” results,but alsoare
hardenoughto identify statisticallysignificantimprovementsor degra-
dationsresultingfrom anew approach;and� After thedevelopmentsreportedin this book,we wereableto integrate
ournew modulesintoastate-of-the-artsystemto boostits generalrecog-
nition performance.

1.2 Limitations in Curr ent ASR Systems

An excellentearly report [Davis et al., 1952] describedoneof the first suc-
cessfulspeechrecognitionsystems.While therecognizerworkedwell, it was
limited to recognitionof isolateddigits for a singlespeaker. A readingof the
text suggeststhat theauthorsbelieved thatunrestrictedrecognitionof natural
speechwasashorthopaway. It hasbeenstatedfor many yearsthatthesolution
to thespeechrecognitionproblemwasonly fiveyearsaway.6

Unfortunately, the problemis not that simple. Words that have entirely
differentmeanings(andconsequences!)canhave very similar phoneticstruc-
ture. Additionally, wordsutteredin connectedspeecharesaidin very differ-
entways,often including thecompletedeletionof phonemesthatareclearly
statedin isolatedwords(wordsboundedby silence).Thereareaninfinite num-
berof sentencesthatmaybespoken (sincethereis no restrictionon sentence
length),andeven anartificial restrictionon sentencelength(say, to lessthan
20 seconds)permitsa giganticnumberof possibleword combinations.Each
suchcombinationaffectsthewaywordsandphonemesarespoken(especially
dueto contextual effectsfrom neighboringsounds).Moreover, asnotedear-
lier, variationsin thespeechcollectionenvironment,suchasroom acoustics,
channelspectralcharacteristics,or microphoneresponsecanall make major
changesin thespeechspectrum,all of whichcanseriouslydegraderecognizer
performance.Whena systemmustbespeaker-independent, thevariability for
dialect,speakingspeed,andothertalker-dependentaspectsfurtherincreasethe
difficulty of thetask,typically doublingtheerrorrate,evenwithin thesamedi-
alector accentgroup.

Most of thesedifficulties canbesummarizedfairly simply: variability of
the speechacousticandvariationof additive andconvolutional noise. Addi-
tionally, however, we instinctively expecta high level of recognitionperfor-
mance,muchaswould beachieved by a human(or for a keyboardinput, for
instance),andhavevery little interestin a recognizerthatmakesfrequentmis-
takes.For thesereasons,speechrecognitionmustachieve a very high level of
performanceto beof generalinterestasaman-machineinterface.

What is the performancecurrentlyavailable from the bestspeechrecog-
nition system?Certainlysuchsystemscangive extremelyimpressive results

6Sinceit hasbeenrepeatedfor solong,clearlyit mustbetrue...
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in the laboratory, particularlywith a task-restrictedgrammar;95-98%accu-
racieshave beenreportedfor the recognitionof 1000 words in continuous
speech[Weintraubet al., 1989; Lee et al., 1989]. However, unconstrained
backgroundnoise,microphonecharacteristics,and grammarsthat are more
characteristicof real applicationsresult in far lower performance.Even the
relatively simplecaseof telephonedigits, for which ratesgreaterthan 99%
have beenachieved, becomesextremely difficult with the channelvariation
from real telephonelines; a recentexperimentcontrasteda 97%accuracy for
speaker-independent isolateddigit recognitionwith a40%scorewhenchanges
in thetelephonechannelwerenot handled[Hermansky, 1990b;Hermansky et
al., 1991]. Furthermore,without restrictive grammars(which arenot realistic
for generalspeech),eventhebestspeaker-independent systemscurrentlygive
about20%worderrorandabout80%sentenceerror. This is far from whatone
would requirein adictationsystem,for instance.

In short, despiteencouragingprogressover the last few years,speech
recognitionby machinestill hasa long way to go to be goodenoughto be
generallyuseful.

1.3 Book Overview

In thiswork wewill show how neuralnetwork techniquescancomplementtra-
ditional approachesto improve state-of-the-artcontinuousspeechrecognition
systems.However, we will alsoshow that this is not easy;we shouldnot rely
toomuchon the“magical” problem-solvingabilitiesof ANNs without aclear
understandingof theunderlyingprinciplesandtasks.

After abasicreview of statisticalpatternclassification(Chapter2),Chapter
3 recallsthemainfeaturesandunderlyinghypothesesof HiddenMarkov Mod-
els(HMMs), stochasticmodelsthatarenow widelyusedfor automaticisolated
word andconnectedspeechrecognition.Oneof their mainadvantageslies in
their ability to representthe time sequentialorderof speechsignalsand the
variability of speechproductionby the useof powerful matchingtechniques
suchastheBaumWelchor Viterbialgorithms.Theparametersof thesemodels
arelearnedfrom largedatabasesthatareassumedto bestatisticallyrepresen-
tative. For their training,acritical problemis thechoiceof alearningcriterion.
A modelis saidto bediscriminantif it maximizestheprobabilityof producing
an associatedsetof featureswhile minimizing the probability that they have
beenproducedby rival models.Problemsrelatedto thechoiceof a criterion
arediscussedin Section3.5.

Chapter4 focuseson linear discriminantfunctionsand a kind of ANN
called a Multilayer Perceptron(MLP). Like HMMs, theseare learningma-
chines,but they alsoprovide discriminant-basedlearning;that is, modelsare
trainedto suppressincorrectclassificationaswell asto modeleachclasssep-
arately. MLPscanacquirepatternknowledgeby learning,andcanthenrecog-
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nizepatternsthataresimilar to thosepresentedin thelearningset.Thisstands
in contrastwith the HMM approach,which usesa separatemodel for each
phonemicclassandusuallymakesassumptionsaboutthe distribution of the
associatedfeaturevectors. Further, in contrastto HMMs, MLPs cancapture
high-orderconstraintsbetweendatawhile discriminatingbetweenclasses.

However, the sequentialnatureof the speechsignal,which is inherentto
theHMM formalism,remainsdifficult to handlewith neuralnetworks. Chap-
ter 5 reviews thedifferentapproachesthathave beenproposedso far to han-
dle sequentialsignals: modelswith buffered inputs or recurrentneuralnet-
works. Someof thesemodelshave alreadyproved usefulin recognizingiso-
lated speechunits. By their dynamicalproperties,thesemodelsareable to
include somekind of time warping, or at leastsomeintegration over time.
However, ANNs by themselveshave not beenshown to beeffective for large
scalecontinuousspeechrecognition.It currentlyappearsthata goodsolution
is to integratetheminto astatisticalframework usingstandardapproachessuch
asHMMs.

To properlyinterfaceANNs with HMMs, it wasnecessaryto understand
what thesenetworks areactuallycomputing. In Chapter6, it is shown that
the output valuesof MLPs may be consideredto be estimatesof Bayes(a
posteriori, or posterior)probabilitieswhentrainedfor patternclassification.In
otherwords,theMLPs canestimatetheconditionalprobabilityof eachclass
of speechsound,given thespeechdata.This propertyis proved theoretically
anddemonstratedexperimentallyon a realistictask.

Thiswasanimportantlink betweenMLPsandHMMs. However, showing
thatanMLP cangeneratea posterioriprobabilitiesis not sufficient for recog-
nition, sinceHMMs requirethe estimationof likelihoods. That is, standard
HMM recognizersrequirethe estimationof the probability of producingthe
observeddataassumingeachsoundclass.Accordingly, a new kind of HMM,
referredto as a discriminantHMM, using posteriorprobabilitiesinsteadof
likelihoods,is introducedin Chapter7. While improving theHMM discrim-
inant capabilities,thesemodelspreserve the algorithmic aspectsof HMMs
(e.g.,Viterbi-like trainingandrecognitionprocedures)andhave thepotential
to overcomesomeof themajor weaknessesof standardHMMs. However, it
appearsthat it is not easyto properly interfaceMLPs and HMMs. Conse-
quently, themodificationsof thebasicschemethatwerenecessaryto getgood
word recognitionperformancearepresentedanddiscussedin Chapter7.

In Chapter7, only discretefeaturesare used. In Chapter8, the hybrid
HMM/MLP approachis extendedandtestedwith continuousacousticvectors
anddynamicfeatures,andthis is shown to improve recognitionperformance.
In addition,weshow how ourapproachwassuccessfullyintegratedinto DECI-
PHER[Cohenet al., 1990],currently(1993)oneof thebestlargevocabulary,
speaker-independent, continuousspeechrecognitionsystems.This integration
improvedtheperformanceof astate-of-the-artsystem.

Theinitial hybrid HMM/MLP approachfocusedon HMMs thatareinde-
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pendentof phoneticcontext, andfor thesemodelstheMLP approacheshave
consistentlyprovidedsignificantimprovements.In Chapter9, thisapproachis
extendedto context-dependentmodels.The techniquepresentedis not really
constrainedto speechrecognition;it is a generalapproachto split any large
netusedfor patternclassificationinto smallernetswithoutany assumptionsof
independence.

Sincerecognizeraccuracy is only onemeasureof apracticalspeechrecog-
nition system,Chapter10 examinesthesystemtradeoffs for MLP probability
estimationandcomparesthe resourcesrequirements(storage,memoryband-
width, andcomputation)for HMMs, bothwith andwithout anMLP. Chapter
11 describesthe developmentof someANN accelerationhardwareandsoft-
warethatwererequiredto speedtheresearchwork describedin thisbook.

The next part of this book (Part III) discussesrelatedproblemsor ap-
proachesthathavebeeninvestigatedin theframework of thiswork. In Chapter
12,we describetheapproachof cross-validationthathasbeeninstrumentalin
our achievementof goodrecognitionresultswith a hybridHMM/MLP hybrid
structure.Althoughthishasbeendonein theframework of speechrecognition,
cross-validationis ageneraltechniqueto avoid overfittingwhenthenumberof
trainingpatternsis not largein comparisonwith thenumberof ANN parame-
tersto belearned.

In Chapter13,anotherkind of hybridHMM/MLP approachusingMLPsas
autoregressive models(asinitially introducedin, e.g.,[Levin, 1990;Tebelskis
et al., 1991]) arediscussedin the generalframework of linear andnonlinear
predictive models.

In Chapter14,we investigatethepossibilityof usingMLPs for featureex-
traction. Auto-associative MLPs have sometimesbeenproposedfor feature
extractionor dimensionalityreductionof thefeaturespacein informationpro-
cessingapplications.This chaptershows that,for auto-associationwith linear
output units, the nonlinearitiesat the hiddenunits areunnecessary. This is
so becausethe optimal transformationandthe correspondingparameterval-
uescanbe derived directly by purely linear techniques,relying on singular
valuedecompositionandlow rank matrix approximation,similar in spirit to
theKarhunen-Lòeve transform.

We concludethe book with Part IV, consistingof a generaloverview of
the final systemand the Conclusions. Chapter15 summarizesthe hybrid
HMM/MLP approach(includingtraining)thatled to ourbasicsystemanddis-
cussesthepossibleextensionsthatarethesubjectof currentresearch.Chapter
16containstheconclusionsandsomespeculationaboutfutureresearchtrends
in thefield of ANN-basedpatternrecognitionandspeechrecognition.

In summary, thiswork describesafirst attemptat incorporatingneuralnet-
work approachesfor continuousspeechrecognition. In this attemptwe are
largelyconstrainedto useneuralnetworksfor well definedsubtasks.However,
the principlesestablishedhereshouldbe applicableto otherpartsof speech
recognition,and to someextent to quite different tasksin statisticalpattern



12 CHAPTER1. INTRODUCTION

recognition.7

7But time will tell.



Chapter 2

STATISTICAL PATTERN
CLASSIFICATION

In this world, nothingcanbesaid to becertain,ex-
ceptdeathandtaxes.
– BenjaminFranklin–

2.1 Intr oduction

No new engineeringor scientifictechnique,however novel, evolves in isola-
tion. Both HiddenMarkov Model (HMM) andMultilayer Perceptron(MLP)
basedapproacheshave beendevelopedin thecontext of a long historyof pat-
tern recognitiontechnology. Thoughspecificmethodsarechanging,thepat-
ternrecognitionperspective continuesto beusefulfor thedescriptionof many
problemsandtheirproposedsolutions.

While patternrecognitionis in generalmorecomplex thansimply cate-
gorizing an input into oneof a numberof possibleclasses,the classification
perspective is useful. The notationanddefinitionsfor this modelof pattern
recognitionwill provide tools that permit us to characterizemore complex
problems,suchasspeechrecognition.In this chapterwe will briefly describe
theclassicalelementsof patternclassification,with anemphasison thestatis-
tical approach.Thedefinitionsandconceptswill beusefulfor understanding
the later chapters.Readerswith a strongbackgroundin patternrecognition
may want to scanthis chapterquickly.1 Beginnerswho would like to seea
morethoroughtreatmentarereferredto [Fukunaga,1972]and[Duda& Hart,
1973],two truly wonderfulbooks.

1Or skip it entirely. It’ sa shortchaptersoyouwon’t missmany jokes.

13
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2.2 A Model for Pattern Classification

Many patternrecognitionproblemscanbe partially or completelydescribed
in termsof thegoalof classifyingsomesetof measurementsinto categories.
Many casesaremorecomplex, e.g.,deriving a descriptionfor a visual scene
or translatinga speechutteranceinto a databasequery. While theseproblems
still are in somesenserecognizinga patternof symbolsor values,their so-
lution is far morethanthe identificationof a patternfrom somefixed setof
classes.Nonetheless,even in suchcasestherearealmostalwayscomponents
of theproblemthatarewell describedaseitherthehardor soft classification
of measurements;in thelattercase,agradeddecision(suchasaprobability)is
required.

Generically, a patternclassifierconsistsof two majorpieces:a featureex-
tractor and a classifier. Thesetwo modulesultimately have the samegoal,
namelyto transformtheinput into a representationthatis trivially convertible
into a classdecision.Thedifferencebetweenthe two modulesis oneof per-
spective. Traditionallythefeatureextractorisusedtoconvert theraw inputinto
a form that is easilyclassified;this is a commonplaceto incorporatedomain-
specificknowledgethatwill greatlyenhanceperformanceover theblind useof
automatictechniques.For example,for speechrecognition,conversionfrom
a continuouswaveform to a seriesof short-termspectralrepresentationshas
beenshown to be beneficial. This is true despitethe fact that, in theory, au-
tomatic transformationtechniquesthat arepart of the classifier(e.g.,neural
networks)canlearnthismapping.

In additionto therepresentationaltransformationof thefeatureextraction
stage,this pieceof the systemtypically (thoughnot universally) introduces
somecoarsergranularity. For instance,while thespeechwaveform might be
sampledat 8-16 kHz, the time-varying spectralmeasureis typically sampled
at 100Hz. This is not necessarilya dimensionalityreduction,althoughtrans-
forming to a smallerrepresentationis frequentlya motivation for featureex-
traction;somerepresentations(suchasthemorecomplex auditorymodelsfor
the caseof a speechsignal)caneven increasethe signaldimensionality. In
eithercase,the featureextractionstagemustproducea representationthat is
goodfor separationor discriminationbetweenclasses.

For the purposesof this book, we will assumea datarepresentationthat
is discretizedin time.2 The featuresextractedfrom eachchunkof data(e.g.,
a speechsegment)is referredto asa pattern. Fromthesepatterns,the feature
extractorwill produceasequenceof vectors,whereeachvectorcomponentis a
variablethathasbeencomputedfrom theoriginaldata.Wedenotethis feature
vectoras ��%'�	�F(�*+�H,�*�-�-�-�*+� . 
 , ad-dimensionalvector. 3

2In general,patternsdo not needto bepart of a sequence,but canbeany setof examples
that we wish to categorize,suchasthe setof heightandweight valuesfor all Americanand
Belgianspeechresearchers.

3In latersections,the featurevectorswill alsobe indexedover time � andwill bedenoted
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Given a setof featurevectors,the classificationstageis designedto dis-
criminatebetweenthemonthebasisof class.Trainedclassifiersaredeveloped
usinga setof featurevectorexamples,with theobjectof developinga numer-
ical or symbolicrule thatcanmake thedesireddistinctionfor datathathasnot
yet beenseen.Typically thetrainingdevelopsa setof discriminantfunctions,
onefor eachclass,which areoptimizedin an attemptto producethe largest
value for the function correspondingcorrectclass. For the purposesof this
chapterwe will denote5 � *O�w%�!�*�-�-�-�*�6 , asthelist of patternclasses.

In general,then,we wish to find thebestfeatureextractorandclassifierto
discriminatebetweenpatternsthatbelongto differentclasses.For simplicity’s
sake, we candefine“best” hereastheonewhich providesthefewestclassifi-
cationerrorsonanew sampleof data.4

Wehave describedfeatureextractionandtheclassificationdecisionasbe-
ing distinct processes.We briefly note that it is almostalways desirableto
integratethesestepsasmuchaspossible.For instance,the bestfeaturesare
theonesthatarechosento give gooddiscriminationbetweenclasses,andthe
bestclassifiersare thosethat do not critically rely on incorrectassumptions
aboutthefeaturerepresentation.

Therearemany kindsof patternclassifiers.For thepurposesof this book,
we will be limited to statisticalmethods.Statisticalpatternclassificationhas
theadvantageof apowerful mathematicalframework.5 Giventhis framework,
we candevelopnew methodsandrelatethemto existing approaches.It is the
capabilityfor suchinsightsthatinterestsusmost.

2.3 Statistical Classification

As notedabove, statisticalapproachesprovide us with a strongbody of rel-
evant theory.6 In the statisticalframework, the conceptof optimum classi-
fication that wasdiscussedin the previous sectioncanbe mademuch more
concrete.For somerestrictedcases,this formulationcaneventell usprecisely
what the optimumclassifiermustbe. More generally, we aregiven no such
prescription;nonetheless,theidealcasescanprovideuswith someintuition to
helpunderstandwhatnew approachesaredoing.

Using thenotationof theprevious section,we candenotetheprobability
that a patternbelongsto a classas ���	5 ��
 (where "������	5 ��
 � ! ). Since
this expressioncontainsno dependenceon featurevectors,and thus can be¡ Y£¢c¤ ¡ Y X+¥ ¡ Y>¦ ¥3§r§3§3¥ ¡ Y�¨>© .

4More generally, thereis somecostassociatedwith eachdifferentkind of error, so thatthe
optimumsystemin the senseof leastcostwill not necessarilybe the optimumsystemin the
senseof minimizing thenumberof errors.

5Unfortunately, theassumptionsrequiredfor therelevanttheoryto bevalid arealmostnever
realistic.This hasn’t stoppedany of us.

6We assumeherethat the readeris familiar with the basicideasof probability, including
probabilitydensityfunctions.If not,godirectly to jail, donotpassGo,anddonotcollect$200.
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expressedbeforenew datais seen,it is generallyreferredto astheprior or a
priori probabilityof class5 � . If aclassprobabilityis conditionedonthefeature
vector, we canexpresstheprobabilityof classmembershipgiventhepattern.
In the notationof the previous section,for featurevector � this conditional
probability is denoted���	5 � 
 � 
 . Sincethis probability canonly be estimated
after the datahasbeenseen,it is generallyreferredto as the posterioror a
posterioriprobabilityof class5 � .

Thegenericpatternclassificationproblemcannow bestatedin astatistical
framework: givenasetof measurements,vector � , whatis theprobabilityof it
belongingto aclass5 � , i.e., ���	5 � 
 � 
 ? Intuitively, if oneknew theseprobabili-
tiesfor all classesandfor every possiblefeaturevector, a gooddecisioncould
bemade.As it turnsout, sucha decisioncanbeformalizedandproven to be
optimumin thesamesensedescribedin thelastsection.Thatis, assumingthat
the patternmustcomefrom oneclassof 5O(�*�5t,/*�-�-�-�*o5�C , if we constructa
classifierthatassigns� to class5 � if:���	5 � 
 � 
«ª ���	5 � 
 � 
 *­¬®�&%�!�*��¯*�-�-�-/*�6°*­��±%R� (2.1)

thenwe canshow that sucha rule will provide the minimum probability of
error for any classifier.7 This would meanthat theexpectednumberof errors
for a new unseensetof featurevectorswould beminimized. In theterminol-
ogy of theprevioussection,we would beusing ���	5 � 
 � 
 (over all valuesof � )
as the discriminantfunctions. This optimumstrategy is often calledBayes’
DecisionRule. Simplyput, it requiresthatweassignapatternto theclassthat
hasthehighestposteriorprobability (i.e., given thevector � ). Becauseof the
optimality of this decisionrule, theposterioris alsosometimesreferredto as
theBayesprobability.

Alas, life is not so simple.8 How do we actually get theseprobabili-
ties? In generalthey cannotbecomputeddirectly, andcanonly beestimated
from thedata(andfrom assumedprior knowledge).Theaccuracy of theesti-
mateswill ultimatelydeterminetheperformanceof theclassifier. Commonly,
this estimationis simplified by making someassumptionsaboutthe pattern
data.For instance,theunknown distributionsareoftencharacterizedby some
parametrizedmodel.In otherwords,wedefinetheform of thestatisticaldistri-
bution,sothatweonly have to estimatetheparameters,ratherthanacomplete
(oftencontinuous)probabilitydensityfunction. Most commonly, we assume
thisdistributionalform separatelyfor eachclass,andfor theprobabilitydensity���	�u
 5 �=
 [asopposedto theposteriorprobability���	5 � 
 � 
 ]. This is theprobabil-
ity densityfunctionfor thefeaturevector� amongthosepatternsthatbelongto
class5 � , andis oftenreferredto asthedatalikelihood. This class-conditional
datalikelihood is simply relatedto the posteriorprobability by Bayes’ rule,

7SeeDuda& Hart for theproof,which takesabout2 linesof math,but therearesomenice
text andpicturesto make it easy.

8Or maybeit is, but we justdon’t know how to look at it.
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which is: ���	5 � 
 � 
 % ���	�u
 5 �=
 ���	5 ��
���	� 
 % ���	�u
 5 �=
 ���	5 �=
² C�;³ ( ���	��
 5 �4
 ���	5 �/
 (2.2)

where 6 is the total numberof classes.In this expression,���	��
 5 ��
 and ���	� 

arebothprobabilityfunctionsor bothdensityfunctions,accordingas � is dis-
creteor continuous,and���	5 � 
 � 
 and���	5 ��
 arelikewisebothprobabilityfunc-
tionsor bothdensityfunctions,accordingas 5�C is discreteor continuous.In
this book,we will mainly make referencesto probabilitiesor likelihoods,but
we’ll have to keepin mind that thesecanbe actualprobabilitiesor probabil-
ity densityfunctions. This relation tells us that the posteriorprobability (or
posteriordensity)is essentiallytheproductof thelikelihoodfunction ���	��
 5 ��

for the observed feature� andtheprior probability ���	5 �/
 . The denominator
in theformulais justa normalizationconstantto make thesumoverall poste-
rior probabilitiesequalto 1. Thenotionof usingBayes’rule to modify prior
beliefsis theessenceof “Bayesian”statistics.This somewhat indirectway of
calculatingtheposteriorprobabilitiesis notwithoutdrawbacks:� Someassumptionsarestill requiredaboutthe form of the parametric

modelof ���	�u
 5 ��
 (seebelow).� A priori probabilitiesaregenerallyvery difficult to estimatereliably.� Usingonly thelikelihoodduringtraining(i.e.,estimationof themodel’s
parameters)resultsin poordiscriminationbetweenmodels.

Using Bayes’ rule, we canreformulatethe Bayes’DecisionRule asfol-
lows: assign� to class5 � if:���	�u
 5 ��
���	��
 5 ��
 ª ���	5 � 
���	5 ��
 *­¬´�&%�!�*��¯*�-�-�-4*�6c*M�c±%P6 (2.3)

Note that in this formulationthe factor ���	� 
 hasbeenfactoredout. The
fractionon theleft is commonlyreferredto asthelikelihoodratio. This is also
equivalent to usinga discriminantfunction that is the product ���	�u
 5 �=
 ���	5 ��

for eachvalueof � .

In mostsystems,likelihoodsareestimatedusingtheparametricmodelof
a “normal” (or Gaussian)distribution:���	��
 5 �/
 % Iµ�	�t*+l � *¶m �=
% !����· 
 .�¸3, 
¹m � 
 (º¸3,�»>¼­½ ¾ � !� �	���¿l �/
 0 m L�(� �	�À�¿l �=
rÁ (2.4)

wherel � and m � respectively denotethemeanvectorandthecovariancema-
trix associatedwith class5 � . If thediagonalelementsof thecovariancematrix
arerepresentedby n ,� � , andwe assumethat thecovariancematrix is diagonal
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(i.e., themeasurementsof our featurevectorareassumedto beuncorrelated),
thisexpressionreducesto���	�u
 5 �/
 %jIµ�	�t*+l � *¶m ��
 % .Â�\³ ( !Ã ��·�n ,� � »>¼­½ ¾ � �	� � �Äl � � 
 ,��n ,� � Á (2.5)

wherel � � denotesthe Å -th componentof l � .
Although it mayappearthat thechoiceof this distributional form is arbi-

trary, normaldensitieshavemany usefulpropertiesthatmake themreasonable
models.Themostobvious is thefact that this distribution is a reasonableap-
proximationto theactualdistributionsfoundin many realdatasets.This is a
consequenceof a rule known astheCentralLimit Theorem,which saysthat
observablephenomenathatarea consequenceof many unrelatedcauses,with
no singlecausepredominatingover the others,tend to a Gaussiandistribu-
tion.9 TheGaussianis alsoagoodapproximationof many otherdistributions.
Its mostendearingquality is the fact that it is easyto work with – its distri-
bution hasbeenwell researchedandthereis a large pool of knowledgefrom
which to draw whenusingit. TheGaussianis unimodal; in otherwords,there
is asingle“bump” or mode(maximum),whichoccursat themean.Morecom-
plex distributionswith multiplemodescanbeapproximatedby weightedsums
of GaussiandistributionscalledGaussianmixtures. Thesecanbe expressed
as: ���	��
 5 �=
 % ÆÇ�;³ ( � � � I � �È�t*+l � *¶m �4
 (2.6)

where � is the total numberof Gaussiandensities. Parameters� � � are the
mixturegaincoefficientsandareadditionalparametersto betrained,with the
constraints: � � �´É "­*
and ÆÇ�;³ ( � � � %�!�*­¬w�w%�!�*�-�-�-4*�6

For eachof theseexpressions,therearea numberof parametersthatmust
be estimatedfrom thedata. In thecaseof a singleGaussian,this is trivial if
theclassesareknown; oncethemeansandcovariancesareestimatedfor each
class,thework is done. In thecaseof themixture, theparameterscannotbe
determinedso directly, sincethe meansandarenot a priori associatedwith
a particularsubsetof the featurevectors. However, all of the parametersof
(2.4), (2.5) and(2.6) canbe iteratively determinedby thepowerful “Estimate
andMaximize” (EM) algorithm[Dempsteret al., 1977; Baum,1972]. This

9This wasprovenby Markov, whichshows thathedid morethanassemblechains.
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approachis guaranteedto iteratively converge to a local minimum of some
measureof errorbetweenthemodelandthesampledistribution of thedata.

By adoptingmodelsfor theconditionalprobability ���	��
 5 �/
 basedonstan-
darddistributions like (2.4), (2.5) or (2.6) andapplyingBayes’rule, we can
definea relatively straightforward statisticalclassifier. The performancewill
dependon how closely the patterndatadoesactuallyfit the modelselected,
but generallyBayesianclassifiersbasedonsimpleparametricassumptionscan
performwell. In passing,it might be importantto recall herethat if the like-
lihoods ���	�u
 5 ��
 areassumedto follow Gaussiandistributions, the posterior
probabilities���	5 � 
 � 
 generallydo not have Gaussian-like distributionsat all
[Duda& Hart,1973].

For the caseof Gaussiandistributions like (2.4), it canbe shown that a
quadraticdecisionsurfaceis providedby theBayesclassifier;this canbeseen
by usinglog likelihoodsandpriorsin thediscriminantfunctionratherthanthe
densitiesthemselves. In this casethe exponentialof the normaldistribution
dropsaway, leaving only first andsecondorderfunctionsof thefeaturevector.
If a furtherassumptionis added,namelythattheclassdistributionshave equal
covariancematrices,it canalsobeshown thata linearclassifieris optimal;this
is demonstratedin Section4.2.3. Notethat this constraintis equivalentto the
assumptionthatthedistributionsbothhave thesameoverall shape,spreadand
correlationbetweenfeatures.In general,a linear classifiercanbe useful for
otherdistributions,thoughit is notoptimal.Becauseif its simplicity, it canbe
derivedin many ways,includingthroughdeterministicprocedures.

In laterchaptersit will beshown thatneuralnetworkscanbeseenasgen-
eralizationsof thesesimplerpatternclassifiers.They canform morecomplex
andunconstraineddecisionsurfaces,andsodonot requirestrongassumptions
aboutthe patterndistributions. However, in many casesit is useful to view
the network’s operationin termsof the simpler techniquesdescribedin this
chapter, in otherwords,asapproximationsto aBayes’classifier.

2.4 Pattern Classificationwith RealisticData

The distinctionbetweentraining andtestingdatais a critical onefor pattern
classification.In somesimpleexamplesof function learning(suchasthe fa-
mousXOR problem)a relationshipthat canbeexplicitly statedfor thecom-
pletesetof possiblefeaturevectorsis learned.However, in classificationprob-
lemsweoftenhaveahugeor eveninfinite numberof potentialfeaturevectors,
andthe systemmustbe trainedusinga very limited subsetthat hasbeenla-
beledwith classidentity. Thus,even thoughtherelationshipbetweenfeature
vectorandclassmight be learnedperfectlyfor sometrainingsetof data,this
will not in generalmeanthat the likelihoodsor posteriorsarewell-estimated
for thegeneralpopulationof possiblesamples.

In general,the classificationerror on the training set patternsshouldbe
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viewedasa lower bound. A betterestimateof theclassifiererror is obtained
usingan independenttestset. The larger this testset,thebettertherepresen-
tation of the generalpopulationof possibletestpatterns. Conventionalsig-
nificancetests(e.g.,a normalapproximationto the binomial distribution for
correctnesson the test set) shouldbe doneasa sanitycheck. For instance,
a 49%erroron a million-patterntestsetis significantlydifferentfrom chance
(50%error)onatwo-classproblem;it represents10,000patterns.Ontheother
hand,thesameerror percentageon a 100-patterntestsetis indistinguishable
from chanceperformance.10 Oneway to effectively increasethesizeof a test
setis to usea“jackknife” procedure,in whicheachsplit of thedata(e.g.,fifths)
is usedin turn for testafterusingtheremainingpart for training. Thus,all of
theavailabledatais ultimatelyusedfor thetestset.

Training set size is also a major concernfor real problems. The larger
thetrainingset,thebettertheclassifierwill do on representingtheunderlying
distributions.Also, themorecomplex therecognizer(e.g. thelarger thenum-
berof independentparameters),thegreatertherisk of over-specializingto the
trainingsample,andgeneralizingpoorlyto independenttestsets.Bothof these
factorspushpatternrecognitionresearcherstowardusingasmuchtrainingdata
aspossible.Unfortunately, in mostpracticalsituations,therearestronglimits
ontheavailabledata.In thiscase,cleverapproachesto squeezingout informa-
tion from limited dataareessential,whetherthey arebasedondomain-specific
knowledge,or ongeneralconstraintsthatdiminishthetendency for theclassi-
fier to “over-learn” thetrainingset.11

Anotherdifficulty associatedwith thefinitesizeof thetrainingsetconcerns
the discriminantcharacterof a statisticalclassifier. As notedin the previous
section,likelihoodsandposteriorsaresimply transformablebetweenonean-
other(by Bayes’rule). However, in thecaseof probabilityestimates(asop-
posedto trueprobabilities),thetrainingcriterionwill producedifferentresults.
For instance,if theprobabilitiesareestimatedin a procedurethatattemptsto
maximizethe discriminationbetweenclasses,the classificationerror will be
minimized. This might actuallyproducepoorerestimatesof the likelihoods
thanwouldbeobservedaftertrainingby acriterionthatattemptsto bestmodel
the underlyingdensities���	�u
 5 �=
 . This would not be the casefor an infinite
amountof trainingdata,for whichtheestimatescouldconvergeto thetrueun-
derlying distributions,so thatBayes’rule would literally be satisfiedandthe
criteriawouldbeequivalent.

In general,makingstrongassumptionsaboutthedata(suchasthe Gaus-

10For thenormalapproximationto a binomialdistribution, theequivalentstandarddeviation
is Ê ��Ë�Ì , where � is the numberof patterns,Ë is the probability of getting the classcorrect
by chance,and Ì is theprobability of gettingtheclassincorrectby chance.For theexamples
above, thiswould be500and5 patterns,respectively.

11In chapter12, we describesuch a general form of training constraint, called cross-
validation. In this approach,training is modifiedso that generalizationperformanceis guar-
anteednever to becomeworse.
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sianassumptiondiscussedin thischapter)improvesthequalityof theestimate
– IF theassumptionis correct.To theextentthattheseassumptionsarewrong,
theresultingestimatesarepoor. ApproachessuchasEM estimationof mixture
Gaussiansandgradient-basedneuralnetwork trainingincorporatesuccessively
weaker constraints,andthushave largely supplantedtheearlier, simplermod-
els(e.g.,singleGaussiansperclass).

Speechrecognitionrequirestheincorporationof “soft” classificationdeci-
sionsaspartof themoreglobaldecisionabouttheutterance.This requiresa
dynamicmodelthatrepresentssequences,ratherthanthestaticpatternclassi-
ficationdescribedin thischapter. A generalstatisticalframework for thismore
generalcaseis presentednext.

2.5 Summary

In this chapter, we have very briefly introducedthe basicnotions(and no-
tations)of featureextractionandstatisticalpatternclassificationthat will be
usedin this book. Ideally, the featureextractorand the classifiershouldbe
jointly optimized. However, in mostcases,theseprocessesaredevelopedin-
dependentlyof eachother. Statisticalclassificationshouldrely ontheposterior
probability. However, sincethis probabilitycannotgenerallybeestimateddi-
rectly from thedata(parametricmodelsarenotknown, andthereis notenough
training datato estimatethe priors implicitly includedin it), it is usually re-
placedby a likelihoodcriterion, which will be goodonly if the assumptions
madeaboutthedistribution of thedataarecorrect.Also, theuseof likelihoods
insteadof posteriorprobabilitieswill resultin poorerdiscriminationproperties.
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Chapter 3

HIDDEN MARK OV MODELS

Everythingshouldbe madeas simpleas possible,
but not simpler.
– Albert Einstein–

3.1 Intr oduction

Themostefficient approachdevelopedsofar to dealwith thestatisticalvaria-
tionsof speech(in boththefrequency andtemporaldomains)consistsin mod-
eling the lexicon words or the constituentspeechunits by Hidden Markov
Models(HMMs) [Baker 1975a,b;Jelinek1976; Bahl et al., 1983; Levinson
etal.,1983;Rabiner& Juang,1986].Firstdescribedin [Baum& Petrie,1966;
Baum& Eagon,1967; Baum,1972], this formalismwasproposedasa sta-
tistical methodof estimatingthe probabilisticfunctionsof Markov chains.1

Shortlyafterwards,they wereextendedto automaticspeechrecognitioninde-
pendentlyat CMU [Baker, 1975b]andIBM [Bakis,1976;Jelinek,1976].

Speechisanon-stationaryprocess,but it isassumedtobe“quasi-stationary.”
Thatis, it is assumedthatoverashortperiodof timethestatisticsof thespeech
donotdiffer from sampleto sample.Underthisassumptionapreprocessorcan
extractstatisticallymeaningfulacousticparameters(featurevectors)at regular
intervals from a sampledspeechwaveform. Typically the original speechis
sampledat 8 to 16 kHz (8 for telephonespeechand16 or so for high-quality
microphoneinput). Thefeaturesarecommonlyextractedonceper8-16msec,
andarecalculatedfrom a 20 to 30 msecanalysiswindow. Many variantsof
spectralanalysishave beenused,including Linear Predictive Coding(LPC),
PerceptualLinearPrediction(PLP)[Hermansky, 1990a],andlog power spec-
tral or cepstralcoefficientscomputedfrom a spectrumwith “mel scale”spac-

1Reminder:a Í -th orderMarkov chainis a sequenceof discreterandomvariablesthatde-
pendsonly on theprecedingÍ variables.For HMM systems,typically Í is 1.

23
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ing, which roughly correspondsto auditorycritical bands. Physiologically-
basedauditorymodelshave alsobeendevelopedby a numberof researchers
and are summarizedin [Greenberg, 1988]. Simpler modelsbasedon some
grosspsychoacousticcharacteristicsthatdisplaysomerobustnessto thechan-
nel characteristicweredescribedin [Hermansky etal., 1991].

First and secondtime derivatives of spectralor cepstralparametersbe-
tweensuccessive time slotsarealsooftenaddedto thespeechfeaturesto rep-
resentsomeof thespeechdynamics[Furui, 1986;Lee,1989]. Thesederiva-
tivesmay be calculatedby a simpledifferencingoperationor by polynomial
approximationto the derivative (sincedifferencingis inherentlyvery noisy).
These“delta features”provide informationaboutspectralchangesover time,
althoughtheirexactinterpretationis still notentirelyclear.

Whatever theacousticfeaturesare,thefeatureextractionprocessconverts
thespeechsignalinto a sequenceof acousticvectors�9%�8�� ( *+� , *F-�-�-�*Î� G < .
For a goodreview of the basicsof digital processingof speechsignals,see
[Rabiner& Schafer, 1978].

HiddenMarkov modelingassumesthat thesequenceof featurevectorsis
a piecewise stationaryprocess.That is, an utteranceis modeledasa succes-
sionof discretestationarystates,with instantaneoustransitionsbetweenthese
states.Essentially, aHMM is astochasticfinite statemachinewith astochastic
outputprocessattachedto eachstate2 to describetheprobabilityof occurrence
of somefeaturevectors. A simpleHMM is illustratedin Figure3.1. Thus
we have two concurrentstochasticprocesses:the sequenceof HMM states
modelingthetemporalstructureof speech;anda setof stateoutputprocesses
modelingthe(locally) stationarycharacterof thespeechsignal.TheHMM is
called“hidden” becausethesequenceof statesis not directly observable,but
affectstheobservedsequenceof events.

Ideally, thereshouldbeoneHMM for everysentenceallowedin therecog-
nition task. However, this is clearly infeasible,so that a hierarchicalscheme
mustbeadopted.First,asentenceis modeledasasequenceof words.Thetotal
numberof modelsrequiredis thenmuchsmaller. However, to further reduce
thenumberof parameters(and,consequently, therequiredamountof training
material)andto avoid theneedof a new trainingeachtime a new word hasto
beaddedto thelexicon, sub-word unitsareusuallypreferredto word models.
Althoughtherearegoodlinguisticargumentsfor choosingunitssuchassylla-
blesor demi-syllables,theunit mostcommonlyusedis thephoneme.This is
theunit usedin this work, in which we will usebetween60 and70 phoneme
models.3 In this case,word modelsconsistof concatenationsof phoneme
models(constrainedby pronunciationsfrom a lexicon), andsentencemodels
consistof concatenationsof wordmodels(constrainedby agrammar).

2Moregenerally, thestochasticprocesscouldberegardedasbeingattachedto thetransitions
– seeSection3.3for moredetailsaboutthis.

3In fact, we generallyusecategoriesthat are more like phones,i.e., acousticcategories,
whereasphonemesarelinguistic categories.
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qi qj
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p(qj | qi)

p(qi | qi) p(qj | qj)

p(xn | qj)

Figure 3.1: A schematicof a two state, left-to-right hiddenMarkov model
(HMM). A hiddenMarkov modelis a stochastic automaton,consistingof a
setof statesandcorrespondingtransitionsbetweenstates.HMMs are hidden
becausethestateof themodel,��� , isnotobserved;rathertheoutput,theacous-
tic vector ��� of a stochasticprocessattachedto that state, is observed.This
is describedby a probability distribution ���	����
 ����
 . Theothersetof pertinent
probabilitiesare thestatetransitionprobabilities��� �¶� 
 ����
 .

By the late 1980’s, a numberof laboratorieswere able to demonstrate
large-vocabulary (1,000words),speaker-independent, continuousspeechrecog-
nition systemsbasedon HMMs [Lee, 1989; Weintraubet al., 1989; Paul,
1989]. ThesesystemsextendedtheearlierHMM approachesin severalways,
suchas:� bettermodelingof speechdynamics,by extendingthefeaturevectorsto

first andsecondtimederivatives;� addingphonologicalrules;and� betterspeechunits suchas context-dependentphonememodels(e.g.,
biphonesandtriphones).

Although this kind of approachis very efficient andcanleadto very im-
pressive resultsin thelaboratory, thenumerousimplicit assumptionsthatmake
optimizationof thesemodelspossiblelimit theirgenerality. In thischapter, we
will briefly recall the fundamentalsof standardHMM approachesby making
explicit all theunderlyingassumptions.Thealgorithmsusedto evaluatetheir
parametersand to perform decodingwill also be recalled. For reviews and
further readingon the fundamentalsof HMMs, see[Baker 1975a,b;Jelinek,
1976; Bahl et al., 1983; Levinsonet al., 1983; Rabiner& Juang,1986; Ra-
biner, 1989;Lee,1989].
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This chapteris not intendedto presenta deepdescriptionof HMM-based
speechrecognitionandtraining algorithms,but only to give the preliminary
bodyof knowledgenecessaryfor this book. Its primarygoal is alsoto list the
many implicit assumptionsthat aremadewhenusingHMMs andthat led us
to useneuralnetworksto try to alleviatesomeof these.For moredetailsabout
the subject,we recommend[Deller Proakis& Hansen,1993], a recentbook
that gives a very good(anddetailed)overview of the mostcommonspeech
analysismethods,andavery cleardescriptionof thetheoreticaldevelopments
relatedto HMMs.

3.2 Definition and Underlying Hypotheses

In theHMM formalism,thespeechsignalis assumedto beproducedby afinite
stateautomatonbuilt upfrom asetof 6 stateshÏ%A8 � ( * � , *�-�-�-�* � C < governed
by statisticallaws and(non-emitting)initial andfinal states� T and ��Ð . Each
speechunit (e.g.,eachvocabulary wordor eachphoneme)is associatedwith a
Markov modelmadeup of statesfrom h accordingto a predefinedtopology.
Markov modelsof wordsor sentencescanthenbe built up by concatenating
(accordingto phonologicalrules)elementaryspeechunit models.

Let _ %Ñ8�`a(�*�-�-�-�*+`cb < representthesetof possibleelementaryspeech
unit HMMs and ÒÓ%Ó8/Ô�(�*�-�-�-�*¶ÔHb < the setof associatedparameters.In the
following, d (or d � ) will representtheHMM associatedwith aspecificword
or sentence� (or � � ) andobtainedby concatenatingelementaryHMMs of_ associatedwith the speechunits constituting � andmadeup of k states� } ] h with {°%Õ!�*F-�-�-�*�k . Thesamestatemayoccurseveraltimesandwith
differentindices{ , sothat kA±%P6 . Thesetof parameterspresentin d (or d � )
will bedenotedÒ (or Ò � ) andis asubsetof Ò

Thekey traininganddecodingcriterionof HMMs is basedontheposterior
probability vw��dx
 � 
 that theacousticvectorsequence� hasbeenproduced
by d . During training, we want to determinethe set of parametersÒ that
will maximize vw��dÑ
 �c*¶Ò 
 for every � associatedwith d ; this is usually
referredto astheMaximumA Posteriori(MAP) probabilitycriterion. During
recognition,we have to find thebest d thatmaximizesvÀ��dÑ
 �c*¶Ò 
 given a
fixedsetof parametersÒ andanobservationsequence� . Unfortunately, the
trainingprocessusuallydoesnot permitcharacterizationof vw��dx
 � 
 directly
but only theprobabilitythatagivenmodelwill generatecertainacousticvector
sequences,i.e., vw�	�Ö
 d 
 .4 UsingBayes’law, vw��dx
 � 
 canbe expressedin
termsof vw�	�Ö
 d 
 as vw��dx
 � 
 % vw�	�Ö
 d 
 vw��d 
vw�	� 
 (3.1)

4Seediscussionin Chapter2 andconsequencesof this in Section3.6.
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in which vw�	�Ö
 d 
 is usually referredto as the likelihood of the datagiven
the model d , vw��d 
 is the prior probability of the model(usuallygiven by
thelanguagemodel),and vÀ�	� 
 is theprior probabilityof theacousticvector
sequence.

First setof hypotheses:� H1: It is usuallyassumedthat vw��d 
 canbecalculatedseparately(i.e.,
without acousticdata). In continuousspeechrecognition, d usually
representsa sequenceof word modelsfor which theprobability vw��d 

canbe estimatedfrom a languagemodel,usually formulatedin terms
of a stochasticgrammar. However, if d representselementaryHMMs
representingphonemes,the lexicon andthegrammartogethermake up
the languagemodel,specifyingprior probabilitiesfor sentences,words
andphones.Thiswill bediscussedfurtherin Section7.8.� H2: For aknown sequenceof observations,vw�	� 
 canbeassumedcon-
stantsinceit doesnot dependon themodels.However, we will in Sec-
tion 3.6 thatthis is only trueif themodel’s parametersarefixed.

In this case,estimationof (3.1) amountsto calculating vw�	�Ö
 d 
 , the prob-
ability that d hasgeneratedthe acousticvector sequence� . When used
for training this criterion is usually referredto as the Maximum Likelihood
Estimate(MLE) criterion, emphasizingthat optimization(i.e., maximization
of vÀ�	�Ö
 d 
 ) is performedin the parameterspaceof the probability density
functionsor likelihoods.5 As discussedin Section3.6, a consequenceof this
assumptionis that, during training, vw�	�^
 d 
 will dependonly on the setof
parametersÒ presentin d [which will sometimesbemadeexplicit by writingvw�	�^
 d×*¶Ò 
 ] while vw��dÑ
 � 
 wasdependenton the whole setof parametersÒ [which will sometimesbemadeexplicit by writing vw��dx
 �°*¶Ò 
 ].

Given this formulation,threeproblemshave to be addressedwhenusing
HMMs for speechrecognition(see[Rabiner& Juang,1986;Lee,1989]for an
extendeddevelopmenton this theme):� Parametrization and estimation of probabilities – How

should vw�	�Ö
 d 
 becomputed,andwhatarethenecessaryassumptions
abouttheHMMs to defineausefulparameterset Ò ?� Training problem – Given a set of observation sequences� � , �'%!�*�-�-�-4*>� , associatedwith theirrespectiveMarkov modelsd � , how should
themodel’sparametersbedeterminedsothateachmodelhasthehighest

5 Ø�ÙZÚÜÛ Ý°Þ is nota probability, but rathera probabilitydensityfunction(pdf).
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possibleprobability vw�	� � 
 d � *¶Ò �4
 of generatingits associatedobserva-
tion sequences,i.e., ß�à�áUâwß ¼Ò ÆÂ�¶³ ( vw�	� � 
 d � *¶Ò �4

However, it is importantto rememberherethat, ideally, theparameters
shouldbedeterminedsothat they maximize vÀ��d � 
 � � *¶Ò 
 sincethis is
a discriminantcriterion thatactuallyminimizestheerror rate(recalling
Chapter2; alsoseediscussionin Section3.6).� Decodingproblem– Giventhesetof Markov modelswith their trained
parametersanda sequenceof observations � , how shouldthebestse-
quenced � of elementaryMarkov modelsbe found to maximizethe
probabilitythat d � generatedtheobservations?

3.3 Parametrization and Estimation

3.3.1 GeneralFormulation

Theestimationproblemcanbestatedas:givena Markov model d , compute
theprobability vw�	�Ö
 d 
 that it will generatethesequenceof acousticvectors�ã%ä8��F(�*��$,/*F-�-�-�*Î��G < . Startingfrom theactuallikelihoodcriterionwe will
show the hypothesesthat arenecessaryto make the model computationally
tractable.

Wedefineapath å of length I in themodelasanorderedsequencep G ( %8 � : % � T * � ( * � , *�-�-�-4* � G * � GæJt( % ��Ð < of I states(non-emittinginitial and
final statesexcluded)enteringvia the initial state � T andendingvia the final
state ��Ð of d . Both initial andfinal statesareassumedto be non-emitting
states(i.e., no acousticvectorsareassociatedwith them).6 Along this path,
let � � representtheHMM stateat time 2 , with � � ] h , andlet � �� meanthat
specificstate��� is visitedat time 2 . If å denotesthesetof all possiblepathsç
in d , the actualcalculationof vÀ�	�Ö
 d 
 involvessummingthe probabilities
of all possiblepathsç ] å , i.e.:vw�	�^
 d 
 % Ç èºé)ê vw�ÈåO*+�Ö
 d 
 % Ç èºé)ê vw��p G ( *+�Ö
 d 
 (3.2)

where p G ( is the particularstatesequenceassociatedwith a specificpath å .
To make apparentall possiblepaths,(3.2) canalsobe rewritten (without any
simplifying assumptions)as:vÀ�	�Ö
 d 
 % ëÇ} X ³ ( -�-�-ìëÇ} [�³ ( vw� � (} X *�-�-�-�* � G} [ *+�^
 d 
 (3.3)

6As shown later, thesestateswill beusedonly to initialize recursions.
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for all possible8 � (} X *�-�-�-�* � G} [ < ] å . Sinceevents � �} areexhaustive andmutu-
ally exclusive, i.e.: ëÇ } ³ ( vw� � �} 
 %�!�*�¬$2
probability vw�	�^
 d 
 canalsobewritten for any arbitrary 2 andwithout any
simplifying assumptions:vw�	�Ö
 d 
 % ëÇ } ³ ( vw� � �} *+�Ö
 d 
 *uí	î

à�ß=ïMð 2 ]«� !�*�I�� (3.4)

where vw� � �} *+�Ö
 d 
 denotesthe probability that � is producedby d while
visiting state� } at time 2 andcanalsobewrittenas:7vw� � �} *+�Ö
 d 
 %jvw� � �} *+� �( 
 d 
 vw�	� G��Jt( 
 � �} *+� �( *�d 
 (3.5)

where � �ñ denotesthepartial vectorsequence8�� ñ *Î� ñ Jt(�*z-�-�-�*Î��� 
 . In this
expression,vw� � �} *+� �( 
 d 
 representsthejoint probabilityof having generated
the partial observation sequence� �( andhaving arrived at state � } at time 2
given HMM d ; this probability will be definedas the forward probabilityyz�H��� 
 in Section 3.3.4 [equation (3.13)].vw�	� G�=Jt( 
 � �} *+� �( *�d 
 representsthe probabilityof the partial observation se-
quence� G��Jt( giventhatthepartialobservationsequence� �( hasalreadybeen
observedwhile arriving atstate� } at time 2 ; thisprobabilitywill bedefinedas
thebackwardprobability in Section3.3.4[equation(3.15)]. It is theneasyto
show that,without any assumptions,thefollowing recursionholds:vw� � �} *+� �( 
 d 
 % ëÇ� ³ ( vw� � �)L�(� *+� �)L�(( 
 d 
 ��� � �} *+� � 
 � �ML�(� *+� �)L�(( *�d 
 (3.6)

whichwill bedefinedlateronastheforwardrecursionof theForward-Backward
algorithm[Baum,1972;Bourlardet al., 1985;Lee,1989] (seeSection3.3.4
for furtherdiscussion).

In many texts, notationsvw�rq 
 and ���rq 
 standfor actualprobabilitiesand
probabilitydensityfunctionsrespectively. However, in this book,we will as-
sumethat the readercaninfer which is referredto, andwill insteaduse vw�rq 

to denote“global” or “accumulated”probabilitiesor densities(wheretheleft-
handsideof the conditionalcontainsa sequenceof acousticvectorsor a se-
quenceof HMM states)while ���rq 
 will standfor local probabilities(i.e., rela-
tive to aspecificacousticvectorand/oraspecificHMM state).

The conditionalprobability ��� � �} *+����
 � �ML�(� *+� �ML�(( *�d 
 in (3.6) is usually
referredto as the local contribution. To make the modelscomputationally

7Throughoutmuchof thisbook,thefollowing “trick” is used,which is essentiallya restate-
mentof thedefinitionof conditionalprobability: Ë ÙZò ¥	ó Û ô+Þ ¢ Ë ÙZò)Û ó¶¥ ô3Þ Ë Ù ó Û ô3Þ . This decompo-
sition provesvery usefulin understandingtheprogressionthroughmany of theequations.
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tractable,the influenceof theconditionaleventsareusuallylimited by some
simplifying hypotheses.For example,thedependenceis restrictedto the last
emittedvector;thiscouldbeachievedby concatenatingtwo successivevectors
as in [Furui, 1986] and in [Marcus,1981,1985], while an explicit formula-
tion is given in [Wellekens,1987]. However, in standardHMMs [Bourlard
et al., 1985; Jelinek, 1976], the local contribution is assumedindependent
of the whole previously emittedvectorsequence� �)L�(( and thus reducesto��� � �} *+�$��
 � �ML�(� *�d 
 . Thisis equivalentto assumingthat,notonly aretheacous-
tic vectorsuncorrelated,but also the Markov modelsarefirst-orderMarkov
models. Indeed,to make thesenew assumptionsmoreexplicit, let us rewrite
(first without any of theseassumptions)thelocal contribution in (3.6)as:��� � �} *+�$��
 � �ML�(� *+� �)L�(( *�d 
%«��� � �} 
 � �)L�(� *+� �ML�(( *�d 
 ���	���F
 � �} * � �)L�(� *+� �)L�(( *�d 
 (3.7)

Actually, equation(3.7) reflectsthepropertythathiddenMarkov modelscan
in factbedescribedin termsof two correlatedMarkovian processes,onecor-
respondingto thestatesequence,andthesecondoneto theacousticvectorse-
quence.This explainswhy HMMs arecalled“hidden” Markov modelssince
thereis an underlyingMarkov process(i.e., the statesequence)which is not
observable,but affectstheobserved Markov processdescribingthesequence
of events. It is thenclear that, whenassumingthat the local contribution in
(3.6) is independentof thepastacousticvectorsequence� �)L�(( , two hypothe-
sesareactuallymade(onefor eachunderlyingMarkov process),i.e.:
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Secondsetof hypotheses:� H3: It is assumedthat Markov modelsarefirst-orderMarkov models,
i.e.: ��� � �} 
 � �ML�(� *+� �ML�(( *�d 
 %E��� � �} 
 � �ML�(� *�d 
 (3.8)

which statesthat the probability that the Markov chain is in state � }
at time 2 dependsonly on the stateof the Markov chainat time 2µ�! , and is conditionally independentof the past (both the pastacous-
tic vectorsequenceandthe statesbeforethe previous one). Probabili-
ties ��� � �} 
 � �ML�(� *�d 
 *�¬��H*3{�%õ!�*�-�-�-4*�k , areusually referredto astran-
sition probabilitiesandrepresenttheprobability to go from ��� to � } in
a Markov model d . Sincethesetransitionprobabilitiesareusuallyas-
sumedto be stationary(modelsareusuallyassumedto be time invari-
ant),theuppertime indiceswill bedroppedin thefollowing whenthere
is no risk of confusion.Althoughthesetransitionprobabilitiesareusu-
ally dependenton d , this conditionalwill sometimesbeoverlooked in
thefollowing whenconsideringaspecificHMM. Thesetransitionprob-
abilitiesarenonnegative (of course!),andtheprobabilitiesof all transi-
tionsthatleave astatesumto one,i.e.,ëÇ } ³ ( ��� � } 
 ��� *�d 
 %�!�*Î¬��ö%�!�*�-�-�-�*�k
for every specific d . Theseprobabilitiescanbeestimatedduringtrain-
ing by countingtherelative occurrenceof statetransitions.� H4: Anothercommonrelatedassumptionis the observation-indepen-
denceassumption, i.e.:���	�$��
 � �} * � �ML�(� *+� �ML�(( *�d 
 %E���	����
 � �} * � �)L�(� *�d 
 (3.9)

which statesthat the acousticvectorsare not correlatedor, in other
words,thattheprobabilitythataparticularacousticvectorwill beemit-
ted at time 2 dependsonly on the transitiontaken at that time (from
state� �)L�(� to � �} ), andis conditionallyindependentof thepast.Probabil-
ities ���	����
 � �} * � �)L�(� *�d 
 areusuallyreferredto asemission-on-transition
probabilities[Jelinek,1976]andrepresenttheprobabilityof observing�$� while doinga transitionfrom state��� to � } .

Given thesetwo assumptions,the local contribution in (3.6) thusreduces
to ��� � �} *+����
 � �ML�(� *+� �ML�(( *�d 
 %«��� � } 
 ��� *�d 
 ���	�$��
 � �} * � �ML�(� *�d 
 (3.10)

Giventhis formulation,oneotherassumptionis commonlymade:
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assuch[Jelinek,1976; Lee, 1989], they areoften assumedto depend
only on thecurrentstate(independentof thepreviousstate� �ML�(� andof
themodel d ) to reducethenumberof parameters,i.e.,���	�$��
 � �} * � �ML�(� *�d 
 %÷���	����
 � } 
 (3.11)

in whichcasethe���	�$��
 � } 
 ’saresimplyreferredto asemissionprobabili-
ties. Sincetheseemissionprobabilitiesareusuallyassumedindependent
of themodel, d hasbeenremoved from theconditional.8 Also, since
the modelsare assumedtime invariant, the uppertime indicesof the
stateswill generallybe droppedwhenthey arenot requiredfor clarity.
Notationlike � } and � L� will sometimesbeusedto remindthereaderthat
state��� wasthestatevisitedbefore� } .

TakinghypothesesH3-H5 into account,(3.6) reducesto:vÀ� � �} *+� �( 
 d 
 %õø ëÇ� ³ ( vw� � �)L�(� *+� �ML�(( 
 d 
 ��� � } 
 ��� *�d 
1ù ���	����
 � } 
 (3.12)

which is thebasicrecursionof HMMs.
Tocomputetheemissionprobabilitiesof (3.12),eachstate��� of h (or each

pairof statesin thecaseof emissionontransitions)hasto beassociatedwith a
probabilitydensityfunctiondescribing���	����
 ���/
 . Sincetheacousticvectors�$�
areoften in the form of d-dimensionalreal-valuedfeaturevectors, additional
hypothesesabouttheunderlyingprobabilitydensityfunctiondescribingthese
emissionprobabilitiesareusuallyrequired.

3.3.2 Continuous Input Features

Let � representa sequenceof acousticvectors 8��F(�*�-�-�-�*+�$�$*�-�-�-�*+��G < , where
each �$� belongsto a predefinedd-dimensionalfeaturespace(e.g., cepstral
vectors).To estimatetheemissionprobabilities,someassumptionsaboutthe
underlyingdistribution associatedwith eachstate��� arerequired.In thecase
of continuousinput, it is particularlyuseful to split the local contribution as
donein (3.10),sincethis leavesonly thecontinuousrandomvariable��� onthe
left-handsideof theconditionalin theemissionprobabilities.� H6: As mentionedin Chapter2, in many practicalsituations���	�$��
 � } 


in (3.12)is estimatedby assumingit to be in theform of a multivariate
Gaussiandistribution(2.4).To reducethenumberof freeparameters,the

8This is usually referredto asstatetying betweenmodels,i.e., a state Ì�ú is describedin
termsof thesameprobabilitydensityfunction independentlyof themodel Ý it belongsto. If
we do not assumethat theemissionprobabilitiesareindependentof Ý , this is thenequivalent
to specificstateswith probabilitydensityfunctionsfor everypossibleMarkov model Ý .
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componentsof the featurevectorareoften assumedto be uncorrelated
(i.e., thecovariancematrix is assumedto bediagonal),sowe cancom-
pute���	����
 ����
 by (2.5).Sincethenormaldistributionwith adiagonalco-
variancematrix is generallynot a goodenoughmodel,emissionproba-
bilities areoftenestimatedfrom multivariateGaussianmixturedensities
(2.6) [Rabineret al., 1985]. Otherforms includethe Gaussianautore-
gressive mixture density[Juang& Rabiner, 1985], theRichtermixture
density[Richter, 1986],andtheLaplacemixture density[Ney & Noll,
1988].Whateversolutionis chosen,assumptionsaremadeabouttheun-
derlyingprobabilitydensityfunctions.Althoughit canbeprovedthata
mixtureof Gaussianscanmodelany kind of distribution,westill donot
know how many Gaussiansareneededper state,and the numberthat
we caneffectively train will be dependenton the sizeof the available
trainingset.

A problemworth noting in all theseapproachesis that the probability���	� � 
 ����
 is usuallynot computedbut is simply replacedby the value
of theprobabilitydensityfunctionon � insteadof estimatingtheactual
probability, i.e., the integral of thepdf on � �c�µ��*+��Nû�+� . However, if �
is smallenough,theactualprobability is thenequivalentto thedensity
within a scalingfactorequalto �=� . This problemdoesnot appearin the
caseof discreteinput features.

3.3.3 DiscreteInput Features

In discreteHMMs, theacousticvectorsequence� is quantizedin a front-end
processorwhereeachacousticvector �$� is replacedby theclosest(in thesense
of Euclidianor Mahalanobisdistance)prototypevector S � selectedin aprede-
terminedfinite set QR%A8�S­(�*�-�-�-�*+S � *�-�-�-�*+S T/< of cardinality V . Usually, Q is re-
ferredto asthecodebookof prototypevectors.Thisprototypevectorsetis usu-
ally determinedindependentlyby usingclusteringalgorithms,e.g.,K-means
or binarysplitting algorithms,on a largenumberof acousticvectors[Linde et
al.,1980;Makhouletal.,1985].In thiscase,theacousticvectorsequence� is
replacedby a(prototype)vectorsequenceW'%A8�S �	X *�-�-�-�*+S �ZY *�-�-�-4*+S �Z[ < , whereÅ � representsthelabelof theclosestprototypevectorof Q associatedwith � � .

Consequently, emissionprobabilitiescanbedescribedin termsof discrete
probabilitydensityfunctions,andeveryL-stateMarkov modelis characterized
by Vw��k , parameters ���	S � 
 � } * � L� 

for Åü%ã!�*�-�-�-4*�V and �H*3{�%ã!�*�-�-�-4*�k , if emission-on-transitionprobabilities
areused[i.e., theleft-handsideof (3.11)],or by Vw�°k parameters���	S � 
 � } 
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if we assumethat theemissionprobabilitiesdependonly on thecurrentstate
[right-handsideof (3.11)].9� H7: In thediscretecase,we do not requirehypothesisH6 abouttheun-

derlying distribution of theemissionprobabilities.However, thereis a
similarassumptionaboutthedistribution of thefeaturespacethatis im-
plicit in thechoiceof distancemetric for theclusteringprocedure(e.g.,
the Euclidian distancemeasurein the caseof the K-meansclustering
algorithm).

Additionally, if multiple featuresare used,quantizationdistortion is re-
ducedif separatecodebooksareused;however, sincethe resultingprobabili-
tiesarecombinedby multiplication,thereis animplicit assumptionof feature
independence.

In thecaseof continuousHMMs, thereis no needto choosethedistance
metric or vector quantizationheuristics. The parametersof the modelsare
computeddirectly but at the costof limiting assumptionsregardingthe form
of theprobabilitydensityfunction. In a commonform of theseassumptions,
Gaussiansor Gaussianmixtures are usedwith covariancematriceshaving
nonzeroelementsonly on the diagonal. This is equivalent to assumingthat
thefeaturesareuncorrelated.

In today’s speechrecognitionsystems,the choicebetweendiscreteand
continuousHMMs oftendependson severalfactors:� Comparedwith discretemodels,continuousdistributional modelsusu-

ally requirefewerparameters,which limits theirmemoryrequirements.� Sincethey havefewerparameters,continuousdistributionalmodelsusu-
ally require less training data to achieve good generalizationperfor-
mance. However, if enoughtraining datais available (which is rarely
thecase!),discretemodelscangive a betterestimateof theobservation
densityfunction.� Generally, continuousHMMs require longer training and recognition
time. Continuousmodelsrequirethecalculationof severalGaussianor
multi-Gaussiandensities.For discreteHMMs, probabilitycalculationis
replacedby a look-uptableandonly quantizationof theacousticvectors
hasto beperformed(whichcanbeoptimizedby tree-searchapproaches
like binarysplitting).

An intermediateapproachuseswhat are referredto as semi-continuous
HMMs, andaimsat incorporatingtheadvantagesof bothdiscreteandcontinu-
ousHMMs while keepingthenumberof parametersandthecomputationtime

9Again,if thesediscreteemissionprobabilitiesareassumedto beindependentof theMarkov
model Ý (i.e., tied emissionprobabilities),the total numberof parametersin thesetwo cases
will berespectively equalto ýoþ�ÿ ¦ and ýoþ ÿ .
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acceptable.Essentially, semi-continuousHMMs usea “codebook”of Gaus-
sianssharedby all outputpdfsassociatedwith ��� ] h . SeeSection6.7.2for a
furtherdiscussionandextensionto therelationshipwith ANNs.

3.3.4 Maximum Lik elihoodCriterion

The problemconsideredhereis the following: given a setof modelparame-
ters,how do we computethe likelihood vw�	�^
 d 
 (3.2) of anacousticvector
sequence� givena Markov model d ? Unfortunately, directcomputationof
(3.2) is clearly infeasiblesincethe numberof operationsis

� ����I k G 
 (see
[Rabiner, 1989]for thefull calculation).10

Theso-calledForward-Backwardalgorithm[Baum& Eagon,1967;Baum,
1972]canbeusedto efficiently computevw�	�Ö
 d 
 . This is achievedby split-
ting vÀ�	�Ö
 d 
 into a sumof productsof a “forward” anda “backward” prob-
ability [asdonein (3.4) and(3.5)]. Considering(3.5),we maydefinethefor-
wardprobability yz�H�|{ 
 %Pvw� � �} *+� �( 
 d 
 *Î¬${ ] � !�*�k � (3.13)

as the joint probability of having generatedthe partial observation sequence� �( %'8��F(�*�-�-�-�*+��� < andhaving arrivedat statestate� } at time 2 givenHMMd . In thiscase,recursion(3.12)[i.e., recursion(3.6)afterhypothesesH3-H5]
canberewritten as:yz��Jt(��|{ 
 % ø&ëÇ� ³ ( yz�H��� 
 ��� � } 
 ����
1ù ���	���=Jt(4
 � } 
 *Î¬�{ ] � !�*�k � (3.14)

and is often referredto as the forward recursionof the Forward-Backward
algorithm.By definitionof yz�H�|{ 
 , it is clearthatrecursion(3.14)is initialized
by setting y (��|{ 
 %µ���	�F(/
 � } 
 ��� � } 
 � T 
 *­¬�{ ] � !�*�k �
where� T is theinitial (nonemitting)stateof d .

In a similar way, andconsideringthesecondfactorin the right-handside
of (3.5),we candefinethebackwardprobability~����|{ 
 %jvw�	� G�=Jt( 
 � �} *+� �( *�d 
 (3.15)

as the probability of the partial “backward” observation sequence� G��Jt( %8����=Jt(�*�-�-�-�*+��G < , given that the partial observation sequence� �( hasalready
beenobservedwhile arriving atstate� } attime 2 . Thecorrespondingbackward
recursionof theForward-Backwardalgorithmis then:~����|{ 
 % ëÇ� ³ ( ��� ��� 
 � } 
 ���	�$��Jt(4
 ���=
 ~��=Jt(4��� 
 *­¬�{ ] � !�*�ku� (3.16)

10Thereare � [ possiblestatesequences,andfor eachof themabout ��� computationsare
necessary.
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with theinitialization ~ G �|{ 
 %�!æî à "­*­¬�{ ] � !�*�ku� (3.17)

dependingon whether� } is a legal endingstate(i.e.,directly connectedto ��Ð ,~$Gü�|{ 
 %'! ) or not ( ~$Gü�|{ 
 %R" ).
Accordingto (3.4),we thenhave:vw�	�^
 d 
 % ëÇ } ³ ( yz�H�|{ 
 ~����|{ 
 *�í	î

àuß=ï)ð 2 ] � !�*�I°� (3.18)

andtheglobal likelihoodcanthereforebecalculatedat any time slot 2 . How-
ever, wecanalsowork atthefinal time 2c%PI and,inserting(3.17)into (3.18),
we obtain: vÀ�	�Ö
 d 
 % Ç

� }��
	 ytGü�|{ 
 (3.19)

where � standsfor thesetof legal final states(directly connectedto ��Ð ). In
thesameway, andincorporatingsymbols� : and ��GæJt( (which arevirtual ex-
trapolationsof theactualobservationsequence)for convenience,we obtain:vw�	�Ö
 d 
 %×ytG£Jt(4�È� 
 % ~ : �ÈV 
 (3.20)

Althoughthisbackwardrecursionisnotactuallyrequiredtoestimatevw�	�^
 d 
 ,
it wasdefinedheresinceit will beusedfor training(Section3.4.1).

Given that y � ��� 
 accountsfor � �( and state ��� at time 2 , while ~ � ��� 

accountsfor � G�=Jt( given ��� at time 2 , it is also interestingto note that the
forwardandbackwardrecursionstogetherallow usto estimatetheprobability
of any state��� , ¬�� ] � !�*�ku� , attime 2 (andasthefull likelihoodof thecomplete
vectorsequence): vw� � �� *+�^
 d 
 %Ry � ��� 
 ~ � ��� 
 (3.21)

It canalsobeshown that,usingtheforwardrecursion,thenumberof oper-
ationrequiredto computevw�	�^
 d 
 hasbeenreducedto

� �ÈIck , 
 . In practice,
however, mostmodelsarenot fully connected,sothecomplexity is morelike� �ÈI k 
 with a small constantfor the averagenumberof connectionsinto a
state.

3.3.5 Viterbi Criterion

The Viterbi criterion can be viewed as an approximationto the full likeli-
hood (MLE) criterion where,insteadof taking accountof all possiblestate
sequencesin d capableof producing� , onemerelyconsidersthemostprob-
ablepath.Thiscriterioncanbeusedto provideanexplicit segmentationof the
observationsequence,whichcansometimebevery useful.
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An explicit formulationof theViterbi criterionis obtainedby replacingall
summationsin (3.3)by a “max” operator, yieldingvw�	�^
 d 
 % âöß ¼} X �
�
�
� � } [ vw� � (} X *�-�-�-�* � G} [ *+�^
 d 
 (3.22)

where vw�rq 
 representstheViterbi approximationof thefull likelihood. In this
case,(3.6) thenbecomes:vw� � �} *+� �( 
 d 
 % âwß ¼� � vw� � �ML�(� *+� �)L�(( 
 d 
 ��� � �} *+����
 � �ML�(� *+� �ML�(( *�d 
��

(3.23)
UsinghypothesesH3-H5,(3.12)becomes:vö� � �} *+� �( 
 d 
 % âöß ¼� � vÀ� � �ML�(� *+� �ML�(( 
 d 
 ��� � } 
 ��� *�d 
 � ���	����
 � } 
 (3.24)

whichgivesusthebasicrecursionof theViterbi algorithm[Viterbi,1967].The
globallikelihood vw�	�^
 d 
 is thenapproximatedas:vw�	�^
 d 
 % âöß ¼}���	 vw� � G} *+� G( 
 d 
 (3.25)% vw� � GæJt(Ð *+� GæJt(( 
 d 
 (3.26)

which representstheprobabilityof thebestpathor, in otherwords,themax-
imum likelihood statesequence.Recurrence(3.24) can be reformulatedin
termsof DynamicProgramming(DP),alsoreferredtoasDynamicTimeWarp-
ing (DTW),11 wheredistancesaredefinedasthenegative logarithmof proba-
bilities [Sankoff & Kruskal,1983;Bourlardet al., 1985].

3.4 Training Problem

Theparametersto bedeterminedin anHMM-basedASRsystemarethetopol-
ogyof themodel(numberof statesandallowabletransitions),thestatetransi-
tion probabilities,andtheparametersrelatedto theemissionprobabilities(i.e.,
symboloutputprobabilitymatricesin thediscretecase,or meansandvariances
in thecontinuous(Gaussian)case).Largeamountsof trainingdata(perspeech
unit) areneededto obtaingoodestimatesof theseprobabilities.

Thechoiceof a topologyto describetheobserved sequenceof eventsfor
a given speechunit is often ad hoc. For word models,one might selecta
numberof stateswhich roughly correspondsto the numberof phonemesin
the word to be modeled,or elseto the numberof pseudo-phonemes,which
canbedeterminedby vectorquantizationof anutteranceof thatword. In the

11In someusages,DTW is distinguishedfrom theViterbi in thattheformeris adeterministic
applicationof dynamicprogrammingto speech,with nothinglike the transitionprobabilities
of theViterbi. However, in bothcasesthebestwarpingof the time axis is foundto matchthe
acousticinputswith themodels,sothedistinctionis probablyacademic.
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caseof phonememodels,thenumberof statesin theword modelsis automat-
ically proportionalto the numberof phonemes(sinceword modelsarebuilt
up by concatenatingconstitutingphonememodels).However, in this case,we
still have to choosethe topology of eachphonemicHMM, often chosento
be a strictly left-to-right 3-statemodel. In the caseof sub-unitHMMs (like
phonemes)it is useful to performembeddedtraining [Bourlard et al., 1985]
to take accountof thestatisticalvariationsin speakingrateandpronunciation.
In this case,we assumethat training is performedon a setof (known) train-
ing utterances��� , �������������
��� , labeled(but not necessarilysegmented)in
termsof speechunits. As a consequence,eachof the training utterancecan
be associatedwith a Markov model  � of parameters! �#" ! obtainedby
concatenatingelementaryHMMs $&% "(' of parameters)*% associatedwith
thespeechsub-unitsconstitutingtheutterance.In thecaseof MLE criterion,
thegoalof thetrainingis thento find thebestsetof parameters!,+ suchthat:

! + � -�.0/213-546
78
�:9<;2=

> ���@?  A�B�C!D�5E (3.27)

SinceMLE is notadiscriminantcriterion,maximizationof thisproductcanbe
doneindependentlyfor eachfactor(eachmodel  A� ).12 As a consequence,in
the following, we will consideronly a particulartrainingutterance� andits
associatedMarkov model  (modificationof the trainingalgorithmsto take
multiple trainingutterancesinto accountis straightforward).

Unfortunately, maximizationof =
> �F?  G�C!�E in the parameterspace !

doesnot have a direct analyticalsolution. However, asbriefly shown in the
following, iterativeproceduresknown astheForward-Backwardalgorithmand
theViterbi algorithmmaybeusedto locally maximize=

> �F?  G�C!�E (MLE cri-
terion)or =

> �H?  I�C!JE (Viterbi criterion).

3.4.1 Maximum Lik elihoodCriterion

Themostpopularapproachto iteratively maximize =
> �H?  I�C!JE hasbeende-

scribedby Baumandhis colleaguesin a numberof classicpapers[Baum &
Petrie,1966;Baumet al., 1970; Baum,1972]. Startingfrom initial guesses!LK , themodelparameters! areiteratively updatedaccordingto theForward-
Backwardalgorithm,anadaptationof theEM (“Expectation-Maximization” or
“EstimateandMaximize”) algorithm[Dempsteretal., 1977])for HMM train-
ing, so that =

> �H?  I�C!JE is maximizedat eachiteration. This kind of training
algorithm,oftenreferredto asBaum-Welchtraining,canalsobeinterpretedin
termsof gradienttechniques[Levinsonet al., 1983;Levinson,1985].

12In fact, this is not completelytrue sincetwo Markov models MON and MQP (respectively
parametrizedby R N and R P ) canhave a commonsubsetof elementaryspeechunits SLT and,
consequently, the samesubsetof parametersU�T . In this casewe will have to make surethat,
during training, parametersU�T remainthe samefor both models M N and M P (referredto as
“parametertying”). However, this doesnotsignificantlymodify thefollowing reasoning.
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Thoughbackward recursionswerenot bothnecessaryfor decoding,both
the forward andbackward recursionsarerequiredto derive the re-estimation
formulas. Although this will not be fully describedin this book, the general
conceptis recalledhere.13

For a heuristicderivationof there-estimationprocedureof theHMM pa-
rameter, wemustdefinetheprobabilityof beingin stateVXW at time Y , giventhe
completeobservationsequence� andthemodelparameters! , i.e.,

Z\[ >^] E_�#` > V [W ? �a�� I�C!JEb� =
> V [W ���F?  G�C!JE
=
> �H?  I�C!JE (3.28)

wherethesecondequalitycomesfrom thedefinitionof conditionalprobability
(the joint probability divided by the marginal probability). Given (3.21),we
have: Z@[ >^] EA� c [ >^] E�d [ >^] E

=
> �F?  G�C!�E � c [ >^] E�d [ >^] Eegfh 9<; c [ >ji E�d [ >ji E (3.29)

in which thenormalizationfactorguaranteesthatkl
W 9<; Z@[

>^] Em�n���­¬oYa�n�����������0p
As a consequence,theprobabilityvisiting VXW while producing� (but without
specifyingat what time Y , i.e., without specifyingthe emittedvector q [ ) is
givenby:

Z >^] Em� rl[ 9<; Z\[
>^] E (3.30)

For re-estimationof thetransitionprobabilities,we alsoneedto definethe
probabilityof beingon stateVXW at time Y andstateV h at time YtsG� , giventhe� andthemodelparameters,i.e.,

u [ >^] � i Em� =
> V [W �0V [Bv ;h ? �a�� I�C!JE (3.31)

Giventhedefinitionsof c [ >^] E and d [ >ji E , we have:

u [ >^] � i �� wEx� =
> V [W �0V [Bv ;h ���a�� y?
!JE
=
> �H?  I�C!JE

� c [ >^] Ez` > V h ? VXW�Ez` > q [Bv ;5? V h E�d [�v ; >ji EegfW 9<; egfh 9<; c [ >^] Ez` > V h ? VXW�Ez` > q [Bv ; ? V h E�d [�v ; >ji E (3.32)

If
u >^] � i E denotestheprobabilityof producing� while takingatransitionfrom

stateVXW to stateV h but withoutspecifyingatwhattime(i.e.,withoutspecifying
13As usual,if you areeithertoo muchof an expertor a greenhorn,you might want to skip

this section.Thenagain,you mightbemissingsomething...
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for whichacousticvector q [ ), we have:

u >^] � i E_� rl[ 9<;
u [ >^] � i E (3.33)

Generalizingtheconceptof countingoccurrencesto theexpectednumber
of occurrences(i.e., countingwhereeachcountis weightedby its probability
of occurrence),re-estimationformulasfor the transitionandemissionproba-
bilities canbe derived from (3.29), (3.30), (3.32)and(3.33); for continuous
observation densityHMMs, see[Liporace,1982;Juanget al., 1986]; for dis-
creteHMMs, see[Rabiner, 1989;Lee,1989].Theveryelegantproof thatthey
leadto aconvergentprocesscanbefoundin [Baum,1972].

As an exampleof thesere-estimationformulas,let us considera HMM
in which eachstate V
W is describedin termsof a singleGaussiandistribution
of mean {|W and covariancematrix }~W . The re-estimationformulasfor the
parametersof emissionprobabilitydensityfunctionarethen:

�{|W,� e r[ 9<; q [�Z@[ >^] EZ >^] E (3.34)

and �}~W,� e r[ 9<; Z@[ >^] E > q [ � �{|W�E > q [ � �{|W�E��Z >^] E (3.35)

In thecaseof Viterbi training(seenext section)only thebestpathwill becon-
sideredandprobabilitiesZ\[ >^] E degenerateinto 1’s and0’s (sinceevery vector
is assumedto be associatedwith only one statewith probability 1). Given
(3.30), Z >^] E representsthe numberof timesan acousticvectorhasbeenob-
servedon VXW , andre-estimationformulas(3.34)and(3.35)simply degenerate
into standardestimatesof Gaussianspdfs.

For thetransitionprobabilities,then,wehave :

�` > V h ? VXW�Em� u >^] � i EZ >^] E (3.36)

3.4.2 Viterbi Criterion

Whenusing the Viterbi criterion we areonly interestedin the beststatese-
quence.In this case,theparametersof themodelsareoptimizediteratively to
find thebestparametersandthebeststatesequence(i.e., thebestsegmentation
in termsof thespeechunitsused)maximizing

= �
78
�C9<; =

> ���\?  A�B�C!��
E (3.37)

Eachtraining iterationconsistsof two steps.In the first step,we usetheold
parametervalues(or initial values)to determinethe new bestpathmatching
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the trainingsentencesagainsttheassociatedsequenceof Markov models[by
using (3.24)]. In the secondstep,we use this path to re-estimatethe new
parametervalues(seebelow); backtrackingof the optimal pathsprovidesus
with thenumberof observedtransitionsbetweenstates(to updatethetransition
probabilities)andthe acousticvectorsthat have beenobserved on eachstate
(to updatetheparametersdescribingtheemissionprobabilities).This process
canbeprovedto convergeto a local minimum.

For clarity’s sake, the re-estimationformulas(given thecurrentmatching
path)areonly provided for thediscretecasein the following discussion.We
alsodiscusstheconsequencesof thedifferentassumptionsabouttheemission
andtransitionprobabilitieson thegeneralityand(local) discriminantproper-
tiesof themodels.In thecontinuous(Gaussian)case,re-estimationformulas
directly follow from (3.34)and(3.35)(in which Z\[ >^] E is simply equalto � or�

accordingto whetheror not q [ is associatedwith V
W for the bestmatching
path),andsimilar conclusionsremainvalid.

We start from the mostgeneralform of the local contribution [left-hand
sideof (3.10)]in whichweassumeindependenceof thepreviousacousticvec-
tors � [�� ;; . WhenusingtheViterbi criterion,eachtrainingvector q [ (replaced
by its closestprototypevector �B� in the discretecase)is then uniquely as-
sociatedwith a single transition. Let Y � W h denotethe numberof timeseach
prototypevector � � hasbeenassociatedwith a transition �
VXW���V h:� between
two states"y� for thewholetrainingset � . Accordingto thisdefinition, Y � W h
sumsup all transitionswherever they appearin anHMM associatedwith � .
Theestimatesof theprobabilities̀

> V h ���B�0? VXW��� wE usedin (3.10)(in which we
assumeindependenceof the previous acousticvectors)andwhich guarantee
theconvergenceof theViterbi trainingaregivenby:

�` > V h ��� � ? V �W E�� Y � W he���C9<; e k� 9<; Y � W � ��¬o� "#� ���0�2���Î¬ ] � i "(� ���0��� (3.38)

andthus: �l
� 9<;

kl
h 9<;

�` > V h ���B�0? V �W E��n���­¬ ] "#� ���0���
As donein (3.10),thelocal probability(3.38)is oftensplit into a productof a
transitionprobabilityandanemissionprobability(transitionemittingmodels)
[Jelinek,1976]for which therespective estimatorsare:

�` > V h ? VXWBE(� e ��:9<; Y � W he ��:9<; e k� 9<; Y � W � (3.39)

and �` > � � ? V h �0VXW5E(� Y � W he ��C9<; Y � W h (3.40)
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A furthercommonsimplificationis to assumethat theemissionprobabilities
(3.40)only dependonthecurrentstateV h (stateemittingmodels).Its estimator
is then �` > �B�0? V h EA� e k� 9<; Y � � he ��:9<; e k� 9<; Y � � h �

Y � hY h (3.41)

where Y � h representsthenumberof times � � hasbeenobserved on V h and Y h
thenumberof timesstateV h hasoccurred.Theproductof (3.39)by (3.41)is
differentfrom (3.38)dueto theadditionalassumptionon theemissionproba-
bility.

If themodelsaretrainedusingthisformulationof theViterbi algorithm,no
discriminationis used.For instance,thelocalprobability(3.38)is not theright
measureto useif thegoalis obtainingthemostprobablelabelassociatedwith
prototypevector � � (or, in otherwords, to find the mostprobableassociated
stategiven a specifiedprevious state). As notedin Chapter2, this decision
shouldideallybebasedon theBayesdecisionrule [Fukunaga,1972]in which
casethemostprobablestateV h������ shouldbedefinedaccordingto:i��¡ X¢ � -�.0/21�-54i ` > V h ? � � �0V �W E (3.42)

andnot, from (3.38),byi��¡ X¢ � -�.0/21�-54i ` > V h ��� � ? V �W E
Thus,it is necessarythat

e kh 9<; ` > V h ? �B�£�0V �W E��¤� . As for the classicaltech-
niquessummarizedearlier, theseprobabilitiesare relatedto local contribu-
tions. Indeed,thisdiscriminantlocalprobabilitycanbewritten

` > V h ? � � �0V �W Em� `
> V h ��� � ? V �W E` > �B�0? V �W E (3.43)

Summing(3.38)on
i

yieldsanestimatorof ` > �B�0? V �W E
�` > � � ? V �W EA�

e k� 9<; Y � W �e ��C9<; e k� 9<; Y � W � (3.44)

By (3.38),(3.43)and(3.44),anestimatorof thediscriminantlocal probability
is: �` > V h ? �B�£�0V �W E�� Y � W he k� 9<; Y � W � (3.45)

andsumsto unity asrequired. Suchdiscriminantprobabilitieswerealready
usedin theERISsystemdescribedin [Marcus,1981,1985]. It will beshown
in Chapter6 that theoptimaloutputvaluesof a particularneuralnetwork, the
multilayerperceptron,areestimatesof thesediscriminantlocalprobabilities.
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3.5 DecodingProblem

3.5.1 Maximum Lik elihoodCriterion

Accordingto thelikelihoodcriterion,anutterance� will berecognizedasthe
word (or wordsequence)associatedwith  #W if:

=
> �H?  �W2E~¥ =

> �F?  ���EC�­¬¦�°±� ] (3.46)

For continuousspeechrecognition,if a grammaris available to provide us
with prior probabilitiesassociatedwith every possiblemodel sequence A� ,
therecognitioncriterionwill thenbebasedon:

=
> �F?  #W2E =

>  �W�ED¥ =
> �H?  � E =

>  � EC�­¬¦�c±� ] (3.47)

Statisticalgrammars(e.g.,bigramsor N-grams)canbe trainedon large text
corporato estimate=

>  �W�E for every possiblewordsequence[Jelinek,1990].
For isolatedword recognition,the full likelihood of the input sequence

for eachword modelcanbecomputedby usingtheforward recursion(3.14).
However, for continuousspeechrecognition,theforwardrecursionwouldhave
to becomputedfor every possiblewordsequence,which in generalis compu-
tationally intractable.A known solutionto this problemis thestackdecoding
approach[Bahl et al., 1983]andis particularlywell suitedto treegrammars.
This is amodificationof theforwardrecursionfor continuousspeechwhich is
derivedfrom the § + Search[Nilsson,1980]. Althoughstackdecodingis very
attractive, therearesomepotentialdrawbacks[Lee,1989]:

¨ Stackdecodingis atreesearch.For thiscase,only thetopcandidates(at
differentnodesof the tree,correspondingto differentpartial sentences
anddifferentutterancelengths)arestoredin a stackandareextended
(by usingtheforwardrecursion)andpruned.Duringthesearch,weneed
anevaluationfunctionthatestimatesthefull likelihoodof thecomplete
utterancefrom theknown scoresof partialutterances.We alsoneedan
estimateof the likelihoodof theremainingpath. This estimatemustbe
lower thanthe actuallikelihoodof the remainingpath,or the solution
will besuboptimal.However, themorethis is underestimated,thelarger
thestackmustbe.

¨ Sincethis algorithmextendspathsof different lengths,it is no longer
time-synchronous(asopposedto Viterbi decoding– seenext section);
during pruning it is more difficult to comparescores(that have to be
time normalized).

¨ To improve the efficiency of the search,it is necessaryto have a tree
grammar. Thisapproachisverydifficult (andquicklybecomesintractable)
if thegrammaris not tree-based.
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Given all theseimplementationdifficulties, a Viterbi searchis often pre-
ferredfor continuousspeechrecognition,eventhoughit is suboptimal.How-
ever, someresearchers(e.g.,IBM [Bahl et al., 1983])have successfullyused
a stackdecoderfor continuousspeechrecognition. More recently, thereis a
resurgenceof interestin this algorithm sinceit also hasseveral advantages
comparedwith Viterbi decoding,e.g.,decodingin termsof the actuallikeli-
hoodword sequence,andan easyway to get the top N-bestsentences[Paul
andNecioglu,1993].

3.5.2 Viterbi Criterion

According to the Viterbi criterion, an utterance� will be recognizedas the
word (or wordsequence)associatedwith  #W if:

=
> �H?  �W2E~¥ =

> �F?  ���EC�­¬¦�°±� ] (3.48)

i.e., theMarkov modelfor which thestatesequencethathasthehighestprob-
ability of beingtakenwhile generatingtheobservationsequenceis maximum
[computedby usingrecursion(3.24)].

Continuousspeechrecognitionisachievedbysearchingfor thebestMarkov
modelsequenceleadingto themaximumlikelihoodstatesequence.This can
alsobeformulatedasthe“one-stage”dynamicprogrammingalgorithm[Bridle
etal., 1982;Ney, 1984].Thisalgorithmhasseveraladvantages:

¨ TheViterbi searchis a time synchronoussearchalgorithm,particularly
well suitedto real-timeimplementation.

¨ Becauseof theefficientdynamicprogrammingprocedure,thecomputa-
tional requirementsof theViterbi searcharemoderateandlinearly pro-
portionalto thelengthof theutteranceandthenumberof nodespresent
in thesearchspaceto describethe lexicon. It is alsopossibleto prune
the searchspaceby usingbeam-searchandfast look-aheadtechniques
[Lowerre,1976;Schwartzetal., 1985;Ney et al., 1987].

¨ Simplesyntax(suchasword-pairor bigramgrammars)canbeincorpo-
ratedquiteeasily. More complex models(suchasaugmentedtransition
networksandcontext-freegrammars)canalsobeused,but at thecostof
muchgreatercomputationalrequirements.

¨ As a by-product,the recognitionprocessalsoprovidesus with a seg-
mentationof the sentences,which sometimescan be very useful (for
exampleto gettargetoutputsto trainaneuralnetwork – seeChapter7).

However, the probability obtainedfrom this procedureis an approximation
of the actuallikelihood,andis thussuboptimal. This is becausethe Viterbi
searchfindstheoptimalstatesequenceinsteadof theoptimalword sequence.



3.6. LIKELIHOOD AND DISCRIMINATION 45

A solutionto thisproblemwasproposedin [Schwartzetal.,1985]in whichthe
full likelihoodwascomputedwithin eachwordmodelwhile aViterbi criterion
wasusedfor between-word transitions.

3.6 Lik elihoodand Discrimination

In this chapterwe have useda MLE approachto the training of our HMMs.
However, therearetwo fundamentalconceptualproblemswith this approach
(apartfrom all thehypothesesdevelopedin thischapter):

¨ It is implicitly assumedthatthemodel(with all its assumptionsrelative
to its topologyandprobability densityfunctions)is accurateandactu-
ally reflectsthestructureof thedata(althoughthedatamightnotadhere
to the constraintsimposedby the HMMs). If we hadenoughtraining
data(which is not certaineven in thecaseof MLE), it would probably
be more preferableto infer all the parametersof the models(includ-
ing topologyandnon-parametricprobabilitydensityfunctions)directly
from the data,which canbe seenasimplicitly usinga Bayesor MAP
criterion (i.e., =

>  y? ��E ) during training insteadof MLE. SinceMAP
includestheeffectsof prior information,thelanguagemodel(asdefined
in H1) wouldalsobeinferredfrom thetrainingdata.However, it appears
thatthiswould requireaprohibitive amountof trainingdata.

¨ By trainingwith MLE insteadof MAP, westronglyreducethediscrimi-
nantpropertiesof HMMs. Ideally, eachHMM shouldbetrainednotonly
to generatehigh probabilitiesfor its own class,but alsoto discriminate
againstrival models.

Thesetwo points(but especiallythesecondone)arerelatedto thediscussion
thatfollows on discriminantcriterionfor HMM training.

As shown in Section3.2, the actualcriterion that shouldbe maximized
duringtrainingof HMMs is theposteriorprobability =

>  � ? ��E thataMarkov
model  #� generatestheacousticvectorsequence� . However, theparameter
spaceonwhichthisoptimizationis performedprovidesthedifferencebetween
independentlytrainedmodelsanddiscriminantones. RecallingBayes’ rule
(from Chapter2), theprobability =

>  � ? ��E canbewrittenas

=
>  (�0? ��E�� =

> �H?  � E =
>  � E

=
> ��E (3.49)

In a recognitionphase,=
> ��E maybeconsideredasaconstantsincethemodel

parametersarefixed.However, duringtraining,thisprobabilitydependsonthe
parametersof all possiblemodels.Indeed,denotingby ! theparametersetfor
all themodels,andtakinginto accountthatthemodelsaremutuallyexclusive,
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=
> �bE canberewritten as:

=
> �H?
!JE�� l

W =
> �H?  �W��C!JE =

>  #W*?
!JE (3.50)

wherethe summationextendsover all possibleword or phonemesequences.
During training, the sumin (3.50) includesthe correctmodelaswell as all
possiblerival models.

As explainedin Section3.2, the prior probabilities =
>  #WBE , referedto as

the languagemodelprobabilities,areusuallyestimatedindependentlyof the
acoutsicmodelparameters(hypothesisH1) andparametrizedby theirown lan-
guagemodelparameters© independentof theparameters! , i.e., =

>  �W¦?
!�Emª
=
>  �W¦? ©DE . Furthermore,thelikelihoods=

> �F?  � E dependonly on theparam-
eters! � presentin  � . As aconsequence,(3.49)maybewrittenas:

=
>  (��? ���0«¬E(� =

> �H?  � �C! � E =
>  � ? ©~E

=
> �H?  � �C! � E =

>  � ? ©DE|s e W2­9 � =
> �H?  �W@�C!,W�E =

>  �W*? ©~E
(3.51)

Maximizationof =
>  � ? ���C!JE is usuallysimplifiedby restrictingit to thesub-

spaceof the  � parameters.Thisrestrictionleadsto theMLE criterionasused
in thischapter. In thiscase,thesummationtermin thedenominatoris constant
overtheparameterspaceof  � andmaximizationof =

> �F?  � �C! � E impliesthat
of its bilineartransform=

>  � ? �a�C!JE (3.51).This“modelby model”optimiza-
tion allows importantsimplificationsin thetrainingalgorithmsby avoiding the
computationsof all rival sequences,but at thecostof discrimination.

Ontheotherhand,maximizationof =
>  � ? �a�C!�E with respectto thewhole

parameterspace(i.e., theparametersof all possiblemodels)leadsto discrim-
inant modelssinceit implies that the contribution of =

> �H?  � �C! � E =
>  � ? ©DE

shouldbeenhancedwhile thecontribution of all possiblerival models,repre-
sentedby l

W2­9 � =
> �H?  �W\�C!LWBE =

>  #W®? ©DEC�­¬ ] ±�¯�
shouldbereduced.14 In thiscase,maximizationof (3.51)is equivalentto max-
imizationof �

�°s²±´³�µ¶ P:·¬¸º¹L» ¼ ³�½ ¾¿³CÀ ·¬¸Á¼ ³ » Â À·¬¸Ã¹O» ¼ P ½ ¾ P À ·¬¸Á¼ P » Â À
or maximizationof

=
> �H?  � �C! � E =

>  � ? ©DEe W2­9 � =
> �F?  #W\�C!LWBE =

>  �W*? ©~E (3.52)

14In thecaseof isolatedword recognition,this is quiteeasysinceit is enoughto considerall
the possibleword modelsof the lexicon. For continuousspeechrecognition,the sumshould
includetheprobabilityof all possibleHMM sentencemodels(excluding M P ) thatareallowed
by thesyntax.
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If we assumeequalpriors =
>  �W®? ©~E for all possible

]
, thismaximizationwith

respectto thewholeparameterspaceis thenequivalentto MaximumMutual
Information(MMI) criterion[Bahl etal.,1986;Brown, 1987;Merialdo,1988]
whichaimsat maximizing

=
> �F?  � �C! � Ee W2­9 � =
> �H?  �W@�C!,W5E (3.53)

which is alsoa discriminantcriterion.
Theseconsiderationsstill hold in the caseof embeddedtraining where

discriminationis increasedbetweenthevariousword or sentencemodels #W
by adjustingthe parametersof the constitutingsub-unitmodelswhich may
appearseveraltimesandin severaldifferent  #W .

As shown in this chapter, the Forward-Backward algorithmsimply max-
imizeslikelihoodsand,consequently, doesnot provide discriminantmodels.
However, this is a very efficient trainingprocedurewhich iteratively provides
parameterestimatesbasedon partial pathprobabilitiescomputedby forward
andbackwardrecursionsandwhich is guaranteedto converge(at leastto local
optimum). This advantageis unfortunatelylost if the MMI criterion is used
[Bahl et al., 1986] anda gradientmethodis generallypreferredfor the opti-
mization; the forward andbackward recursionscanstill be usedto compute
thegradient[Brown, 1987] but additionalconstraintsarerequiredto guaran-
tee that probabilitiesarepositive andbetween0 and1. If phonememodels
aretrained,a loopedphoneticmodel,i.e., a word modelthatallows any pos-
siblephonemesequence[Wellekens,1986;Merialdo,1988],maygenerateall
possiblephonemesequencesand, by running the forward recursionfor full
likelihoodestimationthroughit, may provide the summedprobability in the
denominatorof (3.53). Thenumeratorof (3.53)is obtainedin a separatestep
via a serialmodel.This methodcould,in principle,alsoapplyto word model
training,but would requireanexcessive computationtime for a large lexicon
dueto the sizeof the loopedword model. The MMI criterion is thuspartic-
ularly unsuitablefor embeddedtraining of word models;severe hypotheses
mustbeacceptedto copewith thecomplexity [Brown, 1987].

The Viterbi algorithm,which is the main tool for the recognitiontask,is
also often usedin the training phase. In this case,the parametersare up-
datedso as to increasethe probability of the most probablestatesequence
and =

> �F?  wE is thusnot actuallymaximized.It is somewhatsimplerthanthe
Forward-Backward algorithmandconvergence(at leastto a local optima) is
alsoguaranteed.It is well adaptedto a simplified form of MLE optimization
(consideringthe bestpathonly) but not at all to MMI maximizationsinceit
requirestakingaccountof all paths(not only thebestone)in all possiblerival
sequencemodels.

To circumvent the lack of discrimination,othermethodsthanMMI have
beenproposed.In a two-passmethodfor isolatedword recognition[Rabiner
& Wilpon, 1981], the local distancesbetweenacousticvectorsof a testword
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andof referencetemplatesareweightedto enhancethediscriminatingpartsof
the matchingpath. Anothertwo-stagemethodto improve thediscrimination
in isolatedword recognitionhasbeenproposedby [Martin et al., 1987]. In
thiscase,informationon therival models(includingdurationinformation)are
collectedduring the training phaseand usedin the secondstageto get rid
of ambiguities.Thepragmaticuseof an iterative corrective traininghasbeen
proposedin [Bahl etal.,1988]andhasyieldedimprovedmodels.However, for
all theseapproaches,thereis no cleartheoreticaljustification,andit is usually
difficult to guaranteetheconvergenceof therelatedtrainingprocedures.

In this book, it is shown how neuralnetworks can be usedto improve
thediscriminantpropertiesof HMMs andto overcomesomeof their limiting
hypotheses.

3.7 Summary

Theunpredictableandsequentialnatureof thehumanspeechproductionsys-
tem makes automaticspeechrecognitiondifficult. Hidden Markov Models
(HMMs) provide a goodrepresentationof thesecharacteristicsandarenow
thedominanttechnologyfor continuousspeechrecognition.They benefitfrom
powerful training and decodingalgorithms. However, the assumptionsthat
make optimizationof thesemodelspossiblylimit their generality;theseare,
amongothers:

¨ Poor discriminationdue to the training algorithm, which maximizes
likelihoodsinsteadof posteriorprobabilities(i.e., themodelsaretrained
independentlyof eachother).

¨ A priori choiceof modeltopologyandstatisticaldistributions,e.g.,as-
sumingthat theprobabilitydensityfunctionsassociatedwith theHMM
statecanbedescribedasmultivariateGaussiandensitiesor asmixtures
of multivariateGaussiandensities,eachwith adiagonal-onlycovariance
matrix.

¨ Assumptionthatthestatesequencesarefirst-orderMarkov chains.

¨ Typically, no acousticalcontext is used,so that possiblecorrelations
betweensuccessive acousticvectorsis overlooked.

In fact, the HMM we endup with after theseassumptionsis very crude
comparedwith theidealmodel,in which emissionandtransitionprobabilities
shouldbedependentonafixedwindow backinto therecentpastonbothstates
andobservations.

It shouldalsobe notedherethat thereis a fundamentalweaknessin the
HMM representationof speechproduction,evenif noneof theseassumptions



3.7. SUMMARY 49

aretoo harmful: we mustassumethatspeechis well representedby a succes-
sionof steady-state(locally stationary)segments.In fact it is morelikely that
speechshouldberepresentedasa sequenceof significantchanges.This issue
is notaddressedin thisbook,but we mentionit herefor perspective.

In laterchapterswe will show how neuralnetwork technologycanbe in-
tegratedinto HMM systemsto alleviatesomeof their morerestrictive limita-
tions. But first, we proceedto a shortbackgroundon a usefulform of neural
network, theMultilayer Perceptron.
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Figure3.2: Whois thisMarkov fellow, andwhyis hehiding?



Chapter 4

MULTILA YER
PERCEPTRONS

Physicalmodelsareasdifferent fromtheworld asa
geographicalmapis fromthesurfaceof theearth
– L. Brillouin –

4.1 Intr oduction

In this section,we will describethe perceptronand Multilayer Perceptron
(MLP) classesof Artificial Neural Networks. MLPs can be usedfor tasks
suchasfeatureextraction(seeChapter14)andprediction(seeSection6.8and
Chapter13) with applicationsrangingfrom signal processingto stock mar-
ket forecast. For reviews andfurther readingon the fundamentalsof neural
networks, see[Rumelhart,Hinton, & Williams, 1986b;Pao, 1989; Beale&
Jackson,1990;Hertz,Krogh,& Palmer, 1991;Zurada,1992].For moreinfor-
mationon learningalgorithms,performanceevaluation,andapplications,see
[Karayiannis& Venetsanopoulos,1993]. For morereferencesandapplication
areas,see[Simpson,1991].

Sincethis book is mainly concernedwith speechrecognition,1 the next
sectionswill considerMLPs aspatternclassifiers.More specifically, we will
considertheproblemof classifyingacousticvectorsinto (phonemic)classes.
As in Chapter2, theseclasseswill be denotedÄ<W , with

] �Å���������
�0� . Ulti-
mately, theseclasseswill beassociatedwith HMM statesV
W . Thegoalof this
chapteris to provide somebasictheoreticalfoundationfor the useof MLPs
thatwill bedescribedin thelaterchapters.

1Youcanlook for ahiddenmessageif youwant,but asfaraswecantell this is prettymuch
all thatit’ sabout.

51
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4.2 Linear Perceptrons

4.2.1 Linear Discriminant Function

We assumeherethat eachclass Ä<W��­¬ ] �Æ�����������0� (that will ultimately be
associatedwith a HMM state)can be associatedwith a linear discriminant
function[Nilsson,1965]definedas:��W > q [ Em� Ç � W q [ (4.1)

where q [ � > ����q [ ;X��q [�È �������X��q [�É E �
is theacousticvector q [ at time Y augmentedby anadditionalelementwith a
valueof � , Ê thetransposeoperation,and

ÇOWL� > Ç�W K ��Ç�W ; ��Ç�W È ����������Ç�W É E �
representstheparametersetdescribingÄ¬W , consistingof theaugmentedform
of theweightvector Ç�W (including

�
-th componentof q [ ). ParameterÇ�W K is

usuallyreferredto asthe biasof class Ä<W . Collectingequations(4.1) for all
classesleadsto thematrixnotation:� > q [ Em� Ë � q [
where � > q [ EÌ� > �\; > q [ EC���������3� k > q [ E�E�� , Ë � > ÇQ;�� Ç È �������X� Ç k E is a>�Í sg�
E 6 � weightmatrix,and � is thenumberof classes.

Classificationis thenbasedon therule:

ÎÐÏ �BW > q [ E~¥^��� > q [ EC�¿¬¦��±� ]²Ñ0Ò®ÓXÔ q [ " Ä<W (4.2)

For a2-classproblem,anequivalentformulationof (4.2) is

ÎÐÏ �Õ; È > q [ E3� �\; > q [ E�� � È > q [ EÖ¥ � Ñ0Ò®ÓXÔ q [ " Ä_; ÓX×ÙØ�Ó q [ " Ä È
This rule is often replacedby a simplebinary decisionvia a thresholdlogic
unit. Sucha systemis then referredto as a perceptron. Thereis a simple
trainingalgorithm(known astheperceptrontrainingalgorithm)thatis guaran-
teedto converge if thedatasetis linearly separable[Nilsson,1965;Minsky &
Papert,1969,1988;Rosenblatt,1958,1962].

After training, perceptronscut the featurespaceÚ É into regions corre-
spondingto different classifications. The resultingdecisionboundariesare
composedof segmentsof hyperplanesdefinedby: �BW > q [ E��ö�X� > q [ E�� � . Aug-
mentingthefeaturevectorallowsdiscriminantsurfacesthatdonotnecessarily
containthe origin of the parameterspace;this is the main goal of the biasesÇ�W K thatareusedin connectionistsystems.



4.2. LINEAR PERCEPTRONS 53

Theentriesof Ë canbe determinedby trainingon a preclassifiedvector
setaccordingto thereciprocalof thedecisionrule (4.2)

ÎÐÏ q [ " Ä¬W Ñ0Ò®ÓXÔ ��W > q [ E~¥µ��� > q [ EC�a¬¦�°±� ] (4.3)

Earlywork byRosenblattandhisstudents[Rosenblatt,1962]showedsome
of theversatilityof theperceptron.Unfortunately, simpleperceptronscannot
solve classificationproblemsfor datasetsthat arenot linearly separable,in
which casetheperceptrontrainingalgorithmsimply doesnot converge [Min-
sky & Papert,1969].2

4.2.2 LeastMean Square Criterion

As notedabove, a perceptroncanonly partitiondatasetslinearly (i.e., with a
hyperplane)andtheperceptrontrainingrulewill notconvergeif thedatasetis
not linearlyseparable.However, evenfor thissimplearchitecture,anapproach
to learningcanbeusedthatwill at leastconverge to a reasonablesolutionfor
datasetsthatarenot linearlyseparable.In thisapproach,aLeastMeanSquare
(LMS) criterion can be usedfor the determinationof discriminantfunction
parametersÇ�W � . In this case,however, it is no longerguaranteedthatrequire-
ments(4.2) will besatisfiedfor all individual vectorsof the trainingseteven
for linearly separablesets. Indeedwe do not minimize the actualclassifica-
tion errorrate(via thedecisionlogic thatsimply countsthenumberof errors)
anymorebut just a standardMeanSquareError (MSE) which, aswe will see
later on, approximatesa Bayesdecision(seepages193-195andFigure12.3
in [Minsky & Papert,1988] for morediscussionsaboutthis). In [Minsky &
Papert,1988] it is shown that in differentsituationseither the perceptronor
Bayesapproachmaybesuperior.

TheparametervaluesÇ�W � maybecalculatedfrom a preclassifiedtraining
vectorset,minimizing a costfunction � expressingthesumover all training
vectorsandall classesof the squarederrorsbetween�BW > q [ E andthe desired
outputs,typically equalto � if q [ " Ä<W and

�
if q [ ±" Ä<W . This costfunction,

usuallyreferredto asMeanSquareError (MSE), is explicitly writtenas:�n� kl
W 9<;

l
ÛXÜ2Ý�Þ ³

ß � > q [ E���àáW ß È (4.4)

where àáW , which we will call the index vector, is a � -vector with all zero
componentsexceptthe

]
-th one. For eachtraining vector, correctclassifica-

tion is reinforcedwhile incorrectclassificationis punished.However, theuse

2It shouldbenotedthatsomeof Rosenblatt’sstudentsdid in factdevelopmultilayerversions
that werequite successfulat generatingmorecomplex partitions. However, in this casethe
algorithmswerenotguaranteedto converge,althoughthey wereusedsuccessfullyfor anumber
of difficult problemsin patternrecognition(see[Viglione,1970]).
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of anLMS criterionleadsto discriminantfunctionsthathave realoutputsap-
proximatingthevalues1 or 0, asopposedto makinga simplelogical decision
betweenthesetwo alternatives.Minimizationof � with respectto theparame-
ters Ç�W � leadsto thefollowing equation(see,for example,[Devijver& Kittler,
1982]): � � � Ëâ�  Iã (4.5)

where  is a
>�Í sn�
E 6 � matrix wherethe

]
-th columnis the augmented

meanvector { W � > ����{|W ; �������
��{|W É E�� of all thevectorsassociatedwith classÄ<W , ã is adiagonal� 6 � matrixwith
> Yä;�����������Y k E on its diagonal,with Y|W

representingthenumberof vectorsclassifiedinto Ä<W ; �å� > q|;�� q È �������
� q f E
is a

>�Í sæ�
E 6 p matrix whosecolumnscontainthewholesetof augmented
vectorsq [ in thetrainingset.

4.2.3 Normal Density

It can easily be shown that, during classification,using linear discriminant
functionsis equivalent to estimatingBayesGaussiandensitiesin which it is
assumedthatall densitiesaresharingthesamecovariancematrix } .

As notedin Chapter2, decisionsmadeusingestimatesof theBayesprob-
ability ` > Ä¬W¦? q [ EC�­¬ ] �n���������
�0� , areequivalentto decisionsmadeusingesti-
matesof ` > q [ ? Ä<WBEz` > Ä<W�E , sincè

> q [ E is independentof theclassduringclassi-
fication(this is not trueduringtraining– seediscussionin Section3.6). These
decisionscanalsobemadeonthebasisof thelog probabilities,sincethelog is
amonotonicfunction. In thecaseof Gaussiandensitiesof mean{|W andcovari-
ancematrix } , TheBayesdecisioncanbemadeon thebasisof thefunction:��W > q [ Em��� �ç > q [ �b{|WBE � } � ; > q [ ��{|W�E¿s ×Ðè /J` > Ä¬W5E (4.6)

Sincethequadraticterm q � [ } � ; q [ is independentof theclass,wecanuse
aslightly differentdiscriminantfunction,droppingthis term:��W > q [ E��éÇ �W q [ sHÇ�W K (4.7)

with:

Ç�WL�I} � ; {|W
Ç�W K ��� �ç { � W } � ; {|W~s ×Ðè /J` > Ä¬W5E (4.8)

Thus,in thisspecialcase,theoptimaldiscriminantfunctionis linear. If the
covariancematrix } in (4.8) is madeclass-dependent(themoregeneralcase),
the quadratictermsarestill relevant for classification;but sincethereareno
higher-order terms,Gaussiandensitiescanalwaysbe optimally classifiedby
quadraticdiscriminantfunctions[Nilsson,1965].
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4.3 Multilay er Perceptrons(MLP)

4.3.1 SomeHistory

Oneof the technicaldevelopmentssparkingthe recentresurgenceof interest
in neuralnetworkshasbeentherediscovery andpopularizationof multi-layer
networks of perceptrons,particularlyafter thepublicationof a lucid book on
thesubject[Rumelhart,Hinton, & Williams, 1986b]. However, asnotedear-
lier, systemsbasedonmultilayerperceptronswerewidely usedfor problemsin
biomedicalpatternclassificationandimageprocessingin the1960’s [Viglione,
1970]. Thesesystemsweredesignedto overcomethewell-known limitations
of single-layerperceptrons,andalreadyusedapproachessuchasconstructive
anddestructive topologylearning,selective or weightedsamplingof theinput,
andmodularconstruction.3 In particular, they built upalayerof unitsthatwere
viewed asfeatureextractors,andwhoseoutputswerefurther processedby a
final layerof units. In currentterminology, thefeatureextractorlayerwouldbe
calledahiddenlayer, sinceit is neitheraninputnoranoutputlayer;its outputs
arenotaccessibleoutsideof thenetwork.

Thesesystemsusedharddecisionsin thehiddenlayer. Theuseof softer
decisionfunctions,suchasthesigmoid,is the major structuralinnovation of
the moremodernperceptron-relatednetworks4 andresultedin the derivation
of simpleandpowerful learningrulesthat(in principle)applyoverany number
of perceptronlayers.

It is thesemorerecentarchitecturesthatwe will review here,aswe have
foundthemusefulfor thespeechrecognitionsystemsdescribedin thisbook.

4.3.2 Moti vations

Evenfor linearperceptrons,multiclassdiscriminationsrequireakind of added
layer. The classdecisioncanbe basedon (4.2) asfollows: � 6 > �õ���
E�ê ç
discriminantfunctions � � W > q [ Em�Ï�X� > q [ E��¿��W > q [ EC�­¬¦�B� ] � ] ª � , aredefined
andcomputed;their thresholdedvaluesarethenenteredinto averysimplelog-
ical netproviding thesuitableindex vector à at theoutput.Thesethresholded
elementaryunits areperceptronsso that logical decisionsoccur. It is easily
shown that the logical net canalsobe realizedasa secondlayer of percep-
trons. Piecewise lineardiscriminantnetworkshave a similar structurebut the� � W areindependent[Fukunaga,1972].

However, in this case(as opposedto the caseof multilayer perceptrons
describedby Viglione), the perceptronsinherit the limitations of the linear
discriminantfunctions(separatingthe � classesof patternsby hyperplanes),

3It maynot betruethatthereis nothingnew underthesun,but theresurearea lot of things
thathave beenlying theregettinga tanfor 30years.

4Although sigmoidsweresuggestedby a numberof researchersat an early date[Cowan,
1967],they werenotwidely usedfor patternrecognitionproblemsuntil the1980’s.
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andthesetrainingalgorithmsunfortunatelyfail to convergefor setsof vectors
thatarenot linearlyseparable.

Convergenceproblemscanbe avoidedby usinga LMS criterion as(4.4)
but at thecostof losingthepower of thenonlinearlogical decision(i.e.,min-
imization of the error rate). A compromiseapproachis to approximatethe
thresholdlogic unit by a smoothdifferentiablefunction � , which is generally
chosenasbeingthesigmoidfunction� > q¿Em� ��°sìë � Û
More precisely, anew LMS criterioncouldbetheminimizationof�²� kl

W 9<;
l
Û Ü Ý
Þ ³

ß � � � > q [ E��H�#àáW ß È (4.9)

wherethemodifieddiscriminantvectorfunction � � � > q [ E�� is componentwise
relatedto � > qÕE by � � � � > q [ E��Õ� ��_s Ó 4¦í > ��� � > q [ E�E (4.10)

However, evenwhencriterion(4.9)is restrictedto lineardiscriminantfunc-
tions (andlinear decisionsurfaces),we mustminimize a nonlinearfunction.
This requirestheuseof aniterative gradient-like method,which is just a sim-
plified versionof theerrorback-propagationalgorithmusedto trainmultilayer
perceptrons(seebelow). This solvesthe problemof non-convergenceof the
perceptronalgorithm for non-linearlyseparablesets. For linearly separable
sets,onecanstill expectthat minimizationof this MSE will converge to the
perceptronsolution,sincethereareno local minimain thiscase.5

Nonlinearmappingsareoften requiredto achieve logical decisions,and
single-layerperceptronsarenot sufficient to discriminatevectorsetsthat are
not linearlyseparable.However, thereis noutility in building multilayerlinear
discriminantnetsby addinglayersof linearhiddenunitssincesucha network
is alwaysequivalentto asinglelinearsystem(within apossibledropof rank).6

However, it is shown in [Minsky & Papert,1969]that,if anonlinearoperatoris
addedat theoutputof eachunit of intermediateprocessinglayers(referredto
ashiddenlayers), it is in principlepossibleto performany nonlinearmapping
from theinputto theoutput– providedthesetof hiddenunitsis largeenough.7

5See[SontagandSussman,1989a]for a proof of this. Theseauthorsalsoshow in [Sontag
andSussman,1989b] that without the separabilityassumption,therearecounterexamplesto
this assertion.

6This is a critical point. Oncea network hasbeentrained,several layersof linear transfor-
mationsareequivalentto asinglelineartransformation.During training,however, thetransfor-
mationsareconstrainedto beequivalentto multiplicationby matricesthatarelimited in rank
by thelayersize.

7Of course,for somefunctionstherequiredlayerlengthmightbeAvogodro’s number.
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This kind of network is known asMultilayer Perceptron(MLP). SuchMLPs
have several importantproperties:¨ They arediscriminantwhenthey aretrainedwith discriminantcriteria

(like LMS).

¨ They cangeneratenonlineardecisionboundaries.

¨ Given the sigmoid function at the output, they representa goodcom-
promisebetweensimultaneousminimizationof theMSE andtheactual
classificationerrorrate.Along thisline, theroleof thesigmoidfunctions
on thehiddenlayersandon theoutputlayer is different. Thenonlinear
functionon thehiddenlayergenerateshigherordermomentsof the in-
put patternsthat aresubsequentlyusedby later layers. This could be
accomplishedby many otherfunctionsthanthesigmoid,includingones
that arenot at all an approximationto a thresholdlogic unit (see,for
example,radialbasisfunctionsin Section6.7). Thenonlinearfunction
at the output,on the otherhand,mustbe an approximationof the de-
cision logic and,consequently, is restrictedto a sigmoid-like function8

(seeSection4.4.1for furtherdiscussion).

4.3.3 Ar chitecture and Training Procedure

An î -layeredperceptronconsistsof
> î(s��
E layers î h >ji � � ���������0îÖE of sev-

eralunits,where î K correspondsto theinput layer, î f to theoutputlayerandî h >ji �ï���������
�0îñðò�
E to thehiddenlayers.Hiddenandoutputunitsarecom-
putationalunitsandtheir outputvaluesaredeterminedby first summingall of
their inputsandthenpassingthe resultsthroughthesigmoidfunction (4.10).
The output valuesof layer î h form a Y h -vector ó h > q [ E which is a function
(4.11) of the input vector q [ ; Y h is the numberof units in î h . Input vectoró K > q [ E andoutputvectors ó f > q [ E arealsodenotedq [ and ô > q [ E in the fol-
lowing. Vector ó h > q [ E >ji � � �������
�0îñðò�
E standsfor the

> Y h s��
E -augmented
vector, wherethe

�
-th unit will befixedto � andwill accountfor thebiasesof

the following layer. As the biasingunit is irrelevant for the outputlayer, we
have ó f ��ó f . Layer î h � ; is fully connectedto layer î h by a

> Y h � ; sñ�
E 6 Y h
weight matrix Ë h . Matrix Ë h denotesË h deprived of its first row (corre-
spondingto thebiases).Thestatepropagationis thusdescribedby:

ó h > q [ Em�R� > Ë �h ó h � ; > q [ E�EC�­¬ i �n���������
�0î (4.11)

where� is anonlinearfunction,typically asigmoidfunction(4.10)thatoper-
atescomponentwise.Finally, we maywrite symbolically:

ó f > q [ Em�õô > q [ E (4.12)
8Or equivalently a softmaxfunction,which is describedin Section6.4.2. Statisticallythis

functionactsmuchlike thesigmoid.
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whereô isnow anonlinearfunctionof q [ dependingontheparametersË h �¯¬ i "� ���������
�0îm� .
The modelparameters(the weight matricesË h ) areobtainedfrom a set

of traininginputandassociated(or desired)outputpairsby minimizing, in the
parameterspace,theerrorcriteriondefinedas:�w� fl[ 9<;

ß ô > q [ E�ð Ío> q [ E ß È (4.13)

where,giveneachtraininginput vector q [ , ô > q [ E representstheoutputvectoró f > q [ E generatedby the system. If thereis at leastonehiddenlayer, given
(4.11) and (4.12), vector ô > q [ E is a nonlinearfunction of the input vectorq [ (definingnonlineardecisionsurfaces)9 andcontainsthesigmoidfunction
(4.10);

Ío> q [ E is the desiredoutputassociatedwith q [ . The total numberof
trainingpatternsis denotedby p .

As explainedin [Rumelhartet al., 1986a;Sejnowski & Rosenberg, 1986],
theweightmatricesareiteratively updatedvia agradientcorrectionprocedure
to reducetheerror (4.13). By simply usingthechainrule for differentiation,
it hasbeenshown in [Rumelhartet al., 1986a;Sejnowski & Rosenberg, 1986]
that thegradientof theerrorcriterionversusevery weight in thenetwork can
becalculatedby recursively back-propagatingtheerrorat theoutputlayer. The
correspondingtrainingprocedurewill not bedescribedheresinceit hasbeen
widely presentedin theliterature.It can,however, besummarizedasfollows.
For eachtrainingiteration ö ( ö��²���������
��Ê ):

1. Presentationof all thetraininginput vectorsq [ ��Yb�÷�����������0p , forward
computationof theoutputvectorsô > q [ E [using(4.11)],andcalculation
of theerrorfunction � .

2. Backwardpropagationof theerror(usingthechainrule) to computethe
partialderivative of theerrorcriterionwith respectto every weight,and
updateof theweightsaccordingto:

Ç�W � > ö¿sg�
E��øÇ�W � > ö�E�ð c
ù �ù Ç�W � > ö0E (4.14)

in which c is usuallyreferredto asthestepsizeparameteror learning
rate and hasto be small enoughto guaranteethe convergenceof the
process(seeSection4.3.5for furtherdiscussionsaboutthis).

This procedure,known astheerrorback-propagation(EBP)algorithm,is
iteratedandstopped,e.g.,whenthe absolutevalueof the relative correction

9It hasbeenshown in [White, 1988]thatanMLP with only onehiddenlayer, but containing
“enough”hiddenunits,wasenoughto generateany kind of nonlinearfunction.This is alsotrue
for multi-Gaussianclassifiersandradialbasisfunctions(seeSection6.7).
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ontheparametersfallsunderagiventhreshold.10 ThisEBPtrainingalgorithm
is now the mostcommonlyusedalgorithmfor training MLPs [Parker, 1982;
Parker, 1985; Rumelhartet al., 1986a;Werbos,1974]. However, this algo-
rithm wasalreadyusedin [Amari, 1967;Rosenblatt,1960;Widrow & Hoff,
1960] for a single-layernetwork, in [Bryson & Ho, 1969] in control theory,
andcertainlycreditfor thechainrulemustgo to Newton [Newton,1687].11

If the input units aredirectly connectedto the outputunits and if
Ío> q [ E

is an index vector, criterion (4.13)becomesequivalentto (4.9),which canbe
solvedby thesameprocedure.

4.3.4 LagrangeMultipliers

In thefollowing, it is shown thattheEBPalgorithmcanalsobederivedby in-
terpretingtheproblemasaconstrainedminimizationproblem.Thisapproach,
initially proposedin [le Cun, 1988], regardsMLP training as a constrained
minimization probleminvolving the network statevariables ó h > q [ E and the
weights.Theproblemmaybespecifiedby a singleLagrangefunction î con-
taining the objective function � and constraintterms,eachmultiplied by a
Lagrangemultiplier ú h . In this particularcase,the constrainttermsdescribe
thenetwork architecture,i.e., theforwardequationsof thenetwork. However,
this formulationwill permiteasiergeneralizationto otherkindsof constraints
(seeSection6.7.4). It alsocanclarify parallelsbetweenMLPs andothercon-
nectionistmodels.

For eachtrainingpatternq [ , we want ó f > q [ Eû� Ío> q [ E underthe î con-
straintsrepresentedby (4.11).By introducingî vectorialLagrangemultipliersú h � i �ü���������
�0î , theproblemis transformedto minimizing a modifiederror
function î versustheparametersË h ��ó h > q [ E and ú h , for

i �n���������
�0î , with:

îÌ� >�Ío> q [ Eäð�ó f > q [ E�E � >�Íý> q [ Eäð#ó f > q [ E�E
s fl
h 9<; ú hÿþ ó h

> q [ EäðÄ� > Ë �h ó h � ; > q [ E�E�� (4.15)

A constraintis metwhenthecorrespondingtermin î is zero.It maybeshown
that: � î > ú h ��ó h > q [ EC� Ë h E_� � �­¬ i �n���������
�0î (4.16)

correspondsto a minimumof � while meetingtheconstraints.We maysplit
condition(4.16)into its constituentpartials:

Condition 1: ù îù ú h � � �­¬ i �²���������
�0î (4.17)

10It canbearguedthattheso-calledstoppingcriterionshouldbebasedontheperformanceor
errorin anindependentdatasetandnot on thetrainingpatterns.SeeChapter6 for a procedure
to do this,andChapter12 for anextensive discussionof this topic.

11Disputed,however, by Leibniz,circa1675.
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wherethederivative is appliedto eachcomponentof its argument.
This leadsto: ó h > q [ EA�j� � Ë �h ó h � ; > q [ E�� (4.18)

whichcomprisestheforwardrecurrences(4.11)of theEBPalgorithm.

Condition 2: ù îù ó h > q [ E � � �Î¬ i �²���������
�0î (4.19)

Settingto zerothederivative with respectto ó f leadsto:

ú f � ç >�Íý> q [ E¬ð#ó f > q [ E�E
Differentiationwith respectto theother ó h ’s yields

ú h � Ë h v ; ��� � Ë �h ó h > q [ E��zú h v ; ��¬ i �²���������
�0î#ðò�
By defining �

h > q [ Em�P��� � Ë �h ó h � ; > q [ E��zú h �F¬ i �n�����������0î�ðF�
we finally obtain:�

f > q [ Em� ç � ��� Ë � f ó f � ; > q [ E�� >�Ío> q [ E¬ð#ó f > q [ E�E (4.20)

andthebackwardrecurrence�
h �P��� � Ë �h ó h � ; � Ë h v ; � h v ; �Î¬ i �n�����������0î�ðò� (4.21)

In comparisonwith the EBP algorithm describedin [Rumelhartet al.,
1986a;Sejnowski & Rosenberg, 1986],equations(4.20)and(4.21)correspond
to thecomputationrule of thegradientswheretheback-propagatedvariables
�
h aretheLagrangemultiplierswithin asimplescalingmatrix.

Condition 3: ù îù Ë h � � �­¬ i �n�����������0î (4.22)

This leadsto: � � � Ë �h ó h � ; > q [ E��zú h ó �h � ; > q [ Em� � (4.23)

or
�
h > q [ E ó �h � ; > q [ Em� � � ¬ i �w�����������0î (4.24)

TheweightmatricesË h satisfyingtheseequationscanbeobtainedby an
iterative gradientproceduremakingweightchangesaccordingto c�� f� �
	 . The
parametersat trainingstepö5s�� arethencalculatedfrom theirvalueat iterationö by: Ë �h > ö|sg�
Em� Ë �h > ö0E¿s c

�
h > q [ E ó �h � ; > q [ E (4.25)
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which is thestandardweightupdateformulaof theEBPalgorithm.12

Thesethreeconditions,when met, give a completespecificationof the
back-propagationtraining of thenetwork: optimizingwith respectto theLa-
grangemultipliersgivestheforwardpropagationequations;optimizationwith
respectto thestatevariablesgivesthebackwardequations(thegradients);and
optimizationwith respectto theweightsgivestheweightupdateequations.

This approachis moreflexible for possiblegeneralizations.For example,
to keepthe weightssmall, the term { egfh 9<; ß Ë h ß È canbe addedto the
function î (4.15)thatis minimized.For theweightupdate(condition3), (4.25)
thenbecomes:

Ë �h > ö¿s��
Em� > ��ð ç c {<E Ë �h > ö0E¿s c
�
h > q [ E ó �h � ; > q [ E (4.26)

sothat theextra conditionwill besatisfiedfor a sufficiently smallvalueof { .
This approachwill beusedin Section6.7.4,whereadditionalconstraintswill
beintroducedin theEBPalgorithm.

4.3.5 Speedingup EBP

The EBP algorithm is a simple gradient-basedoptimizationprocedureand,
consequently, cansuffer from thelimitationstypicalof this kind of algorithm,
i.e., slow convergenceanddifficulty in thechoiceof the learningrate c . The
techniquesusuallyusedto improve the convergenceof gradientsearchesin
generalcanthencanbeapplieddirectly to EBP. Amongthesimplestof these
aresecondordermethods(variantsof Newton’s method)[Becker & le Cun,
1988;Parker, 1987;Watrous,1987] thatusethe informationcontainedin the
secondderivative (Hessian)matrixto speedupconvergence.However, thema-
jor drawbackto usingthesemethodsis that,althoughthey actuallyreducethe
requirednumberof training iterations,they aremorecomputationallyexpen-
sive sincethey requirecomputingtheinverseof theHessianat eachiteration.
In this case,if we have � parameters,we have to invert a

> � 6 �(E Hes-
sianmatrix at eachiteration.As a consequence,mostcommonly(particularly
for a largenumberof weights)only thediagonaltermsof theHessianmatrix
areusuallyused,which is equivalentto performingNewton’s rule separately
for eachweight.Otherapproachesusingadaptive learningrates(whichcanbe
equalor differentfor eachMLP parameter)canalsobeused[Silva& Almeida,
1990;Kesten,1957;Jacobs,1988]. In [Watrous,1987], line searchroutines
wereusedto determinetheoptimalchangeduringeachtrainingiteration.An-
otherapproachis to incrementthegradientby afractionof thepreviousweight
change,referredto asmomentumterm. This termalsohasits own stepsize d
in theEBPupdateformula. In thiscase,(4.14)becomes:

Ç�W � > ö|sg�
E��ÆÇ�W � > ö0Eäð c
ù �ù Ç�W � > ö�E sñd<à´Ç�W � > ö0E (4.27)

12SeeSection4.3.6abouton-lineandoff-line training.
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This tendsto smooththeweightchangesaccordingto the “average”gra-
dient,which will allow anincreasedlearningratewithout incurringdivergent
oscillations. A relatedgradientprocedureknown as conjugategradientcan
alsoresult in a fasterconvergence(at leastin thecaseof quadraticerrorsur-
faces).In this case,thenew searchdirectionis definedfrom thenew gradient
andtheprevioussearchdirectionandattemptsto retainthegainsfrom thepre-
vious minimization. As a particularcaseof this approach,the Polak-Ribìere
rule canbeusedto computetheoptimalproportionof theprevioussearchdi-
rectionthatshouldbeaddedto thenew gradient.For quadraticerrorsurfaces
in a parameterspaceof dimensionY , it canbe proved that this methodwill
reachtheminimumwithin Y iterations.This conjugategradientapproachhas
beenusedquitesuccessfullyto speedup EBP13 in [KramerandSangiovanni-
Vincentelli,1989;Makram-Ebeidetal., 1989].

Othermethodsand/orheuristicshavebeenusedto reducethetrainingtime
of EBP. For example,in [Lehmanetal., 1988],it wasshown thataddingnoise
onthetrainingpatternscouldalsodecreasethetrainingtime,while sometimes
helpingto escapefrom poor local minima. Finally, alternative costfunctions
like theentropy or relative entropy measurecanalsohavebettertrainingprop-
erties[Sollaetal., 1988].

In our experience,somesimple choices(relative entropy error criterion
ratherthanLMS, randompatternpresentation,pre-settingof biasesto expected
valuesbasedonprobabilisticinterpretationor onpreviousexperience,anduse
of a declininglearningratebasedon cross-validation– seeChapter12) lead
to very fastconvergenceusingsimpleon-lineEBPwith theproblemswehave
beenstudying. For instance,with a popularspeechdatabase(the Resource
Managementspeaker-independent trainingset– seeSection7.7),wecurrently
(1992)useabout5 iterations.This is, of course,a relatively large andvaried
training set(over a million patternsfrom over a hundreddifferentspeakers),
andthis resultmaynot applyto problemswith lessvariedtrainingdata;how-
ever, futurespeechdatasetsthatwe will usewill beevenlarger.

4.3.6 On-Line and Off-Line Training

Duringtraining,theupdateof theMLP parameterscanbedonein two different
ways:

¨ Off-line training: In thiscase,weaccumulatetheweightupdatesoverall
thetrainingpatternsandwe modify theweightsonly whenall thetrain-
ing patternshave beenpresentedto thenetwork. Theactualgradientof
(4.13)is thenestimatedfor thecompletesetof trainingpatterns,which
guarantees,undertheusualconditionsof standardgradientprocedures,
theconvergenceof thealgorithm.

13For theoff-line, full gradientcase;thenext sectionwill discusstheon-lineapproach,which
is alsomuchfasterfor realisticdatasetsthantheoff-line method.
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¨ On-linetraining: In thiscase,theMLP parametersareupdatedaftereach
training patternaccordingto the “local” gradient.However, while this
doesnot actuallyminimize(4.13)directly, it canbeshown [Widrow &
Stearns,1985]thatthis processwill stochasticallyconvergeto thesame
solution.14 In practice,theon-line training exhibits several advantages
comparedwith theoff-line procedure:it is generallyacknowledgedthat
it convergesmuchfasterandthatit canmoreeasilyavoid localminima.
This canbeexplainedby thefactthattheuseof “local” gradientsintro-
ducesnoisein thetrainingprocess,whichusuallyimprovesthebehavior
of gradientsearchesbecauseof theloweringof therisk of gettingstuck
in a suboptimallocal minimum; in somesensea large stepsizecorre-
spondsto a high “temperature”in simulatedannealing. Additionally,
for large and varied training sets(suchas the ResourceManagement
trainingsentencesmentionedpreviously), on-linetrainingimpliesmul-
tiple passesthroughsimilar datafor eachsinglepassthroughthewhole
set.

As notedabove, on-line training frequentlyshows a practicaladvantage.
The enhancementsdiscussedpreviously appearto improve off-line perfor-
mancesignificantly for at leastsomeexamples. However, the on-line tech-
niques,which converge soquickly in our experience,have theadditionalad-
vantageof simplicity. Consequently, all theexperimentsthatwill bereported
in this bookhave beendoneusingon-lineMLP training.

4.4 Nonlinear Discrimination

4.4.1 Nonlinear Functions in MLPs

In this section,the “generalization”propertiesof the MLP andsomediscus-
sionsregardingtheuseof nonlinearfunctionson thehiddenandoutputunits
will beillustratedby two particularlysimplebut illustrative examples.

Thebasicarchitectureof thenetwork which will beusedin thefollowing
examplesis a simpletwo-layeredperceptron15 containing

Í
input unitsrepre-

sentingthe
Í
-dimensionalinputvectorq [ , onelayerof Y�� hiddenunitsandone

layerof Y � outputunits; Ën; denotestheaugmented
>�Í sg�
E 6 Y�� weightma-

trix betweentheinput layerandthehiddenlayer, Ë È denotestheaugmented> Y��Jsw�
E 6 Y � weight matrix betweenthe hiddenlayer andtheoutputlayer.
Generally, Y � is equalto � , thenumberof classes.For aninputvector q [ , the

14Sincethelocalgradientcanbeviewedasarandomvariablewhosemeanis thetruegradient,
suchanapproachis sometimescalleda “stochasticgradient”procedure.

15Thereis an ambiguity in the literatureasto whetheran MLP with onehiddenlayer is to
becalleda 2-layeredor a 3-layerednetwork. Wewill usetheformerconventionsincetheinput
layerperformsno computation.In any event,a singlehiddenlayeris sufficient to performany
nonlinearmappingfrom theinput to theoutput,providedthesetof hiddenunitsis largeenough.
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outputvaluesof the hiddenlayer units form a Y�� -vectordenotedó > q [ E and
givenby: ó > q [ Em�P� > Ë � ; q [ E (4.28)

where � is a nonlinearfunction, typically a sigmoidfunction, that is applied
to eachcomponentof its argument.Vector q [ is theaugmentedinput vector
takingthebiasesinto account.In thesameway, thevaluesof theoutputlayer
form a Y � -vectorgivenby:

ô > q [ E��P� > Ë � È ó > q [ E�E (4.29)

where ó > q [ E is theaugmentedform of ó > q [ E .
As notedearlier, the role of the nonlinearfunction � is different for the

hiddenandoutputunits. At the output, it simulateslogic decisions(to min-
imize the classificationerror rate) and, consequently, must approximatethe
thresholdfunctionof theperceptron.On thehiddenunits,it generatesnonlin-
earfunctionsof theinput. In thecaseof binary inputs,it canbeshown16 that
asigmoidfunctionwill, in theory, generateall possiblehighordermomentsof
the input. However, its form is certainlynot restrictedto a saturatingnonlin-
earitysuchasthesigmoidfunction. A sinusoidalfunctioncouldalsobeused
or, asis usuallydonewith radialbasisfunctions(seeSection6.7),a quadratic
functionmightbeused,in whichcasewegenerateonly second-ordermoments
on thehiddenunits.

This propertyof MLPs is shown herefor the caseof binary inputs. Letq [ ���@� � � �������
� Í , denotethecomponentsof theaugmentedinput vector q [ .
When using a sigmoid function on the hiddenunits, the � -th componentofó > q [ E is thenexpressedas:

ó � > q [ E�� �
�ÖsFë � ±�
N ¶���� P N Û Ü N (4.30)

or also,by usingtheTaylorexpansion:

ó � > q [ Em���lW 9 K�� W > Él�:9 K Ç � ��q [ �
E W (4.31)

where Ç � � representsthe weight between� -th input unit andthe � -th hidden
unit. In thecaseof binaryinputs,wehave q W[ � �¯q [ �B�¯¬ ] ª � , andexpression
(4.31)canthenberewritten as:

ó � > q [ E � c K s
Él
�C9 K c ��q

[ �°s
Él
� ­9 W c � WXq [ �Xq [ W

s
Él

� ­9 W2­9 h c � W h q [ ��q [ W
q [ h s¯����� (4.32)

16And it will. Justyou wait.
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Thus,for eachcomponentof ó > q [ E , thenonlinearfunction � generatesalinear
combinationof all

ç É
possiblecross-productsof the

Í
binaryinputs(i.e.,pairs,

triplets, �����X� Í -tuples).Thecoefficient c of eachcross-productdependson the
weightmatrix Ën; which will beadaptedduringthe trainingsoasto activate
therelevantcross-products,i.e.,thosewhicharetypicalof thetrainingpatterns
andinsensitive to thenoise. At thesametime, Ë È is alsoadaptedin orderto
optimizetheclassificationson thebasisof thegeneratedcross-products.

In classificationmode,a test input will activatesomecross-productsand
the final decisionwill be basedon this total information. If the test input
containserrors,somecross-productswill beaffected.However, if thetraining
and testconditionsareconsistent,it canbe expectedthat the garbledcross-
productswill not berelevant. Consequently, a correctdecisionwill still occur
onthebasisof discriminant(patterncharacteristicandnoiseinsensitive) pairs,
triplets, ����� , Í -tuples.

Thefollowing two exampleswill illustratetheseproperties.

4.4.2 PhonemicStrings to Words

The first examplepresentedhere is the mappingof phonemesto words by
a 2-layeredperceptron:given the identity of all the phonemesthat are in a
word, without regardto time orderingor repetition,learnto predicttheword.
In this experiment,therewasno noiseon the training patterns(in the sense
of variability, sincea singlefixed phonemictranscriptionwasusedfor each
word). Theexperiment,then,only testedtheability of thesystemto generate
theproperfunction(in thesenseof therelevantcross-productsdescribedin the
previoussection)on which it couldbasethewordclassification.

Letting Y � be the numberof lexicon wordsand Y   � � be the numberof
phonemesdescribingthatlexicon,consideranMLP with Y¿�|�¯Y   � � inputunits
and Y � �²Y � outputunits. Thecomponentsof theinput patternq [ at time Y
arethendefinedas: q [ � �n� for all phonemes� in thephonetictranscriptionof
thewordpresentedat time Y and q [ �ÿ� � for all phonemes� thatarenot in the
transcription.Again,aninput that is on tells nothingaboutwherein theword
thephonemeoccurred,or whetheror not it wasrepeated.During training,the
associateddesiredoutputvector

Ío> q [ E is anindex vector àáW if q [ is known to
representthephonetictranscriptionof word

]
.

In this examplethe training of the modelparameterswasperformedby
minimizing the error criterion (4.13) on the correctphonetictranscriptions
only. Robustnessof theresultingsystemwasthentestedon garbledphonetic
transcriptions.

Theexperimentallexicon containedthe10 Germandigits ( Y � � � � ) de-
scribedby a baseof 20 phonemes( Y   � � � ç��

). With Y������ , theminimum
valueof � wasstill quitehigh, andit wasnot possibleto perfectlymap(i.e.,
memorize)the training input patternsto their correspondingoutputs. WithY������ , theerrorwasdecreasedto zeroandall thetrainingphonemicstrings
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wereperfectlyclassified.Thisseemsreasonablesincethenumberof available
parameters[

> Y � s´�
E�Y���s > Y��2s´�
E�Y � �n� � � ] is thenslightly largerthanthenum-
berof equationsto besatisfied( � � Ñ .�- Î Ô Î Ô /mío- Ñ�Ñ�Ó . Ô*Ø 6 � � è��®Ñ í �®Ñ0Ø � � �B� ).
However, whengarbled(but typical) phonemicstringswereused,thecorrect
classificationof theassociatedwordwasnotguaranteed.Formorehiddenunits
( Y����n� � ), theclassificationcapabilitiessignificantlyimprovedon garbledin-
puts. In this case,garbledphonemicsetsor subsetswhich weresufficient for
defininga lexicon word inducedthecorrectoutput. This canbeexplainedby
the fact that, with morehiddenunits, the systemwasable to “memorize” a
largernumberof linearcombinationsof discriminantcross-productsof thein-
put units. This illustratespart of the explanationgiven in Section4.4.1, i.e.,
theclassificationability for garbledpatternson thebasisof typical subsetsof
thetrainedones.Wealsonotethathadthisexperimentbeenextendedto much
largernetworks,this memorizationmayhave led to overtraining(overfitting),
a topic to bediscussedlater(see,for example,Chapter12).

4.4.3 AcousticVectorsto Words

In a secondsimplestudy, anMLP wasusedto recognizeisolatedwordsfrom
their acousticcontent(againdisregardingtime orderingandpossiblerepeti-
tions) andwastrainedon several pronunciationsof eachlexicon word. The
training patternsfor this problemcan be viewed as noisy versionsof utter-
ances,andthesystemmustdeterminethediscriminantcross-productsthatare
noiseinsensitive andtypicalof thepatterns.

Theacousticfrontendanalyzedthetimesignalandgenerateda16-dimensional
cepstral17 vector(acousticvector)for each10mstimeslot. Thesevectorswere
thenquantizedto theclosestof Y   prototypevectors.

Letting Y � representthenumberof lexicon words,theMLP usedY   �¯Y¿�
binary input units and Y � �÷Y K outputunits. As in theprevious section,the
componentsof theinputpatternq [ weredefinedas: q [ �|�n� for all prototypes� presentsomewherein theutterance(at leastonce),correspondingto an iso-
latedword. Similarly, weset q [ �ÿ� � for all prototypes� thatwerenotpresent
in theutterance.During training,thedesiredoutputvector

Ío> q [ E wasanindex
vector àáW when q [ is known to representanutteranceof word

]
.

Testswere performedon a databasecomprising4 pronunciationsof the
10 Germanisolateddigits. After trainingof theMLP on thefirst two pronun-
ciationsof theseisolateddigits with Y � ��� � , and Y��#�Æ� � , therewereno
classificationerrorson the40 utterancesof the isolateddigits (20 trainedand
20 untrained).

As notedearlier, in both experimentalexamplesthe repetitionsandtime
orderingof theprototypevectorsinsideeachwordareoverlooked.Thissimple
approachwould not work very well for a moredifficult speechclassification

17Thecepstrumis theFourierTransformof thelog spectrum.For somefront endsthecepstral
valuesareactuallyestimatedfrom a recursionstartingwith LPC coefficients.
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problem,but doesillustratethat the network canlearnsomedegreeof noise
insensitivity in thesenseof inputvariability dueto quantization.As suggested
in Section4.4.1,in a sensewhat is happeningis that thenetwork is learning
which cross-productsof the training patternsarehelpful for classificationin
thepresenceof thisquantizationerror.

4.5 MSE and Discriminant Distance

TheMSE functions� in (4.4),(4.9)and(4.13)canall berewritten as:�n� kl
W 9<;

l
Û Ü Ý�Þ ³

Í W > q [ E (4.33)

leadingto thedefinitionof a discriminantdistancebetweena vector q [ anda
classÄ<W@� ] �n�����������0� , asfollows:

Í W > q [ E_� ß ô > q [ Eäð#à3W ß È �
kl
h 9<;

> ô h > q [ E¬ð ��W h E È (4.34)

where ��W h is the usualKronecker deltafunction, which is only nonzero(and
equalto 1) when

] � i
.

Thesediscriminantdistancescouldbeusedaslocal contributionsin a dy-
namicprogrammingprocedurefor patternmatchingandspeechrecognition
[Bourlard& Wellekens,1986]. In thiscase,anunknown vector q [ is assigned
to class Ä<W if

Í W > q [ E"! Í � > q [ E , ¬o� ±� ]
. A principal advantageof this ap-

proachis that thediscriminantdistanceusesinformationfrom all theclasses
to classify q [ . By expandingthesquarein (4.34),we have:

Í W > q [ Em�
kl
h 9<; ô

Èh > q [ E¿s���ð ç ôBW > q [ E (4.35)

The discriminantdistance
Í W > q [ E is thusproportionalto ð~ôBW > q [ E within an

additive constantindependentof theclass
]

thatmaybedroppedduringclas-
sification.

Equation(4.33) can be easily comparedwith the Viterbi criterion (see
Chapter3)whichdeterminestheparametersof theemissionprobabilities̀

> q [ ? Ä¬W5E
associatedwith eachstateVXW (or classÄ<W ) suchthat:k8

W 9<;
8
Û Ü Ý�Þ ³

` > q [ ? Ä<WBE (4.36)

is maximized,or, equivalentlysuchthat:kl
W 9<;

l
ÛXÜ2Ý�Þ ³

ð ×Ðè /|` > q [ ? Ä<WBE (4.37)
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is minimized.
Minimizationof (4.37)in aViterbi trainingcouldthenbereplacedby min-

imizationof (4.33),in which theoptimizationof theparametersof a classÄ<W
(or anHMM stateVXW ) will dependonall theotherclasses.Duringrecognition,
the logarithmof probabilitiescould thenbe replacedby ð~ôBW > q [ E . Again, as
for standardHMM approaches,explicit discriminationis importantonly dur-
ing trainingandappearsonly asanadditive constantterm(

e kh 9<; ô h > q [ E sG� )
during recognition. Note that this term is not constantduring training! This
approachwasinitially presentedin [Bourlard& Wellekens,1986],andwill be
furtherdiscussedin Section5.5.3.

4.6 Summary

In this chaptersomefundamentalpropertiesof MLPs have beendiscussed.
MLPs areparticularly interestingfor ASR becauseof their discriminantca-
pabilities, and their ability to representsomeof the statisticalpropertiesof
datadistributionsin anautomaticmanner. Theextensionfrom simplepercep-
tronsto multiple layerspermitstheconstructionof complex decisionsurfaces,
which can facilitateclassificationfor difficult problemsin which we do not
know how to extractfeaturesthatarelinearly separable.Althoughmulti-layer
algorithmsexistedasearlyasthe1960’s, themorerecentgeneration’s useof
thedifferentiablesigmoidfunctionpermitsextensionsto morelayers,aswell
asproviding amathematicalframework thatis usefulin understandingwhatis
goingon.

MLPs arecapableof constructingcombinationsof featureswhich char-
acterizehigher-order momentsin the datadistributions. Although we have
only shown this for thespecialcaseof binaryinputs,(for which a particularly
straightforward representationis possible),it is alsotruefor themoregeneral
caseof continuousinputs.

In the next chapters,additionalpropertiesof thesenetworks will be dis-
cussed,includingtheoreticalrelationshipswith standardstatisticaltechniques.
Theserelationshipscanhelpusto understandhow to designANN-basedsub-
systemsand to interface them properly with other approaches(in our case,
HMMs) to improve theoverall system.
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Chapter 5

SPEECHRECOGNITION
USING ANNs

Betweentwoevils, I alwayspick theoneI nevertried
before.
– MaeWest–

5.1 Intr oduction

Givenall thedifficulties presentedin Chapter1, AutomaticSpeechRecogni-
tion (ASR) remainsa challengingproblemin patternrecognition. After half
a centuryof research,the performancecurrentlyachieved by stateof the art
systemsis not yet at the level of a maturetechnology. Over theyears,many
technologicalinnovationshave boostedthelevel of performancefor moreand
moredifficult tasks.Someof themostsignificantof theseinnovationsinclude:
(1) patternmatchingapproaches(e.g.,DTW), (2) statisticalpatternrecogni-
tion (e.g.,HMMs), (3) betteruseof a priori phonologicalknowledge,and(4)
integrationof syntacticconstraintsin ContinuousSpeechRecognition(CSR)
algorithms. However, despiteimpressive improvements,performanceon re-
alistic (i.e., fairly unconstrained)tasksarestill far too low for effective use.
It seemslikely thatnew technologicalbreakthroughswill be requiredfor the
major performanceimprovementthat will be required. Even if oneassumes
infinite computationalpower, an infinite storageandcorrespondingmemory
bandwidth,andan infinite amountof training data,it is still not certainthat
onecould solve the ASR problemin a satisfactoryway. It hasalsobecome
clearthattheuseof higherlevel knowledgeduringtherecognitionprocess(or
moregenerally, theefficient interactionbetweenmultiple knowledgesources)
is requiredto overcomethelimitationsof currentASR systems.

An early approachto ASR emphasizedthe useof symbolicArtificial In-
telligence(AI) techniquesto try to modelhumanreasoning.In this approach,

71
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rulesincorporatingformal logic wereusedto representhumanexpertiseabout
speech.Usingsuchanapproachcanenforcesomeconsistency betweenmulti-
ple knowledgesources.However, purelysymbolicapproachesareinsufficient
to handleprobabilisticor uncertaininformation;somerelationshipsaresimply
not well-describedby symbolicrules. Additionally, the techniquesfor learn-
ing rulesarequite weakin comparisonwith the simpleapproachesavailable
in statisticalor connectionistsystems.For thespecificcaseof expertsystems,
interviewing an expert abouthis dataanalysisdoesnot really determinethe
strategy employed,sincethetrueunderlyingstrategy maywell beunknown to
theexpert.

For thesereasons,speechrecognitionsystemsbasedpurelyonlistsof rules
have not madea significantimpacton thefield. However, this doesnot mean
that expert or domain-specificknowledgeis uselessfor speechrecognition.
On the contrary, even with techniquesthat arefar moredata-driven, suchas
thoseemphasizedin this book, thereare strongargumentsfor constraining
theparametersearchwith somedomain-specificknowledge.Therearenow a
numberof researcherswhoareattemptingto incorporatemany of theultimate
goalsof AI without therestrictionto formal symbolicsystems.

More recently, many groupshave attemptedto useArtificial NeuralNet-
works (ANNs), andMultilayer Perceptrons(MLPs) in particular, to perform
ASR.Althoughexamplesof suchresearchgobackat leastto Widrow’sexper-
imentsin theearly ’60s, the resurgenceof interestin ANN techniquesin the
1980shasbeenreflectedin an increasingamountof work in this application
area.The reasonsfor usingANNs for ASR arenumerous;althoughsomeof
themarefallaciousor notuniqueto ANNs (seeSection5.2),othersarepartic-
ularly attractive for ASR(andwill bediscussedin Section5.4).

As with many technologicalpursuits,this is a fast-moving field, so it is
difficult to describewithoutbeingoutof dateby thetimeof publication.Lipp-
mann[1989] givesa very goodreview of thestatusof speechrecognitionby
neuralnetworksat thattime. For agoodreview of neuralnetworksfor speech
processing,see[Morgan& Scofield,1991].However, bothworkswerewritten
beforetherecentsuccessesof thetechniquesdescribedin thisbook.

5.2 FallaciousReasonsfor UsingANNs

We begin this chapterby consideringa numberof popularfallaciesaboutthe
useof ANNs in patternrecognition. With the slatecleanof theseerrors,we
can then discusslegitimate reasonsto useANNs. We begin with the most
fundamentalandwidespreadfallacy:1

1We mustgive credit hereto the wonderfulbook by JohnHennessyandDave Patterson,
ComputerArchitecture A QuantitativeApproach [Hennessy& Patterson,1990],which gave us
theideafor this section.In thatwork, theauthorsincludeda sectionon “FallaciesandPitfalls”
at theendof eachchapter.
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Fallacy: Humansunderstandspeechthroughtheuseof biologicalneuralnet-
works; thereforeArtificial NeuralNetworks, which aremodelsof the
real thing, shouldbe able to recognizespeechbetterthanengineering
systemsthatarelessanalogousto biology.

Artificial neuralnetworks areextremelycrudemodelsof biology, and
in many commoncases(suchaserrorback-propagation),explicitly in-
cludeengineeringfeaturesthataregenerallybelievedto bebiologically
implausible. Even if the neuralmodelswereprecise,unlessoneknew
how to modelinteractionsfor largemasses,onewould beunsureof any
ability to mimic humancapabilities.Most fundamentally, however, en-
gineeringdesignshave differentconstraints(e.g.,planarconnectivity in
siliconcircuits)thanthoseimposedby biology, sothatthebestengineer-
ing systemcouldwell beonethatborelittle resemblanceto abiological
system.

In defenseof thespirit behindthisfallacy, wenotethatbiologycanoften
offer usefulinsightsfor thedesignof practicalengineeringsystems.

Fallacy: Neural systemsare inherentlyadaptive. Thereforean ANN will
learnandgeneralizeto new data,unlike classicalpatternclassification
systems.

Many new devoteesof neuralnetworks arenot awareof the long his-
tory of trainableclassifiers,includingstatisticalapproacheslike Hidden
Markov Models. Most suchsystemscan be adaptively trained,some
with greaterspeedthancommon“neural” approaches.

Fallacy: Classical pattern recognition systems require many
“hacks”,whichpurportto introduceapplication-specificknowledge,but
which in fact constrainsearchesin a suboptimal(and frequentlyarbi-
trary) manner. Neuralnetworksdo not requiresuchconstraints,andso
canobjectively searchto createthebestoverall system.

It is true thatadaptive systemssuchasANNs do provide a mechanism
for learningparameters.However, for sufficiently largeproblems,these
systemsalsomustbe constrained,andapplication-specificknowledge
can often be the bestway to constrainthem. Furthermore,any such
ANN systemwill have somearbitraryparametersaswell, suchasadap-
tation stepsize, momentum,numberof hiddenunits, rangeof initial
randomweights,etc.Thereis no freelunch;any recognitionsystembe-
ginswith assumptions,andif theseassumptionscomefrom pre-existing
knowledge,somuchthebetter.

A relatedandinterestingfallacy is thefollowing:

Fallacy: Traditionalpatternrecognitionsystemsrequiretheselectionof arbi-
traryplausiblefeaturesto beextractedfrom theoriginaldata.ANNs can
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do thisautomatically, eliminatingthissuboptimalstep.

Onceagain,it is true that optimal andautomaticdeterminationof pa-
rameters(features)is desirable.It is alsotruethatin somelimited cases
it appearsto bepossibleto automaticallyderive featuresfrom raw data,
given significantapplication-specificconstraints. This is the casefor
AT&T’ shandwrittenzip coderecognizer[Denker etal., 1989;le Cunet
al., 1989] in which a simpleconvolutional methodwasusedto extract
importantfeaturessuchaslines andedgesthat areusedfor classifica-
tion by an MLP. In early versionsof this system,thesefeatureswere
designedby hand. In a later version,though,[le Cunet al., 1990], the
AT&T groupfoundthatthey coulddoaswell with automaticallylearned
features.Nonetheless,even this systemincorporatedmuchknowledge
aboutthenatureof thetask.Particularlyfor speech,raw datafrequently
containsasignificantamountof informationthatis irrelevantto theclas-
sification task,andsomesimpleprocessingcanoften improve perfor-
mancesignificantly. For example,many speechwaveformscansound
quitesimilar while having entirelydifferentmorphology. Additionally,
speechwith very differentpower spectracanconvey thesamelinguis-
tic information.For instance,vowel spectrogramsfor adultmales,adult
femalesandchildrenshow majordifferencesfor soundsthatareclearly
identifiableasthesamevowel. Of course,whatcanbelearnedandwhat
mustbepre-determinedfrom speechknowledgeis in generalunknown,
but it is likely that intelligentselectionof at leastaplausiblesupersetof
featureswill continueto berequiredfor ANN-basedspeechrecognition
systems.

If thesecontentionsareindeedfallacies,what remainsasthepotentialof
speechsystemsincorporatingANNs?An additionalproblemis thatANN sys-
temsarethemselvespoorlydefined.Sincebiologicalanalogiesarestrainedfor
any ANN techniques,weadoptanoperationaldefinition:

An Artificial NeuralNetwork = A ConnectionistSystem.

This rids usof thebiologicalbaggage,but we still needa definitionof a Con-
nectionistSystem.

ConnectionistSystem= Systemin which information is representedand
processedin termsof theinputpatternandstrengthof connectionsbetween
unitsthatdo somesimpleprocessingon their input.

Associatedwith this simple definition is the collection of current tech-
niquesfor choosingandadjustingthe connectionstrengths.Given theseel-
ements,we can thenreasonablyclaim somepotentialadvantagesin usinga
connectionistapproach(at leastfor aspeechrecognitionsystem).



5.3. VALID REASONSFORUSINGANNS 75

5.3 Valid Reasonsfor UsingANNs

As wewill show in thefollowing chapters,aconnectionistsystemcancombine
multipleconstraintsandsourcesof evidenceusingasimplecriterion,but with-
outexplicit statisticalassumptions(e.g.,independenceof evidentialsourcesor
a particularparametricform of their distributions). Note that this doesnot
precludehybrid systemswith both connectionistandnon-connectionist sub-
systems.As shown in [Bourlard& Wellekens,1989a],ANNs canbeusedto
provide statisticalestimatesfor non-ANNsystems.

Although we have suggestedthat the eliminationof systemheuristicsis
a naive hope,it is nonethelessa reasonableaim to partially supplantthe ar-
bitrary or semi-informedselectionof key parameterswith adaptive learning
procedures.

Finally, MLPshave severaladvantagesthatmake themparticularlyattrac-
tive for ASR,e.g.:

¨ Like HMMs, they canlearn.

¨ They canprovidediscriminant-basedlearning;thatis,modelsaretrained
to minimize the error ratewhile maximizing the distancebetweenthe
correctmodelandits rivals.

¨ They cangenerate,in theory, any kind of nonlinearfunctionsof theinput
[Lippmann,1987;Cybenko, 1989;White,1988].

¨ Becausethey arecapableof incorporatingmultipleconstraintsandfind-
ing optimal combinationsof constraintsfor classification,featuresdo
not needto betreatedasindependent.More generally, thereis no need
for strongassumptionsaboutthestatisticaldistributionsof theinput fea-
tures(asis usuallyrequiredin standardHMMs).

¨ They have a very flexible architecturewhich caneasilyaccommodate
contextual inputsandfeedback.

¨ ANNs aretypically highly parallelandregularstructures,which makes
themespeciallyamenableto high-performancearchitecturesandhard-
wareimplementations.

However, connectionistformalismis not tailoredfor time sequentialinput
patterns(likespeech).While ANNs havealreadyprovedusefulin recognizing
isolatedspeechunits by usingsomeof the techniquesdescribedbelow, they
have only recentlybegun to make seriousinroadsinto large vocabulary ASR
systems.Indeed,nearlyall ANN systemsfor ASR arejust staticpatternclas-
sifiers– givenlabeledandsegmentedtrainingdata,networkscanbetrainedto
recognizeisolatedspeechsegments.However, themostgeneralform of ASR
shouldacceptcontinuousspeechasinput. Any suchASR system,whetherit
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usesANNs or not,mustperforma dynamicrecognitionprocess,in which the
input speechis segmented(perhapsimplicitly) aswell asbeingclassified,so
thattheoutputis asuccessionof wordswhichexplaintheacousticalinput. Fur-
thermore,linguisticconstraints(bothsyntacticandsemantic)areacomponent
of mostASR systems.Becauseof theseconsiderations,aswell asthe inher-
entdifficulty of robustASR,applyingANN methodsto ASR is a challenging
researcharea.

5.4 Neural Netsand Time Sequences

Thereareseveralproblemsrelatedtosequencelearningwith ANNs (see[Hertz,
Krogh& Palmer, 1991]for agooddiscussionof these):

1. Sequencerecognition: Classificationof an input string into a specific
outputclass– this is the typical problemof isolatedspeechunit recog-
nition.

2. Sequencecompletionandprediction(signalextrapolation): Given the
beginning of a sequence,the ANN shouldbe ableto completeit or to
predictthefutureevents(seeChapter13).

3. Temporalassociation:A particularoutputsequencemustbe produced
in responseto aspecificinputsequence– this,of course,includes(1) as
aspecialcase.

4. Sequencegeneration:Given an input code(called “plan” in [Jordan,
1989]),generateaspecificoutputsequence.

The generalformulationof the CSRproblem(with HMMs or ANNs) is
actuallythefollowing: how cananinput time sequencebeproperlyexplained
in termsof an output time sequencewhen the two sequencesare not syn-
chronous(sincetherearemultiple acousticvectorsassociatedwith eachpro-
nouncedword or phoneme)?Although this formulation is relatedto prob-
lem (3) mentionedabove, it is evenmoregeneralsincethetwo sequencesare
not synchronous.Also, ideally, theacousticvectorsshouldenterthenetwork
sequentiallyas they becomeavailable. However, connectionistformalismis
not very well suitedto solve sucha problem;mostprevious applicationsof
ANNs dependedon severesimplifying assumptions(e.g., small vocabulary,
known wordor phonemeboundaries).In this section,severalANNs thathave
beenusedto solve sub-tasksof theASR problemwill bereviewed. However,
noneof theseapproachesaddressesthe generalproblemof CSR, including
timealignmentandsegmentation(which is efficiently solvedby dynamictime
warpingof HMMs). Neuralnetworks that have beendesignedto implement
someaspectsof HMM functionalitywill bediscussedin Section5.5.
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5.4.1 Static Networks with Buffered Input

Thesimplestway to performsequencerecognitionis to turn thetemporalpat-
terninto aspatialpatternat theinputof anMLP. TheMLP canthenbetrained
usingthestandardError Back-Propagation(EBP)algorithm. In this case,the
entire input sequenceto be trainedor recognizedis storedin a buffer at the
input of theMLP [Landaueret al., 1987;Peeling& Moore,1988;Burr, 1986;
Burr, 1987;Gold et al., 1987]andthepossiblespeechunitsof thelexicon are
associatedwith the outputunits of the MLP. In this case,MLPs areusedto
classifyisolatedwords(primarily digits),phonemes,andvowelsusingpreseg-
mentedspeechtokenswhich are typically appliedat onceas a whole input
pattern(typically spectrograms).Several variantsof this approachhave been
studied,including: (1) the input buffer is large enoughto accommodatethe
largestpossibleinput pattern– in this case,theinput sequenceto beclassified
cansimply be locatedat themiddleof the input window or shiftedacrossall
possiblepositionsto tracktheoptimaloutput;(2) theinput patternsarescaled
to fit a predefinedfixed window width – either linear [Krause& Hackbarth,
1989] or nonlinearscalingcanbe used,wheredynamicprogrammingis re-
quiredfor thelattercase.

In somecases,MLPs were usedin conjunctionwith conventional time
alignmenttechniques(seeSections5.5.3and5.6). ThegenericMLP architec-
tureof thisapproachis givenin Figure5.1.

Output Layer

Hidden Layer

Input Layer

current vectorleft context right context

= 1 time frame delay

Figure5.1: MLP with tappeddelay lines. This can be usedto classifyiso-
latedspeech units (words or phonemes)if the input buffer is large enoughto
accommodatethe longest possiblesequence. This can also be usedto gen-
eratecontext-dependentframelabelingin conjunctionwith conventionaltime
alignmenttechniques.

A similarapproachusingcontinuous-timefilter delays(but nohiddenunits)
hasalsobeenpresentedin [Tank& Hopfield,1987;Unnikrishnanetal., 1988]
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in ananaloginputsignalapplicationwith aspecificprobabilisticinterpretation
on thesignalshapedegradationthroughthefilter delays.In this case,thepro-
cessingmay be viewed asa form of forward recurrence(asusedto estimate
full MLE in HMMs) [Bourlard& Wellekens,1989b].

Althoughstaticnetworksappeartoworkatleastaswell asHMMs for some
casesof isolatedsequencerecognition,thereareseveralknown drawbacksor
limitations:

¨ Theinputbuffer mustbelargeenoughto accommodatethelongestpos-
sible input sequence,which increasesthe numberof parametersand,
consequently, thenumberof requiredtrainingexamples.

¨ Whenused,linear scalingis too crude;nonlinearscalingis betterbut
requireseitherprototypesor trainedHMMs.

¨ Thenetwork is not automaticallyshift- anddistortion-invariant; to have
sucha property it is often necessaryto train it on a large numberof
utterancesfor eachoutputclass(words)andto shift themeverywhere
throughtheinput layer.

¨ Thisapproachdoesnotseemto beappropriateto therecognitionof con-
nectedspeechunitsor, in otherwords,to find thebestexplanationof an
input patternin termsof asequenceof outputclasses.

One interestingapplicationof this approachwas NETtalk, in which an
MLP wastrainedto pronounceEnglishtext [Sejnowski & Rosenberg, 1987].
The architectureof the network wassimilar to the onerepresentedin Figure
5.1 in which theinputof thenetwork constitutedsevenconsecutive characters
from somewritten text, while thedesiredoutputwasthephonemeassociated
with theletterat thecenterof theinput window. Althoughthefinal quality of
this systemwasmuch lower than is achieved in the bestrule-basedsystems
(suchasDECtalk),NETtalk wasinterestingfrom thestandpointof beingable
to essentiallylearnthenecessaryrulesautomaticallyfrom examples.This ap-
proachcanbeof morepracticalinterestfor problemsthatarenot understood
aswell, so that extensive rule setshave not beenformulated. For problems
in well-understooddomains,rule-basedsystemscansometimessignificantly
outperformunconstrainedneuralnetwork approaches.In practice,somecom-
binationof knowledge-basedand“ignorance-based”approaches[Gevins and
Morgan,1984]will beoptimal for any giventask,sincewe will have explicit
knowledgefor somepartsandvery little for others. Sincedeepunderstand-
ing is not yet available for phoneticclassification,a NETtalk-like approach
wastestedfor phonemiclabelingof acousticvectors,andwill bedescribedin
Section5.6.
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5.4.2 Recurrent Networks

Ideally, ANNs usedfor speechrecognitionshouldacceptinput vectorsse-
quentially. This requiressomekind of recurrentinternalstatethat would be
a functionof thecurrentinput andtheprevious internalstate[Bridle, 1990b]
(as is usuallydonewith the statespaceequationsin control theory [Jordan,
1989]).Variousrecurrentnetworksusingtime-stepdelayedrecurrentloopson
thehiddenand/oroutputunits of a feedforward network have beenproposed
andtried. For sequencesof small maximumlength p , we canturn thesere-
currentnetworks into equivalentfeedforward networks (by “unfolding” them
over thetimeperiod p ) thatcanbetrainedby aslightly modifiedform of EBP,
referredto asEBPthroughtime, in which:¨ All copiesof the“unfolded” weightsareconstrainedto beidenticaldur-

ing training. In practicethis is usuallyachieved by computingthecor-
rectiontermsseparatelyfor eachweightandusingtheir averagefor up-
dates.¨ The desiredoutputsare functionsof time, anderrorshave to be com-
puted(andback-propagated)for every copy of the output layer. This
requiresthe selectionof an appropriatetime-dependenttarget function
(which is currentlyadhoc– evenfor training isolatedunits, thereis no
principledmethodfor selectingthis target function,usuallychosenasa
linear rampingfunction [Watrous& Shastri,1987]). Anothersolution
is to definethetarget function(andto back-propagatetheerror)only at
certaintimes(i.e., on certaincopiesof theoutputunits)corresponding,
for instance,to theendof thewordsor phonemes.

This approach,alsoreferredto asunfolding of time, wasoriginally sug-
gestedin [Minsky & Papert,1969]andcombinedwith EBPin [Rumelhartet
al., 1986a],whereit wasshown that this workedwell for the taskof learning
to beashift registerandfor asequencecompletiontask.

An implementationof EBPthroughtime for speechrecognitionwaspro-
posedin [Watrous& Shastri,1987], wheresequentialprocessingwas per-
formed with the “temporal flow model,” and delayedselfloopswere added
to eachhiddenunit (a singlelayer of hiddenunits is considered)andto each
outputunit of anMLP. A trainingprocedurebasedon EBPthroughtime was
presentedin [Watrous& Shastri,1986].

Apart from thearbitrarychoiceof thetime-dependenttarget function,the
otherproblemof EBPthroughtimeis thelargecomputerresourcerequirement
(memoryandCPU) resultingfrom the duplicationof the units. For long se-
quences,or for sequencesof unknown length (which is the casein speech
recognition),this approachquickly becomesimpractical. In [Kuhn, 1987;
Kuhnet al., 1990],it wasshown thatit is possibleto avoid EBPthroughtime,
at theexpenseof a largeextra setof partialderivativeswhich mustbecarried
forward.
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Pineda[1987,1988],Almeida[1987,1988],andRohwer& Forrest[1987]
showedthat it waspossibleto generalizeEBPto arbitraryrecurrentnetworks
without duplicatingthe units. The approachworks in principle for networks
without time-stepdelayson the recurrentloops,as long as they converge to
stablestates. Seealso [Williams & Zipser, 1989a,b;Robinson& Fallside,
1988;andRohwer, 1990].Thesemorefully recurrentnetworkshave notbeen
usedvery muchfor speechrecognition.Most of the time, partially recurrent
networks with feedbackof thehiddenor outputunits to the input layerseem
to suffice andarelesscostlyto implement.

5.4.3 Partial Feedbackof Context Units

A popularapproachfor time sequenceclassification(andsometimesgenera-
tion [Jordan,1989])is to usefeedforwardnetworksthatarecomplementedby
a carefullychosensetof local feedbackconnections[Hertz,Krogh & Palmer,
1991]with onetime-stepdelay. Thesenetworks areusuallyimplementedby
extendingthe input field with additional“feedbackunits” containingthehid-
denor outputvaluesgeneratedby theprecedinginput. Thesefeedbackunits
will encodethepastinformationthatis requiredto generatethecorrectoutput
(both for classificationandsequencegeneration)given the currentinput. In
theory, the currentstateof the whole network will nonlinearlydependon a
combinationof the previous stateactivation andof the currentinput. In this
case,a simplerform of EBP throughtime mustbe usedto train the weights
of thefeedbackunits,althoughthestandardEBPalgorithmis alsosometimes
used(restrictingthe dependency of the network to the previous time frame
only).

Output Layer

Hidden Layer

Input Layer

current vectorleft context right contextfeedback units

= 1 time frame delay

Figure5.2: MLP with contextual inputsandhiddenvectorfeedback.

Figures5.2 and5.3 show the two most commonarchitecturesthat have
beenused. Elman[1988] suggestedthe architectureshown in Figure5.2 in
which the hiddenunit valuesfrom the previous time steparefed backto the
input field. Theresultingsystemis thena moregeneralimplementationof the
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temporalflow network (without recurrency on the output layer). Indeed,in
this case,on top of having self-loopson thehiddenunits,therearealsorecur-
rent connectionsbetweenthe differenthiddenunits. This network wasused
successfullyto classifyshortspeechsequenceslike phonemesin [Robinson&
Fallside,1990]. In thiswork, thenetwork wasusedto classifyphonemesfrom
input sequencesof 10 msecacousticvectors;theEBPthroughtime algorithm
(goingup to 20 framesbackinto thepast)wasusedto train therecurrentcon-
nections.In [Robinson& Fallside,1990;Robinson& Fallside,1991], it was
shown that this approachwasableto improve over state-of-the-artphoneme
recognizers.Recently, this work wasextendedto integratethis network in an
HMM/ANN hybridsimilar in spirit to theapproachthatwill beusedin Chap-
ters6-8. This type of recurrentnetwork hasalsobeenshown to be able to
produceshortcontinuationsof known sequences[Elman, 1988]. In [Cleere-
manset al., 1989] it wasshown that the architecturewasalsoappropriateto
modelfinite stateautomata.

Output Layer

Hidden Layer

Input Layer

current vectorleft context right contextfeedback units

= 1 time frame delay

Figure5.3: MLP with contextual inputsandoutputvectorfeedback.

Anotherrecurrentmodel,shown in Figure5.3,wasalsoproposedin [Jor-
dan,1986,1989]. In this case,onetime-stepdelayedoutputvalueswerefed
backto theinputfield. Thisapproachwasinitially usedasaproductionmodel,
with a fixedinput referredto asa “plan” in [Jordan,1986]. Thenetwork was
trainedto generatespecificsetsof outputsequences,eachof thembeingasso-
ciatedwith a specificinput pattern.This architecturecanalsobeusedfor the
classificationof sequentialinputs[Bourlard & Wellekens,1990]; its relation
to HMMs will bediscussedin Chapter6. Again, the trainingof this network
canbedonewith standardEBPif thememoryof thesystemis limited to the
previoustime frame.Otherwise,a simplifiedversionof theEBPthroughtime
algorithmcanbeusedto take severalprevioustime framesinto account.

All of thesenetworksareclearlyrecurrentandcanbeinterpretedin terms
of control-theoreticstatespaceequations[Robinson& Fallside,1987]. Letq [ , ô [ and # [ betheinput vector, theoutputvector, andthefeedbackor state
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vector, respectively, at time Y . In this casewe identify statevector # [ with
eithertheprevioushiddenvectoror outputvector. Giventhesedefinitions,the
mostgeneralformulationof thestatespaceequationsare:

ô [ �øô > # [ ��q [ E# [�v ;(�$# > # [ ��q [ E
As notedearlier, an MLP can, in theory, approximateany kind of nonlin-
ear input-outputmappings[Lippmann,1987; Cybenko, 1988;White, 1988].
Therefore,separateMLPs could be usedto generatefunctions ô >&% E and # >&% E .
However, in therecurrentMLPs presentedabove, thereis just oneMLP com-
puting function ô >&% E . It is further assumedthat function # >&% E is given by the
samenetwork, andcorrespondseitherto thefunctioncomputedon thehidden
unitsorontheoutputunits(whichis alsoafunctionof thehiddenvector).Sim-
ilar assumptionsarecommonin linearcontroltheory, wherethestatevectoris
definedas[Jordan,1989]: # [�v ;(�é{'# [ sñô [
where{ is restrictedto ascalarvalue.Consequently:# [Bv ;b� [l( 9<; { ( ô [@� (
and,in this case,it is known that

� !ò{)�w� is a sufficient stability condition.
As shown in [Jordan,1986], this behavior canbe modeledby addingextra
input units to the MLP, calledstatenodes,receiving input from themselves
andthe outputnodes.For linear units, thesenetworks have a rationalinput-
output transferfunction and, in view of the analogywith digital filters, they
maybecalled“Infinite ImpulseResponse(IIR) DynamicNets” [Robinson&
Fallside,1988].

Usually, no contextual informationis explicitly usedat the input of these
networks,but it is clearthatthesearchitecturescouldeasilyaccommodatecon-
textual inputsasrepresentedin Figures5.2and5.3. Thecapabilitiesof recur-
rent networks areatill not completelyunderstood.However, it is likely that
sucharchitectureswill beusefulfor speechrecognition,sincethey canpoten-
tially classifysequentialinputsby incorporatingboth the recentpastof both
network stateandobservations(featurevectors).See[Poritz,1988]for related
commentsaboutpreferredformsfor HMMs to beusedfor speechrecognition.

5.4.4 Approximating Recurrent Networks by MLPs

A solutionthat is intermediatebetweenthespatialinput modelandrecurrent
modelshasbeenproposedin [Makino etal.,1983;Waibeletal., 1988]. In this
approach,recurrentnetworks areapproximatedover a finite time period(say
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ã timeslots)by a feedforwardnetwork in which theloopsarereplacedby the
explicit useof severalprecedingactivationvalues.As for staticnetworks,this
kind of network, usuallyreferredto asTime DelayNeuralNetwork (TDNN)
[Waibel et al., 1988; Waibel et al., 1989; Lang et al., 1990], canbe trained
to recognizea sequenceof predefinedlength(definedby thewidth of the in-
put window) usingstandardEBP. In this case,the activationsin a layer are
computedfrom thecurrentandmultipledelayedvaluesof theprecedinglayer,
andthe outputunits areactivatedonly whena completespeechsegmenthas
beenprocessed.Thecorrespondingarchitecture(in thecaseof only onehid-
denlayer)is shown in Figure5.4.Thisapproachhasbeensuccessfullyusedto
classifypre-segmentedphonemesin [Waibeletal., 1988]andled to verygood
results. TDNNs have also beenusedfor a variety of non-speechproblems,
suchastherecognitionof zip codes[le Cunet al., 1990].

Output Layer

Input Layer

hnhn-1hn-2hn-3 hn = hidden vector at time n

xn = acoustic vector at time n
xn-2 xn-1 xn

= 1 time frame delay

Figure5.4: TimeDelayNeural Network(TDNN).

By analogywith filter theory, this kind of network maybereferredto asa
“Finite ImpulseResponse(FIR) DynamicNet”. In thelinearcase,IIR andFIR
dynamicnetsmay be comparedto IIR andFIR filters. The systemresponse
(z-transformof theunit sampleresponse)of anIIR filter (Figure5.2 and5.3)
is of theform ���ð �+* � ;-, �l � 9 K � � * � �where� is relatedto theloop weightmatrix,andcanbeapproximatedover ã
timeslotsby theresponseof anFIR filter (Figure5.4).l

� 9 K � � * � �
wherethe � � ’s do nothave to beequalto thesuccessive powersof � in theIIR
expansion.This is the samefor a TDNN, wheretwo possibilitieshave been
considered:(1) tied valuesfor the weightsoriginating from the successive
time-delayedcopiesof a samelayer, in which caseit is exactly equivalentto
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afinite time approximationof thefeedbackconnections(of partially recurrent
neuralnetworks),and(2) thevaluesof theweightsoriginatingfrom thetime-
delayedversionsof thesameunitsarenot tied,which resultsin a systemwith
moreparameters,which is no longerequivalent to finite-time approximation
of a recurrentnetwork.

Although the TDNN by itself is not well suitedto continuousspeechor
longword recognition,it canbeusedin astandardapproachto betterdiscrim-
inateproblematic(short)wordslike functionalwords.2 Thesenetworkshave
beenproved to performwell on differentphonemesetsaswell ason a larger
setlike 100CV syllablesin Japanese[Sawai, 1989].

5.4.5 Discussion

All of thesemodelshave beenshown to yield goodperformance(sometimes
betterthanHMMs) on short, isolatedspeechunits. By their recurrency and
their implicit or explicit temporalmemory, they canperformsomekind of in-
tegrationover time. However, neuralnetworks by themselveshave not been
shown to beeffective for largescalerecognitionof continuousspeech.Thereis
at leastonefundamentaldifficulty with supervisedtrainingof a connectionist
network for continuousspeechrecognition:a target functionmustbedefined,
eventhoughthetrainingis donefor connectedspeechunitswherethesegmen-
tation is generallyunknown. As notedearlier, this is particularlya problem
for recurrentnetworks. Target definition is not a problemfor HMM-based
training,which only requiresthesequenceof speechunitsandnot their tem-
poralsegmentations.For recognition,HMMs notonly tacklethevariability of
speechpronunciation,but arealsoefficient tools for connectedspeechrecog-
nition andsegmentation.Thispropertyseemsto bedifficult to achieve usinga
connectionistarchitectureby itself.3

5.5 ANN Models of HMMs

Motivatedby the successof HMM algorithmsfor speechrecognitionprob-
lems,several neuralnetwork implementationsof HMMs have beenstudied.
Thesearedifferentimplementationsof thesameformalisms,andcanhelp in
understandingHMMs andANNs, bothin termsof their relationshipsandlim-
itations.

In this section,threeANN paradigmsarediscussedwhich arecloselyre-
latedto theHMM formalism:a neuralnetwork implementationof theViterbi
algorithm(Section5.5.1),a neuralnetwork implementationof the full MLE

2Both feedforwardandrecurrentnetworkscanbeusedaspartof a continuousspeechrec-
ognizer– in fact,this is themainpoint of thisbook.Moreon this later.

3We notethatsomesuccessfulwork hasrecentlybeendoneon explicit segmentationprior
to classification,with both tasksbeingperformedby MLPs [Fanty& Cole,1991;Coleet al.,
1991].
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criterion (Section5.5.2), anda first attemptto combineANNs with HMMs
(Section5.5.3).

5.5.1 The Viterbi Network

TheViterbi Network [Lippmann& Gold,1987;Lippmann,1989]emulatesthe
functionof theViterbi algorithm.In thiscase,eachHMM is associatedwith a
neuralnetwork in which eachoutputunit correspondsto a HMM state.In the
caseof GaussianHMMs, thefirst hiddenlayer computesthesetof Gaussian
outputs(implementedusingthe perceptronstructure– seeSection4.2.3) for
the input vectorsthat arepresentedsequentiallyto the network. Eachoutput
nodeis alsocomplementedby time-delayedconnectionsbetweenthedifferent
output units to representthe topology of the underlyingHMM followed by
a comparatorsub-network to computethe minimum of the activation values
of outputnodesat the previous time step;for this network theseoutputsare
roughly equivalent to the negative logarithm of output probabilitiesfor the
original HMM.

This formulationis aneuralnetwork implementationof theDynamicTime
Warping(DTW) algorithm(seeSection3.3.5)thatfindsthebestpaththrough
anHMM givena sequenceof input vectors[i.e., ANN implementationof re-
currence(3.24)]. This systemdoesnot implementthe basicdatamovement
requiredin a practicalimplementationof theViterbi algorithm,which canbe
dominatedby pointerbookkeeping.Also, it doesnotovercomethelimitations
of standardHMMs. However, it doesshow that a fundamentalHMM algo-
rithm canbemappedto aconnectionistframework.

5.5.2 The Alpha-Net

In [Bridle, 1990b;Kehagias,1989; Niles & Silverman,1990], a form of re-
currentneuralnetwork wasintroducedto emulatethe formulationof HMMs
usingtheMLE criterion (i.e., asopposedto theViterbi, which only finds the
bestpaththroughthe HMM). In this case,the units in the recurrentloop are
linear andtheacousticvectorsenterthe loop via a multiplication to simulate
theoperationof astandardHMM stateusingthefull likelihoodcriterion.This
simulatesthe forward recurrences(3.14), and explains why thesenetworks
werereferredto asAlpha-Netsin [Bridle, 1990b]. It wasalsoshown that the
Alpha-Nettrainingcouldbedoneby a kind of EBPthroughtime thathadthe
sameform astheForward-Backwardalgorithmfor MLE trainingof HMMs (as
briefly recalledin Section3.4.1;rememberthat this algorithmcanbeviewed
asa gradienttechnique[Levinsonet al., 1983]).

Beyond this equivalencebetweenHMMs and Alpha-Nets,someof the
HMM constraintscanbe relaxed. For example,theconstraintthatprobabili-
tiessumto oneandarepositive couldbedroppedin theneuralnetwork imple-
mentation.However, in this case,theprobabilisticinterpretationof themodel
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parameterswill besacrificed.Moreover, while this approachcanalsobegen-
eralizedto othercriteria(suchasMMI, LMS, andrelative entropy), theactual
differencesandpotentialadvantagesversusstandardHMM approachesarenot
clear, andit remainsto beseenif thisapproachcanimproveperformanceover
conventionalalgorithms.Ultimately, theAlpha-Netalsosuffersfrom thesame
limitationsasHMMs usingtheMLE criterion(e.g.,thedifficulty to recognize
continuousspeech).However, aswith the Viterbi Net, this work shows that
whathasbeenthoughtof asanentirelynon-connectionist algorithmin facthas
a reasonableconnectionistformulation.

5.5.3 Combining ANNs and Dynamic Time Warping

In this chapter, we have discussedseveralANN paradigmsthatcanhandle(to
someextent)thesequentialaspectof thespeechsignal.However, trainingand
recognitionof continuousspeechdoesnot seempossiblesolely by training
connectionistnetworks with supervisedlearningalgorithms. In particular, a
target functionhasto bedefined,which is difficult if trainingis carriedout on
connectedspeechunitswherethesegmentationis generallynot known. Even
for trainingisolatedunits,thereis noprincipledmethodfor selectingthetarget
function.

In standardrecognitionalgorithms(basedonHMMs or not), thoughDTW
is usedto tacklethevariability of speechpronunciation,it is alsoanefficient
tool for connectedspeechrecognitionandsegmentation.This latter property
seemsto bedifficult to achieve with neuralnetworksby themselves.Evenas-
sumingaperfectdynamicsystemtakingtheentirepastinto account,theANN
outputvalueswould still representthe scoresfor states(or outputclasses)at
thecurrenttime andwould not give any ideaabouttheunderlyingsegmenta-
tion (astheoutputvaluesalonedonotcarrytheinformationneededto recover
thebestinterpretation).

However, all is not lost.4 Recallthatmany of thenetworkspresentedin this
chapterwereformulatedusingvariationsof theEBPalgorithm,mostlyusing
a LMS criterion. It canbeshown that, in this case,it is theoreticallypossible
to combinetheseANNs with aDTW procedureto performembeddedtraining
or continuousspeechrecognition.

Let � denotethenumberof outputclassesof a particularneuralnetwork.
Sincethefinal goalis to classifyspeechpatterns,thedesiredoutputvectordur-
ing training is a � -dimensionalindex vectordenotedà3W . As alreadyshown
in Section4.5,whethertheinputvectorsarerealor binary, LMS criteria(4.4),
(4.9)and(4.13)canberewrittenunderthegeneralform:�w� rl[ 9<;

ß ô > q [ Eäð(à > q [ E ß È (5.1)

4It betternotbe.Therearea lot morepagesleft to thisbook.
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where p representsthe total numberof training input patternsq [ � > Y ����������
�0pbE , ô > q [ E is a general(linearor nonlinear)functionof the Y -th input
pattern q [ and à > q [ E is the index vectorassociatedwith the classto which
it is supposedto belong. In Section4.5, we have shown that this led to the
definitionof discriminantdistances

Í W > q [ E_� ß ô > q [ Eäð(àáW ß È �
kl
h 9<; ô

Èh > q [ E¿sg��ð ç ôBW > q [ E (5.2)

As alreadyshown in Section4.5, the two first termsof (5.2) areindependent
of theclassVXW andthedistance

Í W > q [ E betweenaninputpatternq [ andaclassVXW canbereplacedby ð~ôBW > q [ E , i.e., theactivationvalueof the
]
-th outputunit

of thenetwork.
However, minimizationof (5.1)to determinetheparametersof thediscrim-

inant functionsrequiressupervisedtraining. Sincemanualsegmentationand
labelingof speechdatabasesis a tediousandexpensive task,this is generally
not applicable. Thereforesomeunsupervisedlearningprocedureshouldbe
devised. A solutionto this problemis to embedtheLMS criteriondescribed
above in an iterative procedurealternatively combininga DTW anda MSE
minimization[Bourlard & Wellekens,1986]. In this case,asfor the training
of HMM, we do not requireany framelabelingbut only the classsequence
associatedwith eachtrainingsentence(i.e.,we do not needa segmentationof
the trainingmaterial).Startingfrom a roughsegmentation(e.g.,a linearseg-
mentation)of the trainingmaterial,a partition into classesresults,andcanbe
usedto providethenetwork, (or thelineardiscriminantfunctions)with atarget
function.Minimizationof theMSE(e.g.,usingEBP)yieldsasetof parametersË ¸ K À correspondingto ascorefunctionvalue �w�P� ¸ K À .

This setof parameterscan thenbe usedto generate“discriminative dis-
tances”(5.2), or equivalently ð~ôBW > q [ E , which canbe usedaslocal distances
in a classicalDTW procedureto find a new segmentationof thetrainingsen-
tences(by mappingthe vector string of eachtraining sentenceon its corre-
spondingphonemictranscription).In otherwords,a training utterance� ��Xq|;X��q È �������X��q r

� will besegmentedin î consecutiveclassesV h � >ji �w�����������0î~E ,
associatedwith its phonemictranscription.Sinceweassumeto know theclass
sequenceassociatedwith eachacousticvectorstringandsinceweassumethat
eachpossiblepartition mustpreserve the productionorder, the DTW recur-
renceis thefollowing:

ã h > � [; Em� Í h > q [ E|sH1 Î Ô0/ ã h > � [�� ;; Eã h � ; > � [�� ;; E (5.3)1 i � ���������
�0î�� 1 YÅ� ���������
�0p , where ã h > � [; E representsthe minimum
matchingdistancebetweenthe first Y acousticvectorsof � and the first

i
classes(phonemes).The backtrackingof the optimal pathprovides the new
vectorpartition. Note thesimilarity to theViterbi recurrencegiven in (3.24),
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with sumsof distancesreplacingproductsof probabilities(alsothereareno
transitionprobabilitiesin theDTW case).

It caneasilybeshown [Bourlard& Wellekens,1986]thattheglobalscoreã f > � r; E (or theaccumulationof theseglobalscoresfor all theutterancesin
thetrainingset)canbeexpressedexactly as � in (5.1) but for thenew vector
partition: this allows successive comparisonsbetweenthe DTW scoresand
MSE. The new score,denoted� ¸ ; À , is obviously smallerthan (or equalto)� ¸ K À as it correspondsto the bestpath, i.e., a bettervector partition. With
thisnew vectorpartition,anew setof weightsË ¸ ; À canbecomputedvia MSE
minimizationresulting,for thepath,in ascore� ¸ È À smallerthan � ¸ ; À . Succes-
sive DTW andMSE minimizationwill respectively generateimprovedvector
partitions,betterparametersË , and a sequenceof continuouslydecreasing
scores� , whichguaranteestheconvergenceof this iterative process[Bourlard
& Wellekens,1986].Whenthesegmentationpointsarestabilized,theprocess
is stoppedandyields optimal parametervaluesandoptimal segmentationof
thetrainingdataset.

Convergenceof this process(of course,alwaysto a local minimum!) was
proved in [Bourlard & Wellekens, 1986] for linear discriminantfunctions.
However, sincethis proof did not rely on any particularform of thediscrimi-
nantfunctions,it remainsvalid for ANNs. As aconsequence,it is thuspossible
to embedthedeterminationof neuralnetwork parametersin aDTW processto
iteratively improve thesegmentationpoints.

Thisiterativetrainingwastestedwith lineardiscriminantfunctions[Bourlard
& Wellekens,1986]andMLPs [Bourlard& Wellekens,1987]but never led to
goodresults(in this form), althoughthephonemiclabelingat theframelevel
obtainedfrom handsegmentedtrainingdatawassignificantlybetter(seeSec-
tion 5.6). This training,consistingof iteratingtheoptimizationof thenetwork
parametersandthesegmentationby DTW, did indeedconverge, aspredicted
by theory. However, the parametersof the linear discriminantfunctionsor
MLP appearedto minimize the sum-squarederror measureby clusteringall
of the utterancesin theclassthatoccurredmostfrequentlyin the initial seg-
mentation(usually the silencemodel). Similar resultswerealsoreportedin
[SPRINT, 1990]. The reasonsfor theseproblemswill becomeclearerin the
next chapter.

5.5.4 ANNs for Nonlinear Transformations

It is importantto mentionherethat preliminaryresearchhasalsobeendone
with other forms of hybrid HMM/ANN approachesin which the outputsof
a (recurrent)ANN constitutean observation sequencefor theHMMs [Bridle
& Dodd, 1991; Bengioet al., 1992]. As opposedto the approachpresented
in Section5.5.3(wheretheANN is usedto generatelocally discriminantdis-
tancesfor usein DTW), theANN is now usedto optimizetheoutputparam-
etersvia some(linearor nonlinear)transformation.This allows a globalopti-
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mizationof theinput transformation(i.e.,theparametersof theANN) together
with aglobaltrainingof theHMMs accordingto anMLE or anMMI criterion.

5.5.5 ANNs for Preprocessing

ANNs have also beenusedto perform particularkinds of clusteringof the
acousticvectorsfor usein (standard)discreteHMM systems.Thebestknown
exampleof thisapproachis thephonotopicor self-organizedfeaturemap,pro-
posedby Kohonen[Kohonen,1988a;Kohonen,1988b].In this approach,ref-
erencefeaturevectorsareusedto partitiona two-dimensionalspace(referred
to asa self-organizedor topologicalmap)that then-dimensionalfeaturevec-
torsaremappedto while preservingthetopologyof theinitial space.

A numberof researchershavealsoexperimentedwith arelatedmethodthat
directly incorporatessupervisoryinformationin theformationof thereference
vectors.TheseapproachesaregenerallycalledLearningVectorQuantization
(LVQ), andtherearea numberof variants,mostnotablyLVQ2 [McDermott
& Katagiri, 1989; McDermott& Katagiri, 1991]. At leastfor small speech
classificationtaskssuchasphonemerecognition,theseapproachesappearto
becompetitive with backpropagation.

5.6 Discrimination with Contextual MLPs

As briefly presentedin Section5.4.1,NETtalk [Sejnowski & Rosenberg, 1986,
1987]wasanMLP thatwastrainedto convert graphemesto phonemes.It is
shown in this sectionthat the samenetwork architectureand learningalgo-
rithm canbe usefulfor phonemiclabeling. Moreover, thecontextual aspects
whichareknown to playanimportantrole in speechrecognition[Furui, 1986;
Wellekens,1987]andwhicharenoteasilyimplementedasHMMs will beex-
plicitly takeninto account.Moreprecisely, a2-layerednetwork (i.e.,with one
hiddenlayer)will betrainedfor themappingof acousticvectorsto phonemes.

Let V
W , with
] �x���������
�0� , be the output units of the MLP associated

with differentclasses(phonemicclassesin ourcase).To make theMLP train-
ing simpler and faster, we decidedto usediscretefeatures.5 In this case,
eachacousticvector q [ of an utterance�å� �Xq ;X�������X��q [ �������X��q r

� is quan-
tized and replacedby the closestprototypevector (seeSection3.3.3) from2 � �X�¦;X�������X��� � � , the setof prototypevectors(I beingthe total numberof
prototypevectors). Sequence� is thus replacedby a prototypevector se-
quence3é� �X� �54 �������
��� � Ü ����������� �76 � , where � [ "ü� ���0�B� representsthe label
of theclosestprototypevectorassociatedwith q [ . Typically, eachprototype
vector � � Ü of 3 will berepresentedat theinputof theMLP asa I-dimensional
binaryvectorwith all zerocomponentsbut the � [ -th oneequalto one,which

5Laterexperiments,usingfasttraininghardwaredevelopedat ICSI, usedcontinuousinput
features;seeChapter11 for a descriptionof this systemdevelopment.
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will be referredto as the index vectorof q [ andwill be denoted8 � Ü in the
following. If no contextual informationis used,the input patternof theMLP
at time Y is simply 8 � Ü . In the caseof the NETtalk architecture,contextual
informationis used,andtheinputof theMLP is thenbuilt upby concatenating
the prototypevectorsbelongingto a given contextual window centeredon a
current �B� Ü , asrepresentedon Figure5.1. Thus,if

ç:9 sæ� is thewidth of the
inputwindow (

9
framesof left context, thecurrentframe,and

9
framesof right

context), theMLP input at time Y will be �;8 � Ü=<?> �������X�@8 � Ü �������A8 � ÜCBD> � .
Acoustic contextual information was alreadyusedin the ERIS system

[Marcus, 1981,1985] wherethe classificationof vector-pairs was basedon
discriminantprinciples(responsible“demons”for therecognitionof onepar-
ticular classandthe rejectionof all otherstimuli as“non-words”). However,
for largercontexts, thisbecomesimpracticalasthenumberof possiblecombi-
nationsgrowsexponentially, needinganexcessiveamountof trainingdataand
an excessive storagecapacity. In this case,a NETtalk-like MLP becomesan
interestingalternative. Figure5.1showstheschematicarrangementof thissys-
tem,characterizedby two layersof perceptrons(onelayerof Y�� hiddenunits
andonelayerof Y � �n� outputunits)computingtheclassificationof the in-
put field. Theinput field is constitutedby severalgroupsof units,eachgroup
representinga prototypevector. Thus,if

ç:9 sG� is thewidth of thecontextual
window, thereare Y � � > ç:9 sF�
E£� inputunitsandthenumberof possibleinput
patternsis equalto � È@E�v ; , which makesit impossibleto estimatethediscrete
emissionprobabilitiesby asimplecountingaswasdonein [Marcus,1981]for
vector-pairs.

During training,thedesiredoutputof thenetwork is anindex vector àáW if
thecurrentinput 8 � Ü is associatedwith phonemicclassV
W . After quantization
of the training utterances(replacementof eachacousticvectorby its nearest
prototype),eachquantizedacousticvectoris presentedwithin its context asa
trainingpatternandtheerrorbetweenthegeneratedoutputandtheassociated
desiredoutput is back-propagatedfor adjustingthe weights. The prototype
vectorsaresteppedthroughthecontextual window time slot by time slot and,
at eachstep,theMLP parametersareadjustedby theclassical(on-line)EBP
algorithm.

This algorithm was used for training 26 pseudo-phonemesof a
speaker-dependent Germandatabasecontainingfourpronunciationsof thedig-
its and100 pronunciationsof 7-digit stringsspoken continuously. The MLP
architecturewascharacterizedby

ç:9 sA�L�n�B� (fiveacousticvectorsfor theleft
andright contexts), �´�F� � (i.e.,60prototypevectors),Y � � > ç:9 sñ�
E£�3�F�D� � ,Y����HG � and Y � �¤� � ç � . The training wasperformedon the first two
pronunciationsof eachisolateddigits. The a priori segmentationusedfor
the training wasobtainedby the methoddescribedin [Aubert, 1987]. Start-
ing from a speechsignalsampledat 8kHz, the acousticanalysiscomputeda
16-dimensionalcepstralvectorfrom a sliding window of 30 msshiftedevery
10ms.
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Figure 5.5: Time signal and phonemicoutput activationsof the contextual
MLP ona particular testword. Phoneticsegmentationis givenfor information
but is notusedduring labeling.

Figure 5.5 shows the time signal and the 26 output levelsôBW > 8 � Ü;<�I �������X�@8 � Ü ���������@8 � ÜCB�I E (correspondingto the 26 pseudo-phonemes)of
thetrainednetwork for eachtime frame Y of a third pronunciationof theword
“eins” [AI-j-N-S], which hasnot beenseenby thesystemduringthetraining.
Label“si” standsfor the“silencephoneme”.Theresultof theautomaticseg-
mentationis alsoshown. It canclearlybeobserved(Figure5.5)thatthecorrect
phonemeswerestronglydiscriminated.

Thenext stepwasto usetheseoutputvaluesin aDTW process[Bourlardet
al., 1985] to performword recognition.As shown in Section5.5.3,theoutput
valuesð~ô�W >&% E of theMLP canthenbeusedin aone-passDTW algorithm[Ney,
1984;Bourlardet al., 1985] to performthe recognitionat the word level. In
this test,wordmodelswerebuilt from theconcatenationof phonemicmodels.
Forty utterancesof isolateddigits,amongwhich20have beenusedastraining
set, were recognizedwithout any errors(recognitionscore= 100 %). In a
secondtest,50stringsof 7 connecteddigits(withoutany pausebetweendigits)
wererecognizedwith 3 insertions,22 substitutionsand1 deletion,i.e.,with a
scoreof 92.5%. To comparetheseresultswith thoseobtainedwith standard
HMMs, equivalent1-statephonemicHMMs wereusedin thesameconditions:
discreteprobabilitydensityfunctionsfor theemissionsbasedon thesame60
prototypevectorsaredeterminedfrom theautomaticallysegmented20isolated
digits andno phonemicdurationmodelingis incorporated.Theresultson the
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Figure5.6: Time signaland phonemicGaussianemissionprobabilitiesfor a
particular testword. Phoneticsegmentationgivenfor information.

40 isolatedwordswere: 6 insertions,2 substitutionsandno deletions,i.e a
scoreof 80 % while thescoredropsto 70 % for the50 connecteddigit strings
(32 insertions,69 substitutionsand2 deletions).Thus,a strongimprovement
wasobserved whencontextual MLPs areused.This canbeexplainedby the
fact that during the training phasemoreinformation is storedby the model;
more precisely, the acousticcontextual information is usedand, as already
mentionedin Section4.4.1,cross-productsof theinputsarememorizedon the
hiddenunits.

Another test was madeusing the same1-statephonemicHMMs on the
sametestandtraining databut with continuousGaussianprobability density
functions.This testled to betterresultsthanfor thediscreteHMMs: no errors
occuron theisolatedwordsandno insertions,31 substitutionsand2 deletions
areobserved on the digit strings. This scoreof 90 % correct(33 errors)was
still notasgoodasthescorefor theMLP.

The recognitionresultsare summarizedin Table 5.1, whereI, S and D
standfor thenumberof insertions,substitutionsanddeletions.6

In all cases,theweakscoresof HMM aredueto theextremesimplicity of
themodelsandthe low amountof trainingmaterial.Of course,betterrecog-
nition resultscanbeobtainedwith moresophisticatedHMMs (severalclasses

6Thesepreliminarytestshavebeenperformedaround1987andwereusingextremelycrude
HMM models.They arecertainlyno longerup-to-datetodaybut hadtheadvantagesto shown
thepotential(but still unclear)benefitof usingMLPs for speechrecognition.
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Figure 5.7: Time signal and output valuesof phonemiclinear discriminant
functionsfor a particular testword. Phoneticsegmentationgivenfor informa-
tion.

perphoneme,phonemicdurationmodeling,larger trainingsetandembedded
training). Thepurposeof theseearly testswasonly to emphasizetheadvan-
tagesof thecontextualMLPsfor speechrecognitionin thecaseof very limited
trainingmaterial.

Figures5.5,5.6and5.7comparethediscriminantcapabilitiesof theMLP
approach(Figure5.5) with othermethodslike theGaussianclassifier(Figure
5.6) usedin continuousHMMs andthe linear discriminantfunctions(Figure
5.7)asusedin [Bourlard& Wellekens,1986]andrecalledin Section4.2.2.In
all theseexamples,themodelparametershavebeendeterminedby thesameset
of automaticallyexcisedphonemesfrom two pronunciationsof the10German
digits. No iterative refinementof that segmentationhasbeendone(because
of theproblemmentionedin Section5.5.3)andtheresultingparameterswere
testedon unseenutterances(thethird pronunciationof theword “eins” [AI-j-
N-S]).

As describedpreviously, Figure5.5 representstheevolution of the10-ms
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40 isolated 50 stringsof
words 7 digits # errors

1-statediscreteHMM 6I, 2S,0D 32I, 69S,2D 111
1-stateGaussianHMM 0I, 0S,0D 0I, 31S,2D 33

MLP 0I, 0S,0D 3I, 22S,1D 26

Table5.1: Comparison of the recognition error rates (I=insertions,
S=substitutions, D=deletions) obtained with 1-state phonemic
HMMs with discrete emission probabilities, Gaussian emission
probabilities, and outputs of a contextual MLP.

MLP outputactivationsfor binaryinput patternsusingcontextual information
(
ç:9 s��û�n�B� ). In thiscase,it is clearthatdiscriminationis verygood(whichis

probablydueto thenonlineardiscriminantcapabilitiesof MLPs togetherwith
contextual information– contextual informationhasnotbeenusedfor Figures
5.6and5.7).

Figure 5.6 plots, for eachacousticvector q [ correspondingto 10 msec
of speechsignal(with no contextual information),the logarithmof theemis-
sion probabilities̀

> q [ ? VXW5E [computedby (2.5)] for eachof the 26 phonemic
classes.The word is globally correctly recognizedwhen the negative loga-
rithm of theprobabilitiesis usedin aDTW procedure,despitethefactthatthe
local discriminationis weak. Indeed,a 10 mseclocal labelingis basedon the
maximumof the26 outputvalues.In this simpleexample,mostof the labels
arecorrect,but with avery low reliability margin.

In Figure5.7,thesamerepresentationfor lineardiscriminantfunctionout-
puts is used. The parametersof thesefunctionshave beenobtained(with
simplelinearalgebra)by minimizationof MSE asexplainedin Section4.2.2
[equation(4.5)]. In this case,thecontinuousacousticvectorswereusedwith-
out context to reducethesizeof thematrix inversion. It canbeobserved that
thediscriminationis reinforced(asonemight expect)andthelocal labelingis
improved. However, thecapabilitiesof linear functionsarestill limited when
comparedwith thenonlinearfunctionsgeneratedby theMLP (Figure5.5).

In [Bourlard & Wellekens, 1989a], additional testswere reportedon a
speaker-dependent, continuousspeechrecognitiondatabasecalled SPICOS
[Ney & Noll, 1988] (further usedin Sections6.6.1 and 7.5). In this case,
the vocabulary containedabouta thousandwords describedby a set of 50
phonemes.The training dataset consistedof two sessionsof 100 German
sentenceswhich wererepresentative of the phonemedistribution in the Ger-
man language. The SPICOStest set consistedof 188 sentenceswith 1292
wordsandabout7300phonemes.Therecognitionvocabulary contained918
words,andtheoverlapbetweentrainingandrecognitionvocabulary wasonly
51 words,which werefor themainpartarticles,prepositionsandotherstruc-
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tural words. In [Bourlard& Wellekens,1989a;Bourlard& Morgan,1991]a
significantimprovementof the phonemiclabeling(at the frameaswell asat
thephonemelevel) wasreportedwhentheproposedapproachwascompared
with standardHMMs. However, muchto our surprise,we wereunable(at the
time of this experiment)to extendthis improvementto theword level.7 This
problemwill beexplainedfurther in the following chapters.It will beshown
thattheMLP outputsarein factestimatesof posteriorprobabilities,whichare
proportionalto theimplicit estimatesof theapriori probabilitiesof thephone-
mic classes(via relative frequenciesin the training). In the caseof Spicos,
sincemostof the wordsusedin the training setaredifferentfrom thewords
usedin thetestset,thesepriorsarealsodifferent(whichwasnot thecasewith
the isolateddigits). However, this is only oneproblemamonga numberthat
we hadwhenattemptingto performword recognitionwith anMLP in aDTW
procedure(seefollowing chapters).

5.7 Summary

For speechrecognitionproblems,themajorweaknessof theconnectionistfor-
malismis its difficulty in mappingtime-varyinginputpatternsto asynchronous
outputpatterns.In this chapterwe have reviewed several ANN architectures
thatattemptto dealwith sequentialsignals.Thesemodelshaveexhibitedgood
performance(sometimesbetterthanHMMs) on short, isolatedspeechunits
(like E-set). By their implicit memory, they includesomekind of integration
over time. However, it wasstill not clear from the resultswhat thesemod-
elscanactuallycomputeandhow continuousspeechrecognitionandtraining
couldbehandledby neuralnetworksonly. Froma recognitionpoint of view,
whenDTW is usedfor HMM decoding,it not only tacklesthe variability of
speechpronunciation,but is alsoanefficient tool for connectedspeechrecog-
nition andsegmentation.This latter propertyseemsto bedifficult to achieve
with a completelyconnectionistalgorithm.Evenassuminga perfectdynamic
systemtakingtheentirepastinto account,theoutputvalueswould still repre-
sentthescoresfor states(or outputclasses)at thecurrenttime,but would not
giveany ideaabouttheunderlyingsegmentation(astheoutputvaluesalonedo
notcarrytheinformationneededto recover thebestinterpretation).For exam-
ple, in theHMM approach,evenif we wereableto build ahighorderMarkov
model,somekind of time warpingprocesswouldstill benecessary.

Thus,avoiding explicit DTW for a continuousspeechrecognitiontaskre-
mainsanopenproblem.Ontheotherhand,it is alsoquestionablewhetherit is
evendesirableto replacetheDTW algorithm,sincethis processis very effec-
tive (althoughlimited by severalassumptions),andalsohasefficienthardware
implementations[Murveit & Brodersen,1986]. It wasalsoshown in Sections
5.5.3and5.6thattheoutputvaluesof theneuralnetworkscouldbeusedaslo-

7This wasin late1987.After thatwe scratchedourheadsfor a while, andfiguredit out.
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caldistancein DTW. Theconvergenceof atrainingprocessminimizingaMSE
by iteratively improving theparametersof themodels(discriminantfunctions)
andthe segmentationobtainedfrom DTW hasbeenshown in Section5.5.3.
Initial attemptsto usesuchan iterative embeddedapproachwas unsuccess-
ful, andled to absurdresults.However, thecapabilitiesof MLPs to generate
a betterlocal discriminationwasexperimentallydemonstratedin Section5.6
on pre-segmentedspeechdata(becauseof the problemsreportedin Section
5.5.3).

In the next chapters,we will describeour work in hybrid systemsusing
neuralnetworks asspecificmodulesof HMM systems.In thesecases,time
alignment(usingaViterbi procedure)will still berequired.



Chapter 6

STATISTICAL INFERENCE
IN MLPs

One never goesso far as whenone doesn’t know
where oneis going.
– JohannWolfgangvon Goethe–

6.1 Intr oduction

In Chapter3, we showed that HMMs were stochasticmodelsthat dealt ef-
ficiently with thestatisticalandsequentialcharacterof thespeechsignal,but
whichalsosuffer fromseverallimiting assumptionsthatarerequiredfor tractable
solutions. In Chapter4, we discussedANNs andshowed that they hadtheir
own attractive properties;in particular, they appearto rely on fewer basicas-
sumptions.Chapter5 briefly reviewedthemostpopularANN approachescur-
rently usedfor sequenceprocessingin generalandspeechrecognitionin par-
ticular. Weconcludedthatnoneof thesewereableto solveCSRproperlyusing
ANNs by themselves.Giventhesetradeoffs, we have beeninterestedin using
ANNs to overcomesomeHMM drawbackswhile stayingwithin the latter’s
formalism.Thiskind of hybrid is frequentlynot straightforward,however; for
instance,it is difficult to optimally incorporaterule-basedspeechknowledge
in anHMM-basedASR system.1

A goodstepin integratingHMMs andANNs is to determinea common
languagefor the technologies. Our bestguessfor this unifying themehas
beena probabilisticdescriptionof ANNs. We have tried, then,to geta better
understandingof the kind of statisticalvaluesthat ANNs cancompute,and

1Of course,systemsdo incorporatesuchknowledge,but it is difficult to do this in an inte-
gratedway; mostcommonly, all but thecoarsestknowledgeaboutthelanguageor theworld is
built into a post-processorthatis loosely-coupledwith theacousticrecognizer.

97
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how they relateto the parametersof an HMM. In this chapter, it is shown
that the output valuesof an MLP are estimatesof a posterioriprobabilities
(classprobabilitiesconditionedon the input pattern). Furthermore,usingan
MLP with feedbackandextendingthe input field to includecontext, output
probabilitiescanbegeneratedthatdependonafixedtemporalwindow onboth
statesandobservations.

This perspective showedusanimportantlink betweenMLPs andHMMs,
andmuchof the restof this book will exploit this relationship. As with the
earliermaterial,ouremphasisis onspeechrecognition;alsoaswith theearlier
material, the statisticalrelationshipsare quite general,and shouldapply to
otherapplicationareas.

In thischapter, we will assumethatpre-segmented(i.e pre-classified)data
areavailablefor trainingtheMLP, which is generallynot thecasefor speech.
However, we will seein the next chapter(Section7.6) that the statisticalin-
terpretationdevelopedbelow will allow usto derive aViterbi-basedalgorithm
thatwill do automaticsegmentationof thespeechdatafor usein theMLP.

6.2 ANNs and Statistical Infer ence

In this sectionwe will prove in two differentwaysthat, whenusedfor clas-
sification,MLPs cangenerategoodestimatesof posteriorprobabilitiesof the
output classesconditionedon the input pattern. For clarity’s sake, we will
considertwo differentcases:discreteinputandcontinuousinputMLPs. These
will be examinedin the context of discreteandcontinuousHMMs (respec-
tively). The main ideawill be to usethe probabilitydensityfunctions(pdfs)
generatedby theMLP aspdfsfor thepossibleHMM-states.Accordingly, the
outputclassesof theMLP will bedenotedby VXW andwill beuniquelyassoci-
atedwith HMM-statesVXW "H� �æ�
V�;����������0V k � .
6.2.1 DiscreteCase

The acousticvectorsequence� � �Xq ;X�������
��q [ �������
��q r
� canbe quantized

(for a discreteHMM) by a front-endprocessorin which eachacousticvec-
tor q [ �LY �x���������
�0p�� is replacedby the closest(typically in the senseof
Euclidiandistance)prototypevector � � selectedin a predeterminedfinite set2 ���X� ; �������
���B�£�������
��� � � of cardinality � . The prototypevectorset is usu-
ally determinedindependentlyby clustering,e.g., K-meansor binary split-
ting on a large numberof acousticvectors. In this case,(asin Section3.3.3)
the acousticvectorsequence� is replacedby a (prototype)vectorsequence3 �x�X� �J4 �������X��� � Ü �������X��� �76 � , where � [ "Å� ���0�2� representsthe label of the
closestprototypevectorassociatedwith q [ .

Let VXW , with
] �÷�����������0� , betheoutputunitsof anMLP associatedwith

differentclasses(or HMM states).Typically, asalreadydonein Section5.6,
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eachprototypevector � � Ü of 3 will berepresentedat theinput of theMLP as
an I-dimensionalbinary vectorwith all componentsequalto zeroexcept for
the � [ -th onewhich is equalto one.Thisvectorwill bereferredto astheindex
vectorof q [ in thefollowing. At time Y , theinput patternof theMLP is thus
theindex vectorof q [ . SincetheMLP trainingneedssupervision,wesuppose
that the class VXW associatedwith eachinput patternis known. The training
of the MLP parametersis thencommonlybasedon the minimizationof the
following MSE overall thetrainingpatterns3 :�w� rl[ 9<;

kl
W 9<; � ôBW

> �B� Ü Eäð Í W > �B� Ü E�� È (6.1)

where ôBW > �B� Ü E and
Í W > �B� Ü E respectively representthe observed output value

andthetargetedoutputvaluefor the
]
-th outputunit (associatedwith VXW ) given

the index vectorof q [ at the input. Whenusingan MLP, ôBW >&% E is calculated
by theforwardequation(4.11). In classificationmode,thegoalis to associate
eachinputvectorwith asingleclass,and

Í W > � � Ü E will beequalto � if theinput
is known to belongto classV
W and

�
,
1 ] ±� i . Consequently, if input � � Ü " V h ,

we have
Í W > � � Ü E��K��W h , for

i � ] "Ì� ���������
�0��� . Expandingsummationsto
collectall termsdependingon thesame�B� , (6.1)canberewritten as:�²� �l

� 9<;
kl
W 9<;

kl
h 9<; Y � W � ô h

> � � E¬ð Í h > � � E�� È (6.2)

whereY � W is thenumberof timestheprototypevector � � hasbeenobservedin
class(or state)VXW . Thus,whatever theMLP topologymaybe2, i.e.,thenumber
of its hiddenlayersandof units per layer, the optimal outputvaluesô �� �¢h > � � E
areobtainedby cancelingthepartialderivative of � with respectto ô h > � � E .

ù �ù ô h > �B��E � ç kl
W 9<; Y � W � ô h

> � � Eäð Í h > � � E��õ� �
Theoptimalvaluesof theoutputsarethen

ô �� �¢h > � � E�� e kW 9<; Y � W Í h > �B�^Ee kW 9<; Y � W
In classificationmode,we have

Í h > �B�^E��L��W h , andconsequently:

ô �� �¢h > � � EA� e kW 9<; Y � WM��W he kW 9<; Y � W � Y � he kW 9<; Y � W �
1 i "#� �����������0�a� (6.3)

2Onemustbe a bit carefulhere. If the network is recurrent,thenthe outputdependsnot
only on the currentinput but on previous inputs, so that theseequationsrequirea bit more
detail.Assumefor now thatwe speakonly of feedforwardnetworks.
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Thisglobalminimumis only relatedto theerrorcriterionandis independentof
theMLP topology, i.e., thenumberof its hiddenlayersandof unitsper layer.
The optimum ô h > � � E ’s obtainedfrom the minimizationof the MLP criterion
arethusestimatesof aposteriori(Bayes)probabilities[Fukunaga,1972]:

ô �¡ X¢h > � � EA� �` � V h ? � � ��� 1 i "#� �����������0�a� (6.4)

and,by definition,theconstraintkl
W 9<; ô

�� �¢W > � � E_� �` � VXW®? � � �ý�n�
is automaticallyverified.However, theseoptimalvaluescanonly bereachedif
theMLP hasenoughparameters,doesnotgetstuckin a localminimumduring
thetraining(seeSection6.4.1),andis trainedlong enoughto reachtheglobal
minimum.

Replacingin (6.2) the target outputs
Í h > �B��E by the optimal values(6.3)

providesanew criterionwherethetargetoutputsdependon thecurrentvector
andthepossibleoutputs:� + � �l

� 9<;
kl
W 9<;

kl
h 9<; Y � WON�ô h > � � E¬ð Y � he kW 9<; Y � WQP È (6.5)

and it is clear [by cancelingthe partial derivative of � + versusô h > �B��E ] that
the lower boundfor � + is reachedfor thesameoptimaloutputsas(6.3). The
minimum valueof the criterion is now equalto zero, thusproviding a very
useful control parameterduring the training phase. It shouldbe notedthat
(6.5) is consistentwith the suggestionthat “training of an adaptive machine
is bestdonenot with the correctoutput(1 or 0) beingsupplied,but with an
expert’s estimateof the(posterior)probabilitiesof thepossibleoutputstates”
[MacKay, 1987].

As theseresultsfollow directly from theminimizedcriterionandnot from
the topologyof the network, it is interestingto noticethat the sameoptimal
values(6.3) mayalsobeobtainedfrom othercriteriaas,for instance,theen-
tropy [Hinton, 1987]or relativeentropy3 [Sollaetal.,1988]of thetargetswith
respectto the outputs. For instance,in the caseof relative entropy, criterion
(6.1)becomes:�SRÖ� rl[ 9<;

kl
W 9<;UT Í W > � � Ü E ×zÔ Í W > � � Ü EôBW > � � Ü E s > ��ð Í W > � � Ü E�E ×ÙÔWV �Dð Í W > � � Ü E�Dð�ôBW > � � Ü E�XZY

(6.6)

3Also referredto asKullback-Leiblerdivergence(or distance)[Kullback& Leibler, 1951;
Kullback,1959]



6.2. ANNS AND STATISTICAL INFERENCE 101

and cancelingits partial derivative versus ô h > � � E yields the optimal values
(6.3) again. However, in this case,the optimal outputsactually correspond
to �[R ½ � � [ � � .Sincetheseresultsareindependentof the topologyof thetrainedsystem,
they alsoremainvalid for thelineardiscriminantfunctionsdescribedin Chap-
ter4. However, sincewearethenlimited to asmallnumberof parameters,it is
quite likely that theoptimalvalues(6.3) will not bereached,eventhoughthe
localerrorminimumis alsotheglobalonefor this case.

Comparedwith lineardiscriminantfunctions,theadvantagesof usingMLPs
to estimateBayesprobabilitiesarethefollowing:

1. It is easyto control(i.e.,increaseor decrease)thenumberof parameters.

2. MLPsusenonlineardiscriminantfunctions.

3. The sigmoidfunction usuallyusedat the outputof the MLP is an ap-
proximationof adecisionthreshold.As aconsequence,MLPswill both
estimateBayesprobabilities(dueto theminimizedcriterion)andmini-
mizetheclassificationerrorrate.

6.2.2 Continuous Case

In theprevioussectionit hasbeenshown that,in thecaseof discreteinputs,the
outputvaluesof anMLP will beestimatesof thea posterioriBayesprobabil-
ities. Althoughthesameproof couldbeappliedto continuousinputs,another
proof (initially presentedin [Richard& Lippmann,1991])will begivenhere
which is moregeneralandwhich allows us to betterunderstandthebehavior
of suchsystems.

We first reformulatethe costfunction (6.2), which wasexplicitly written
for thediscretecase,in termsof continuousinputs. TheMSE in (6.2) canbe
expressedasfollows:� � l

�
Y �p

kl
W 9<;

kl
h 9<;

Y � WY � � ô h > �B��Eäð Í h > �B��E��
È

(6.7)

where
Í h > � � E~����W h if � � " VXW . In thecaseof continuousinputs,thesequence

of acousticvectorsis no longerquantizedand(6.7)becomes:� � \�]_^5`badcefhgji ce k�gji ]l^nm fpo `babq r k ^5`sa_tvu k ^5`sa�wJx�u�` (6.8)

whereu k ^5`bazyF{ f|k if `d}~m f . Since]l^5`ba�y�� c� gji ]l^nm �&� `ba , we have:� y \ ce � gji�� cefhgji ce k�gji q r k ^5`baltvu k ^5`sa�w x ]l^nm fpo `ba���]l^nm �&� `ba+u�`
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After a little more algebra,addingand subtracting] x ^nm k;o `sa in the previous
equationleadsto:� y \ ce � gji � ce k�gji�� r xk ^5`ba_t��Mr k ^5`ba�]_^nm k=o `sa���] x ^nm kMo `ba�� � ]_^nm � � `sa+u�`� \ ce � gji�� ce k�gji � ]l^nm kMo `balt"] x ^nm k;o `sa � ��]l^nm �&� `ba+u�`y \ ce � gji � ce k�gji ^5r k ^5`ba_t"]_^nm k=o `sa@a�x � ]_^nm ��� `sa+u�` (6.9)� \ ce � gji � ce k�gji ^�]l^nm k;o `saC^��[t"]_^nm k;o `sa@a@a � ]l^nm � � `ba+u�`
Sincethesecondtermin thepreviousequationis independentof thenetwork
outputs,minimizationof thesquared-errorcostfunctionis achievedby choos-
ing network parametersto minimize thefirst expectationterm. However, the
first expectationterm is simply the meansquared-errorbetweenthe network
output r k ^5`sa andthe posteriorprobability ]l^nm k;o `sa . Minimization of (6.8) is
thusequivalent to minimizationof the first term of (6.9), i.e., estimationof]l^nm kMo `ba at theoutputof theMLP. This generalizestheproof given in Section
6.2.1. It alsoshows that the discriminantfunctionsobtainedby minimizing
theMSE retainstheessentialpropertyof beingthebestapproximationto the
Bayesprobabilitiesin thesenseof meansquareerror.

A similar proof wasgivenin [Richard& Lippmann,1991]for theentropy
costfunction.

In conclusion:� In classificationmode( � -from-� classification),� if thereareenoughparametersin theMLP, and� if trainingdoesnotgetstuckinto a local minimum,

then the output values r f ^5`���a , for �0y�� �h�h�h�=� � , when presentedwith an
inputvector ` � , will beestimatesof theclassposteriorprobabilities]l^nm f+o ` � a .
How to usetheoptimalnumberof MLP parameterswithout takingtherisk of
overtrainingwill be discussedin Section12. This conclusionremainsvalid
whendesiredoutputsarethemselvesestimatesof posteriorprobabilities.

6.3 Recurrent MLP with Output Feedback

In the precedingsection,eachinput pattern(acousticvector) was classified
independentlyof the precedingclassifications.Consequently, the sequential
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characterof thespeechsignalis nottakenintoaccountby theMLP. Thesystem
hasnoshort-termmemoryfrom oneclassificationto thenext one,andthereare
no constraintson thesuccessive classifications.This is not thecasein HMMs
where,given the topologyof theMarkov models,only someclasssequences
(atthestatelevel) andsomephonemesequences(atthewordlevel) areallowed
by thetopologyof theHMM. Thisproblemmaybecircumventedby supplying
someinformationaboutthe precedingclassificationto the input field of the
MLP. This leadsto a form of recurrentnetwork in which somerepresentation
of theoutputvectorat time � is usedin additionalfeedbackunitsat the input
to classifytheinputat time ����� . As wewill seein Chapter7, thismodelhas
aninterestingrelationshipwith HMMs.

In thefollowing, we will only considerthecaseof discretefeatures.How-
ever, aswith the feedforward networks, similar conclusionsremainvalid for
continuousfeatures.

Sequentialclassificationmustrely on thepreviousdecisions,but our goal
remainstheassociationof thecurrentinputvectorswith theirown classes.For
eachcurrentbinary input vector � � , anMLP achieving this taskwill generate,
for eachoutputunit �L}�q�� �h�h�h�M� �Ww , a value r k ^5� �¡ p� m£¢f a � ^¤�¥}¦q�� �h�h�h�=� ��w5a
dependingnot only on theinput pattern� �   at time � , but alsoon theclassm f
in which theprecedinginput vectorwasclassified.In this case,criterion(6.1)
becomes: � y §e� gji ce k�gji©¨ r k ^5� �   � m ¢f a_tvu k ^5� �   a�ª x (6.10)

A convenientway to generatethe r k ^5� ��� m ¢f a is to modify its input by ex-
tendingit with anextra input vectorcontainingthedelayedoutputvalues(or
a binary representationof them)taken at time �vtL� (asalreadyrepresented
in Figure5.3). Sinceoutputinformationis fed backin theinput field, suchan
MLP hasa recurrenttopology. However, comparedwith otherrecurrentmod-
elsproposedin speechprocessing(seeChapter5), themainadvantageof this
topologyis the ability to supervisethe feedbackinformationduring training.
Indeed,sincethe training dataconsistof consecutive labeledspeechframes,
thecorrectsequenceof outputstatesis known andthe training canbesuper-
visedby providing thecorrectinformation.

Sincethegoalis still to associateeachinputvectorwith asingleclass,the
target outputsassociatedwith an input pattern � ��  }0m f are u k ^5� ��  aOy�{ f|k ,
for �«}¬q�� �h�h�h�M� �Ww . The target outputs u k ^5� �   a only dependon the current
inputvector � �¡  andthecorrespondingoutputunit,andnotontheclassification
of the previous one. The differencebetweencriterion (6.10) and that of a
memorylessmachineis theadditionof a variable m ¢f to themappingfunctionr to take accountof thepreviousdecision.Collectingall termsdependingon
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thesameprototypes,(6.10)canberewritten as:� y ­e � gji cefCgji ce k�gji ce® gji � � f|k ¨ r ® ^5� �&� m£¢f a�t¯u ® ^5� � a ª x (6.11)

where � � f|k representsthe numberof times the particular input � � hasbeen
assignedto m k , while thepreviousvectorwasknown to belongto classm f . As
wasdonein Section6.2.1, it is easyto show that the optimal output valuesr£°n±h²® ^5� �&� m£¢f a obtainedby cancelingthepartial derivative of

�
with respecttor ® ^5� �&� m ¢f a are:r °n±h²® ^5� �&� m ¢f a�y � � f ®� ck�gji � � f|k y ³]j^nm ® o m ¢k � � � a ��´ � �@µ } q�� �h�h�h�M� ��w (6.12)

which is nothing but the discriminantlocal probabilitiesdefinedin (3.45).
Thus, the optimal r ® ^5� � � m£¢f a ’s obtainedfrom the minimization of the MLP
criterionareagainestimatesof posteriorprobabilities,but now takingthepre-
viousclassinto account.By definition,we thenhavece® gji r °5±;²® ^5� ��� m£¢f a�y��
In thecaseof continuousinput ` � , thiskindof recurrentMLP will approximate
probabilitieslike ]_^nm �k o m � ¢ if � `���a sincethe proof given in Section6.2.2 still
holds.

However, this conclusionis only valid if:

1. The conditionslisted in Section6.2 areverified (i.e., MLP trainedin
classificationmode,enoughparameters,no local minimum).

2. During classificationthecorrectoutput(i.e., thecorrectpreviousclass)
is providedto thefeedbackunits(i.e.,abinaryvectorsimplycodingthe
previous classasgiven by the training set); of course,in this casethe
network is not truly recurrent.Anothersolutionis to provide theactual
valueof the observed outputsat the feedbackunits, in which casewe
estimatesomethingdifferentthan(6.12); this will be discussedfurther
in Section7.2.4.

As discussedabove for training, two approachesarealsopossiblefor the
feedbackunitsduringrecognition:

1. The feedbackunits areprovided with the differentpossibilitiesfor the
previousclasses(asforcedby anunderlyingHMM topology– seeChap-
ter 7). In this case,of course,the network will have to be computed
several times,i.e., onetime perpossiblepreviousstate.A possibleway
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to saveCPUtimeis to usetable-drivenapproachesto incorporatepartial
results.4

2. Thefeedbackunitsaresimply providedwith theactualoutputvaluesat
theprevioustime frame– thiswill bediscussedfurtherin Section7.2.4.

However, theseMLPs aregoing to generateprobabilitiesthat arenot the
onesusedin standardHMMs, whichuselikelihoods(seeChapter3). In Chap-
ter 7, it will beshown that it is possibleto reformulatetheHMM approachin
termsof suchprobabilities. We repeatherefor the sake of emphasis:these
optimalvaluescanonly bereachedif theMLP hasenoughparameters,andif
localminimaareavoided.

Finally, the samekind of recurrentMLP could also be usedto estimate
higherorder local probabilitiesin which the MLP outputvaluescan be de-
pendenton severalprecedingstates,not only thepreviousone. This is easily
implementedby extendingthe input field to includerepresentationsof these
precedingclassifications.

The theoreticalresultsshown above follow directly from the minimized
criterion,not from thetopologyof themodel.5 Thesameoptimalvaluesmay
be reachedusingothercriteria,suchastheentropy or relative entropy of the
targetswith respectto the output [Bourlard & Wellekens,1990; Bourlardet
al., 1990].

6.4 Practical Implications

6.4.1 Local Minima

Theoptimalsolutions(6.3)and(6.12),obtainedby cancelingthepartialderiva-
tive of theerror criterion (LMS or entropy) with respectto the outputvectorr¶^5`��pa , aretheoptimal setsof valuesthat could be reachedby theEBP algo-
rithm. As notedpreviously, in this procedurea gradientestimateis usedto
cancelthepartialderivativesof theerrorversustheweightparameters· :¸ �¸º¹ �¼» y ^¤½
¾ � a�¿ ¸ r¶^5`º�Qa¸º¹ �¼» ��´�ÀA��Á (6.13)

where Â representsthe transposeoperation.Thus,a minimum in the output
space( ½
¾ � y¦Ã ) is also a minimum in the parameterspace(

¸ �
Ä ¸Q¹ �Å» y
4This kind of approachis discussedin Section9.4 for thecaseof efficient implementations

of MLPs thatgenerateestimatesof posteriorsdependentonphoneticcontext, e.g.,triphones.
5As notedpreviously, if themodeltopologyimplementsnew dependencies,(for instance,a

dependency onpastvaluesof theinput),thenthisdependency mustappearin theexpressionfor
theconditionalprobabilitythat thenetgenerates.However, givena particulardependency, the
network will generatesomeestimateof the correspondingconditionalprobability regardless
of the numberof hiddenlayers,units, nonlinearfunctions,etc. How goodthe estimateis, is
anotherquestion.
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¸ �-Ä ¸º¹ �¼» yÆÃ �Z´¶ÀA��Á , doesnot neces-

sarily leadto ½
¾ � yFÃ ; if thelatteris not true,thenetwork hasconvergedto a
localminimumof theerrorfunction.

6.4.2 Network Outputs Sum to One

Network outputsshouldsumto onefor eachinput valueif outputsaccurately
estimateposteriorprobabilities. However, if the network convergesto a lo-
cal minimum, it is no longer guaranteedthat the network outputsestimate
Bayesianprobabilities. For the MLP network, the valueof eachoutputwill
in any caseremainbetweenzeroandonebecauseof thesigmoidalfunctions
typically used.However, thecriterionusedfor trainingdid not requiretheout-
putsto sumto one.An elegantwayto circumventthisproblemis to replacethe
classicalsigmoidalfunctionappliedattheoutputunitsby a“softmax” function
[Bridle, 1990a]definedas:r f ^5`���aÇy ÈCÉ�Ê ^¤Ë f ^5`���a@a� ck�gji ÈCÉ�Ê ^¤Ë k ^5`º�pa@a (6.14)

whereË f ^5` � a is thevalueof outputunit m f prior to thenonlinearityfor aninput
vector `º� . This function generalizesthe sigmoidandhasa nice relationship
with theGibbsdistribution [Bridle, 1990a].

Nevertheless,asshown in [Richard& Lippmann,1991]andin theexperi-
mentsreportedin Section6.6.4,theoutputsof thetrainedMLP network should
sumto avaluethatis closeto one.As such,normalizationtechniquesproposed
to ensurethattheoutputsof anMLP aretrueprobabilities[Bridle, 1990a;El-
Jaroudi& Makhoul,1990;Gish,1990]maybeunnecessary. However, in some
of ourexperiments,wehaveobservedasmallperformanceadvantageto using
asoftmaxfunctionat theoutputlayer.

6.4.3 Prior ClassProbabilities and Lik elihoods

Sincethe network outputsapproximateBayesianprobabilities, r f ^5`º�pa is an
estimateof ]l^nm fpo `º�pa�y ]l^5` � o m f a�]l^nm f a]l^5`���a
which implicitly containsthea priori classprobability ]l^nm f a . It is thuspossi-
ble to vary a priori classprobabilitiesduringclassificationwithout retraining,
sincetheseprobabilitiesoccuronly asmultiplicative termsin producingthe
network outputs.As a result,classprobabilitiescanbeadjustedduringuseof
aclassifierto compensatefor trainingdatawith classprobabilitiesthatarenot
representative of actualuseor testconditions[Richard& Lippmann,1991].

Also, (scaled)likelihoods]_^5`º� o m f a canbe obtainedby dividing the net-
work outputsr f ^5`��pa by the relative frequency of class m f in the training set,
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whichgivesusanestimateof: ]l^5`�� o m f a]l^5`���a
During recognition,the scalingfactor ]l^5`���a is a constantfor all classesand
will notchangetheclassification.Thereareseveralreasonswhy thissomewhat
indirectmethodfor estimating(scaled)likelihoodsis attractive:

1. MLPsarewell matchedto discriminative objective functionsandscaled
likelihoodsarethusderivedin adiscriminative fashion.

2. Although an MLP is a parametricmodel, a large network definesan
extremely flexible set of functions. Thus only weak assumptionsare
madeabouttheinput statistics.

3. A maximumlikelihoodestimationof HMM parametersrequirestheas-
sumptionof conditionalindependenceof outputs.As shown in Section
6.5, MLPs canmodelcorrelationsacrossan input window of adjacent
frames

It could be arguedthat, when dividing by the priors, we are using a scaled
likelihood which is no longera discriminantcriterion. However, this is not
true sincediscriminationis importantonly during training. During recogni-
tion the discriminantterm (see,for example,Sections3.6 and4.5) becomes
independentof theclassandcanbedropped.

6.4.4 Priors and MLP Output Biases

Given the previous conclusions,andusinga sigmoidtransferfunction at the
outputof theMLP, theactivationof theoutputunit m f giventheinput `º� before
thesigmoidis Ì f ^5`º��azyÎÍ¡ÏDÐ ]l^nm f�o `º�pa�ÑtÒ]l^nm f+o `���a
which is usuallyreferredto aslog oddsin statistics.It is temptingto identify
theweightedsumof hiddenunitsoutputsasthedatapartandthebiasasthe
prior part– or, moreprecisely, the log oddsof thepriors, i.e., Í¡ÏDÐ�]l^nm f a Ä ^��Ót]l^nm f a@a . A similar observation is alsovalid for thesoftmaxfunction, in which
casewe would like to associatethe biaseswith the log priors of the classes.
However, this relation is too facile. Even in the caseof linear discriminant
functions,the priors not only containinformationaboutthe priors, but also
aboutthemeanof eachclass(seeSection4.2.3).

However, in all our experiments,observation of the output biasesof a
trainednetwork did indeedshow a correlationwith the log (odd)priors (rela-
tive frequencies)of theclasses.As alreadymentionedin Section4.3.5thishas
beensystematicallyusedlater to improve convergenceof theEBP algorithm
by initializing biasesto thelog (odds)of priors.
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6.4.5 Conclusion

Thepreviousconclusionshave beenobtainedfor MLPsusedfor classification
with “one-from-Kcoding,” i.e.,oneoutputfor eachclass,with all targetsequal
to zeroexceptfor thecorrectclasswhereit is unity. If thereareenoughparam-
etersin thesystemandif the trainingdoesnot getstuckat a local minimum,
theoutputvaluesof theMLP will approximateposteriorprobabilities.Section
6.6will show someempiricalevidencefor thisassertion.

The outputsof the MLP thusapproximateMAP probabilities,which are
known to lead to the optimal classification;they arediscriminantby nature
andminimizetheclassificationerrorrate.However, theseprobabilitiesdo not
matchtheHMM formalismthatrequireslikelihoods;a new HMM modelthat
canaccommodatetheseprobabilitieswill be presentedin Chapter7. These
probabilitiesarealsorelated,by Bayeslaw, to the emissionprobabilitiesof
standardHMMs. If they aredivided by the prior probabilitiesof the classes
observed on the training set, they may be usedas emissionprobabilitiesin
standardHMMs. In thefollowing sectionsandchapters,wewill show thatthis
approachhasseveraladvantagesoverstandardHMMs.

6.5 MLPs with Contextual Inputs

Thetheoreticalresultspresentedin Section6.2and6.3remainvalid if theinput
field of theMLP is providednotonly with thecurrentacousticvector `º� (or its
associatedindex vectorin thecaseof discretefeatures)but alsowith acontex-
tualwindow of width �:Ôl�«� centeredaround̀�� . Contextual inputswereused
in theERISsystem[Marcus,1981;Marcus,1985]wheretheclassificationof
acousticvectorswasbasedon discriminantprinciples(responsible“demons”
for therecognitionof oneparticularclassandtherejectionof all otherstimuli
as“nonwords”) appliedonstate-pairvectors.However, thisapproachwasdif-
ficult to extendto largercontexts. In this case,a NETtalk-like MLP6 hasalso
beenusedto classify10-msacousticvectorstringsinto phonemestrings,in-
corporatingthecontext from thesurroundingvectors[Bourlard& Wellekens,
1987;Bourlard& Wellekens,1989c].

Figure5.1shows theschematicarrangementof this system,characterized
by two layersof perceptrons(hiddenandoutputlayers)computingtheclassi-
ficationof the input field. The input consistsof �:Ô���� groupsof units repre-
sentingthesequenceÕ �:Öb×� ¢ × yÙØ;`º� ¢ × �h�h�h�=� `�� �h�h�h�M� `º�DÖb×ÛÚ of acousticvectors.
Duringtraining,thedesiredoutputof thenetwork is thecorrectphonemeasso-
ciatedwith thecenteror “current” acousticvectorin a particularleft andright
context. Theacousticvectorsaresteppedthroughthecontextual window time
slot by time slot, andthematrix of weightparametersis adjustedby theerror

6NETtalk was initially describedin [Sejnowski & Rosenberg, 1987], and was an MLP
trainedto mapwritten text into phonemestrings.
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back-propagationalgorithm(for moredetailsaboutthetrainingprocedure,see
Section6.6.2).

Sincetheoutputvaluesof theMLP areestimatesof theposteriorprobabil-
ities of theoutputclassesconditionedon the input, this kind of network will
thusestimate,oneachoutputunit m f , theprobability]_^nm f�o Õ �:Öb×� ¢ × a (6.15)

whichis usuallydifficult to estimateby standardstatisticsgiventhelargenum-
berof parameters.In Section6.6,thiskind of network will beusedandtested,
andwill beshown to leadto betterperformancethansomestandardstatistical
approaches.BecauseANNs arecapableof incorporatingmultiple constraints
andfindingoptimalcombinationsfor classification,input featuresdonotneed
to be treatedasindependent.More generally, thereis no needfor strongas-
sumptionsaboutstatisticaldistributions and independenceof the input fea-
tures.

Theresultspresentedin Section6.3 for recurrentMLPs with outputfeed-
backalsostill hold with a modifiedinput takingthecontext into account.The
proposedarchitecturerepresentedin Figure5.3 is a NETtalk-like MLP asin
Figure5.1,augmentedby a direct feedbackof theoutputsassociatedwith the
previous input frames. The feedbackis implementedby addingextra input
units that reflect the delayedoutputvalues. This architecturewasoriginally
proposedby Jordanin [Jordan,1986]. Sincethetrainingdataconsistof con-
secutive labeledspeechframes,thecorrectsequenceof outputstatesis known
and training with the correctfeedbackvaluesis possible. According to the
theoryof Sections6.2and6.3,thenetwork outputswill estimatethefollowing
Bayesianprobabilitiesat theendof thetrainingprocedure:]l^nm �f o Õ �DÖb×� ¢ × � m � ¢ ik a (6.16)

whichwill beshown in Chapter7 (Section7.2)to bethebasisof “Discriminant
HMMs.” However, in the experimentsdescribedin this book, this recurrent
architecturewill notbeused.

Of course,thenumberof weightsincreaseswith thewidth of thecontex-
tual window, andthusa largeamountof trainingdatais requiredfor training.
However, thegeneralizationpropertiesof theMLP alreadydiscussedin Sec-
tion 4.4 (in the form of thegenerationof cross-productsby thenonlinearities
of thehiddenunits) play the role of the interpolationrequiredby HMMs. In
particular, asopposedto standarddiscreteHMMs, anMLP will not generate
a zeroat the outputwhen it is excited by an input vectornever observed in
the trainingset. Moreover, it hasbeenshown thatMLPs appearto beableto
achieve betterstatisticalpatternrecognitionperformancethanstandardclassi-
fierswhentrainedon undersampledpatternspaces[Niles atal., 1989].
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6.6 Classificationof AcousticVectors

Thegoalof thissectionis to show empiricallyonarealtask(phoneticclassifi-
cationof vector-quantizedacousticvectorsfrom a largerdatabaseof speaker-
dependentcontinuousspeech)thatanMLP probabilityestimatorwith contex-
tual inputs can provide betterframe level classificationthan a standardsta-
tistical approach.In this framework, differentissuesrelatedto MLP training,
qualityof theprobabilityestimatesandadvantagesof thisapproachwill bedis-
cussed.Becauseof problemsthatwill bediscussedin Sections7.2.5and7.3,
mostof theMLPs consideredin the restof this bookwill not have feedback,
andonly probabilitieslike (6.15)will beestimated.

6.6.1 Experimental Approach

In theexperimentsdescribedbelow, donein 1988,weusedacontinuousspeech,
speaker-dependent GermandatabasecalledSPICOS[Ney & Noll, 1988].The
speechsignalwassampledat a rateof 16 kHz, and30 pointsof smoothed,
“mel-scaled”logarithmicspectra(over bandsfrom 200to 6400Hz) werecal-
culatedevery 10-msfrom a 512-pointFFT over a 25-mswindow. The mel
spectrumandtheenergy werevector-quantizedtopointersintoasinglespeaker-
dependenttableof prototypes.

Two independentsetsof vocabulariesfor trainingandtestwereused.The
trainingdata-setconsistedof two sessionsof 100sentencesperspeaker. These
dataweresegmentedinto regionscorrespondingto 50phonemicclasses.How-
ever, asthe phoneticsegmentationof the testsetwasnot available,only the
first sessionof thetrainingsetwasusedfor trainingtheMLP, while theother
onewasusedfor testingthe generalizationcapabilitiesandalsoasthe stop-
ping criterion (cross-validation). The testsetconsistedof onesessionof 200
sentencesper speaker. The recognitionvocabulary contained918 words,in-
cludingthe“silence”word. Theoverlapbetweentrainingandrecognitionwas
51words,whichweremostlyarticles,prepositionsandotherstructuralwords.
Theacousticvectorswerecodedusinganalphabetof 132prototype-vectorla-
bels.Theseprototypevectorswerecalculatedfrom thetrainingdataby using
astandardcluster-analysistechnique(K-means).

In Table6.1, resultsobtainedwith a MaximumLikelihood(ML) criterion
andaMaximumaPosteriori(MAP) criterionarepresented.In thesecases,the
parametershave beenobtainedby standardmethodsfor estimatingdiscrete
probabilities(i.e., simply by counting). Sincewe know the phonemictran-
scriptionandsegmentationof thetrainingset,wecancountthefrequencies� � f
of observationof label � �&��À yÙ� �h�h�h�=� �;ÜD� within a statem f . In our case,each
phonemeis associatedwith a singlestateand,consequently, �)y¦� �h�h�h�=�|Ý Ã .
Theestimateof thelikelihood(MLE in Table6.1)of statem f is thengivenby:]l^5� � o m f a�y � � f� fßÞ � � f �áàâ àj�ã� f (6.17)
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training set test set
(26767patterns) (27702patterns)

Full Gaussian 65.1 64.9
MLE 45.9 44.8
MAP 53.8 53.0

Table6.1: Phonetic classification rates at the frame level obtained
by standard approaches. “Full Gaussian” refers to the case of one
Gaussian with full covariance matrix per phoneme, “MLE” refers to
the case of one discrete likelihood density per phoneme estimated
by counting, and “MAP” refers to the case of one discrete posterior
probability density estimated by counting.

where � f is the overall frequency of phoneme� , â the total numberof pro-
totype vectors � � , and à a smoothingconstantto avoid estimatedvaluesofä f yåÃ . Theestimateof theMAP probabilityis thengivenby:]l^nm fpo � � a�y � � f� � Þ � � f �áà�¯àj��� � (6.18)

where� � is theoverall frequency of prototype� � in thetrainingset, � thetotal
numberof statesm f , and à the smoothingconstant.For comparison,results
obtainedwith a Gaussianclassifierdescribedby a full covariancematrix for
eachclassarealsogivenin Table6.1(“Full Gaussian”).In thiscasetheresults
weremuchbetter, perhapsbecausethecontinuousmel-spectrawereclassified
directly without losing any informationthroughthe vectorquantizationpro-
cess.

6.6.2 MLP Approach,Training and Cross-validation

As shown in Sections6.2 and6.3, the MLP canat bestapproximateBayes
(MAP) probabilities. The MLP is potentially preferableto countingas in
(6.17) and (6.18), becauseit generatesinterpolatedestimateswhen thereis
insufficient trainingdatafor theinput space,e.g.,whentheinput is highly di-
mensionedthroughtheuseof multiple framesascontextual input. This factis
clearlyillustratedin thefollowing experiments.

Vector-quantizedmel spectrawereusedasbinary input to a hiddenlayer.
Multiple input framesprovided context to thenetwork. While thesizeof the
outputlayerwaskeptfixedat50units,correspondingto the50phonemesto be
recognized,thewidth of thecontextual input andthenumberof hiddenunits
werevaried.Theacousticvectorswerecodedasoneof 132prototypevectors
by a simplebinaryvectorwith only onebit “on,” so the input field contained�;ÜD�çæ�è bitswhereè representsthenumberof framesin theinputfield. In this
case,thetotalnumberof possibleinputswasequalto �;ÜD�:é . Therewere26767



112 CHAPTER6. STATISTICAL INFERENCEIN MLPS

trainingpatternsand26702independenttestpatterns.Of course,in thecaseof
contextual inputs,this representedonly asmallfractionof thepossibleinputs,
sothatgeneralizationwaspotentiallydifficult.

Trainingwasdoneby theEBPalgorithm[Werbos,1974;Rumelhartet al.,
1986a],first minimizinganentropy criterion[Hinton, 1987;Sollaetal., 1988]
andthenfinally tunedby least-mean-squareerror. In eachiteration,thecom-
pletetraining setwaspresented,andthe parameterswereupdatedafter each
trainingpattern.To avoid overtrainingof theMLP, improvementonthetestset
waschecked after eachiteration. If theclassificationrateon the testsetwas
decreasing,theadaptationparameterof thegradientprocedurewasdecreased;
otherwiseit waskeptconstant.After severalreductionsof learningrate,perfor-
manceon thetestsetceasedto improve andtrainingwasstopped.In another
experiment,this approachwas checked by splitting the data in threeparts:
onefor the training,onefor theabove cross-validation,anda third oneabso-
lutely independentof the training procedurefor final testing. No significant
differencewasobserved betweenclassificationratesfor the cross-validation
and testdata. The importantidea in this procedurewas that we stoppedit-
eratingby any oneparticularcriterion whenthat criterion wasleadingto no
new cross-validationsetperformance.This appearedto amelioratetheeffects
of over-fitting that hadbeenobserved in our earlierexperiments,andgreatly
improvedclassificationfor framesof continuousspeech.7

6.6.3 MLP Results

Resultsobtainedfor differentMLP architecturesaregiven in Table6.2; here
“MLPa æ b-c-d” standsfor an MLP with è blocs of ê (binary) input units, Ô
hiddenunitsand u outputunits. Thesizeof theoutputlayerwaskeptfixedat
50 units,correspondingto the50 phonemesto berecognized.For thebinary
input case,ê is thenumberof prototypevectors(equalto 132in our case).IfÔ is missing,thereareno hiddenunits. Resultsreportedin Table6.2 clearly
show thatit is possibleto improve thediscrete-inputclassificationrates(at the
framelevel) over thoseobtainedby aclassicalapproach(e.g.,MLE). Thiswas
doneby providing context to the network, which is a potentialadvantageof
theMLP. For simplerelative frequency (counting)methods,it is not possible
to usecontextual information,becausethenumberof parametersto belearned
would be too large. Therefore,in Table6.1 andMLE in Table6.2, the input
field wasrestrictedto a singleframe.This restrictionexplainswhy theBayes
classifier(MAP, in Table6.1),which is inherentlyoptimal for a givenpattern
classificationproblem,is shown in Table 6.2 yielding a lower performance
thanthepotentiallysuboptimalMLPs. Frameperformanceis alsoshown for
thecaseswheretheMLP outputsweredividedby therespective a priori class
probabilities(see“outputs/priors”in Table6.2).While thisgenerallydegraded

7SeeChapter12 for furtherdiscussionof cross-validation.
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training set test set
(26767patterns) (27702patterns)

MLE 45.9 44.8
MLP5 æ 132-20-50 65.5 59.0

outputs/priors 60.2 51.7
MLP9 æ 132-5-50 62.8 54.2

outputs/priors 61.5 51.9
MLP9 æ 132-20-50 75.7 62.7

outputs/priors 72.1 57.5
MLP9 æ 132-50-50 86.4 61.4
MLP9 æ 132-200-50 86.9 59.4

MLP9 æ 132-50 76.9 65.0
outputs/priors 67.7 54.5

MLP15 æ 132-50-50 83.6 64.2
outputs/priors 86.8 64.9

MLP21 æ 132-20-50 93.0 64.0
outputs/priors 89.7 59.1

MLP21 æ 132-50-50 95.0 67.7
outputs/priors 95.4 66.1

MLP21 æ 132-50 92.6 68.6
outputs/priors 87.8 62.7

MLP25 æ 132-20-50 92.8 62.7

Table6.2: Phonetic classification rates at the frame level obtained
from different MLPs, compared with MLE. “MLPa æ b-c-d” stands for
an MLP with è blocs (width of context) of ê (binary) input units, Ô
hidden units and u output units. The size of the output layer was
kept fixed at 50 units, corresponding to the 50 phonemes to be rec-
ognized.

frameclassificationperformance,we believed that it might leadto improved
word recognition.Thiswaslaterverified,asdescribedin Chapter7.

6.6.4 AssessingBayesianPropertiesof MLPs

For somesimpleexamples,we have shown empirically that theMLP is esti-
matingMAP probabilities. In Table6.3 we report the resultsobtainedwith
a fixed contextual input window (9 frames)for a hiddenlayer which varied
from 5 to 200units. The numbersin parenthesesgive theaveragesum,over
all thetrainingor testpatterns,of theMLP outputvalues.Sincetheseoutputs
shouldapproximateMAP probabilities,their sumshouldbeapproximately1.
Theaverageerrorbetweentheoutputvaluesobtainedwith theMLP with no
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contextual input (MLP1 æ 132-50-50)andtheactualMAPs, which canbeob-
tainedby countingin thecaseof no contextual inputs,is alsoreported:for the
trainingandthetestsets,this is equalto � �ìë:í æ~�hÃ ¢Qî and � �ðï ÜÓæ~�hÃ ¢Qî , respec-
tively, andthestandarddeviation is � � � Ý æv�hÃ ¢ x in bothcases,which leadsto
theconfidenceinterval:]l^ o r f ^5� � alt"]l^nm f+o � � a o�ñ Ã � Ã:ò£aZóßÃ � ÃDÃp�
usingthe standardassumptionof normality. In this particularcase(the only
onewe cancomparewith), it canalsobeobservedthattheMLP solutioncon-
vergesto theoptimalMAP performance(53.5%and53.8%for thetrainingset
and52.7%and53.0%for the testset). All theseresultsclearly suggestthat
the training did not get stuckin a very suboptimallocal minimum (sincethe
optimal global minimum canbe proven to correspondto Bayesprobabilities
at theoutputof theMLP). Therefore,we infer thatan MLP canbe useful in
estimatingBayesprobabilitiesassociatedwith acousticvectorsin a temporal
context, which is too largefor thetrainingof aclassicalHMM.

As afinal checkof therelationshipof theMLP outputsto Bayesprobabil-
ities,Figure6.1shows thehistogramof MLP outputsto thefractionof frames
correctfor eachoutput that is in a given bin range. In fact, eachdatapoint
in Figure6.1 representsthe averageprobability of beingcorrectover all the
(trainingor cross-validation)inputpatternsfor theMLP outputsin eachof the
possibleactivation bins. This fraction (i.e., the probability of beingcorrect)
ideally correspondsto theBayesprobability [Duda& Hart, 1973]. For a per-
fect Bayesclassifier, theBayesprobabilityshouldbeequalto theprobability
of beingcorrect(i.e., thediagonalin Figure6.1).

It is evident from the figure that the higher MLP outputsareextremely
goodmatchesto the desiredprobability. However, the lower valuesarenot
asgoodan estimate.This is dueto the fact that,by equation(6.9), theMLP
outputsapproximateposteriorprobabilitiesaccordingto a meansquarecrite-
rion implicitly using the squarederror betweenthe observed outputand the
actualposteriorprobabilities.In thiscase,it is clearthatthehighprobabilities
will contributemoreto theerrorfunctionand,asaconsequence,will bebetter
estimatedthanthe lower probabilities. It canbe shown that this conclusion
remainsvalid for theentropy or relative entropy criterion.

Figure6.1 alsoshow that Bayesprobabilitiesareunderestimatedfor low
valuesof MLP outputs,while high valuesof the MLP are overestimatesof
theseprobabilities.WeretheMLP aperfectBayesestimator, pointsabove the
diagonalwould suggestthat the MLP will perform betterthan what can be
achievedfrom theoptimalBayesclassifier. In thecaseof a practicalmeasure-
ment,pointsabove thediagonalsimply indicatethat theMLP outputsshould
havebeenhigherand,ideally, equalto theoutputprobabilitygivenby thepoint
of thediagonalassociatedwith theobserved“fraction correct”.

For the training set, the direction of this mismatchcan perhapsbe ex-
plainedby the fact that theMLP outputstend(in the limit of infinite param-
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etersand limited training data)towards1’s and0’s, sincethe input spaceis
highly-dimensionedandcontinuous,andthereforehighly probablyto benon-
overlappingfor the limited trainingdata.Therefore,thehigh valueswill tend
to be too high andthe low valueswill tendto be too low. In the limit, these
valueswouldbethetrueBayesprobabilitiesandtherewouldbenomismatch.
However, with finite trainingdata,theMLP outputsdo not actuallyminimize
theerrorrateonthetestdata.This is thereasonwhy cross-validationis impor-
tantduringtraining.Accordingly, Figure6.1shows thatthematchto theideal
diagonalis betterathighvaluesfor thetrainingsetthanfor thecross-validation
set,while theoppositeis truefor low MLP outputs.
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Figure6.1: Histogram showingrelationshipbetweenMLP outputsand per-
centage correct for each bin. Thiswasgeneratedby collectingstatisticsfrom
a netwith 9 framesof 26continuousinputparameters for a total of 234inputs,
and a 500-unithiddenlayer, over the patternsfrom 1750Resource Manage-
mentspeaker-independent training sentencesand 500 cross-validationsen-
tences.

6.6.5 Effect of Cross-Validation

In Table6.3, it is also interestingto noticethat large valuesfor the parame-
terizationratio (i.e., numberof parametersdivided by thenumberof training
measurements)only correspondsto aslight degradationof generalizationper-
formance(3.3%over a factorof 10 in numberof parameters).This is dueto
thefactthatcross-validationwasusedduringtrainingof theMLP. In thiscase
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# hidden units R training test

MLP9 æ 132-5-50 .23 62.8(1.010) 54.2(1.012)
MLP9 æ 132-20-50 .93 75.7(1.030) 62.7(1.035)
MLP9 æ 132-50-50 2.31 86.4(1.018) 61.4(1.000)
MLP9 æ 132-200-50 9.3 86.9(1.053) 59.4(0.995)

MLE .25 45.9 44.8
MAP .25 53.8 53.0

MLP1 æ 132-50-50 .34 53.5(1.011) 52.7(1.012)

Table6.3: Phonetic classification rates at the frame level obtained
from contextual MLPs, compared with standard likelihoods (MLE)
and a posterioriprobabilities (MAP). R represents the parametriza-
tion ratio, i.e., the number of parameters divided by the number of
training patterns.

theiterative estimationprocesswasstoppedwhengeneralizationdegradedfor
anindependentdataset(cross-validation)[Morgan& Bourlard,1990a],which
explainstheinsensitivity of testsetclassificationscoresto thenetsize.This is
furtherdiscussedin Chapter12,whereit is shown experimentallythat theuse
of a cross-validationtechniqueis usefulfor MLP training (aswell asfor any
other regressionmethods)to avoid the effects of overparametrization:poor
generalizationandsensitivity to overtrainingin thepresenceof noise.8

6.6.6 Output Sigmoid Function

It canbeobservedin Table6.2thatthebestresultsaresometimesobtainedwith
no hiddenlayer. Therefore,we alsowishedto learnif thesigmoidfunctionat
theoutputwasusefulor not. Without this nonlinearitytheMLP would reduce
to simple linear discriminantfunctions. We wantedto observe the effect of
reducingthestrongdiscriminationdueto thesigmoidfunction,whichapprox-
imatesa logicaldecision.Accordingly, we trainedoneof thebestMLPs (with
9 contextual input frames)with a linearfunctionat theoutput.Two resultsare
reportedin Table6.4: “LMLP9 æ 132-50”standsfor theMLP with no hidden
unitsandlinearoutputs,“LCMLP9 æ 132-20-50”standsfor theMLP with 20
hiddenunitswith linearoutputsandthedesiredoutputsthatcorrespondto the
confusionbetweenclasses(e.g.,0.9 for the correctclass,0.6 for the classes
which arecloseto thegoodoneand0.1 for theothers).For comparison,Ta-
ble 6.4 alsoshows someresultsobtainedwith standardMLPs of Table6.2:

8A numberof otherapproacheshave beenproposedor usedto reducetheeffectsof over-
fitting, suchasweightdecay, regularizationterms,weightpruning,andconstructive networks.
However, whatever the training scheme,very little is lost (either in training dataor speedof
computation)to testoutamethodonanindependentdatasample,which is ultimatelywhatyou
wish to performwell on.
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trainingset testset
26767patterns 27702patterns

LMLP9 æ 132-50 57.2 52.3
MLP9 æ 132-50 76.9 65.0

LCMLP9 æ 132-20-50 54.2 50.5
MLP9 æ 132-20-50 75.7 62.7

Table6.4: Phonetic classification rates at the frame level on SPICOS
obtained from MLPs with linear and nonlinear outputs.

MLP9 æ 132-50andMLP9 æ 132-20-50.
It canbe observed in Table6.4 that, for theseexperiments,the classifi-

cationresultsat the framelevel areworsethanfor the nonlinearcase. This
is probablybecausewe no longerapproximatethe perceptronwhenthe sig-
moidal function is removed from theoutput; i.e., we no longerminimize the
numberof errorsbut simplyastandardleastsquarecriterion.Thiscanbeseen
by comparing“MLP9 æ 132-50” and“LMLP9 æ 132-50”,wherethe only dif-
ferenceis thepresenceor absenceof theoutputsigmoid.It is alsoimportantto
noticethattheresultreportedin “LMLP9 æ 132-50”is probablyagoodapprox-
imationto theoptimal lineardiscriminantsincewe areminimizing a standard
quadraticfunctionthathasno local minima.Thetrainingis alsofaster.

6.6.7 FeatureDependence

An MLP cansometimesbe usefulwithout any contextual input. For exam-
ple, in thediscreteHMM instanceof theSRIspeechrecognizer(DECIPHER)
[Murveit & Weintraub,1988], a state-of-the-artlarge vocabulary, speaker-
independent,continuousspeechrecognitionsystem,eachacousticvector at
time � wasdescribedby 4 features,themel-cepstrum(denoted�D� i ), thedelta
mel-cepstrum( � � x ), the energy ( � �:ô ) andthe deltaenergy ( � � î ). Thesefea-
tureswere independentlyquantizedand describedby 256, 256, 25 and 25
prototypes,respectively. Even without contextual information from the in-
put field, it is impossibleto directlyestimatetheprobabilityof observingaset
of 4 featuresgivena class(or a state)m f without anindependenceassumption
(asthereare � ÝDõ æ � ÝDõ æ � Ý æ � Ý or òWæ«�hÃ�ö possibleinputs).9 Therefore,
assumingindependence,thejoint probabilityestimateis÷lø �D� i � �D� x � �D�?ô � �D� î o m f?ù y îú� gji ÷lø �D� � o m f?ù (6.19)

9Maybeyou coulddo this with hundredsor thousandsof hoursof speech.By contrast,the
ResourceManagement(RM) trainingset(whichwasSRI’sprincipaltaskat thetime)wasabout
3 hoursof speech.
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UsingBayes’rule, theMAP estimatecanthenbecalculated:³÷lø m fpo �D� i � �D� x � �D�?ô � �D� î ù y¥û î� gji ÷lø �D� � o m f:ù ÷lø m fDù÷_ø �D� i � �D� x � �D�:ô � �D� î ù (6.20)

If we now consideran MLP with four input groups,eachof themcodinga
particularfeature( � ÝDõ �-� ÝDõ �-� Ý �-� Ý y ÝDõ � inputunits),the �jtýü Ì outputwill
approximate,in theory, theMAP probability ÷lø m fpo �D� i � �D� x � �D�?ô � �D� î ù without
the independenceassumption. In this way, the systemhasthe potential to
extractandmake useof theinput featurecorrelationto improve classification
performance.However, asbefore,the trainingprocedureis not guaranteedto
reachtheoptimalsolution.

6.7 Radial BasisFunctions

In this chapterwe have shown theoreticallyandexperimentallyhow theout-
putsof anMLP usedin classificationmodecouldbeconsideredasgoodesti-
matesof posteriorprobabilities.

In the following two sections(6.7 and6.8) we discussotherapproaches
that useMLPs to generatesimilar (RadialBasisFunctions– Section6.7) or
different(Predictive NeuralNetworks– Section6.8)statisticalquantities.

6.7.1 GeneralApproach

RadialBasisFunctions(RBFs)wereoriginally introducedasameansof func-
tion interpolation[Powell, 1985;Broomhead& Lowe, 1988]. A RBF is usu-
ally definedasa linearcombinationof predefined(or trained)nonlinearfunc-
tions.10 While standardMLPs combinehyperplanesasintermediateclassifi-
cationsurfacesto approximatecomplex nonlineardecisionboundaries,RBF
networks aim at using more powerful (and more complex) functionsto ap-
proximatethefinal decisionsurface. Usually thesefunctionsaresimply sec-
ondorderfunctions(like Gaussians)or highorderpolynomials.In thiscase,a
RBF network (i.e., anMLP usingRBFs)will just computethevalueof these
differentnonlinearfunctionson their hiddenunit layer and, for eachoutput
class,will linearly combinethemfor eachoutputclassto optimizethetrained
criterion (e.g., LMS). In theory, if thesenonlinearfunctionsmatchthe data
spacebetter, it canbeexpectedthatthesameclassificationperformancecould
bereachedwith fewerhiddenunits(and,consequently, fewerparameters).For
instance,if theinput datawerenormallydistributed,onewouldneedonly one
Gaussian-like distribution insteadof at leasttwo sigmoidfunctions.

10Specialthanksto Steve Renalsfor many discussions,experiments,andco-writtensections
thatwereusedhere.
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For eachclass m f ø �«yþ� �h�h�h�M� � ù the approximatingfunction Ë f ø `º� ù is
thendefinedasa linearcombinationof ÿ (nonlinear)basisfunctions � » ø `�� ù :Ë f ø ` � ù y �e» gji Ô f » � » ø ` � ù (6.21)

In termsof feedforward neuralnetworks, this meansthat ÿ functions � are
computedonthe(first) hiddenlayerandthatthestandardparameters(weights)
of thefirst layerarereplacedby theparameterscontainedin � .11 Thesefunc-
tions are then linearly combinedto give the � activation valuesof output
classesm f � � y�� � �h�h�;� � . As aconsequence,standardRBFnetworksgener-
ally do notuseanonlinear(sigmoid)functionat theiroutput.

Initially, the RBFs werefixed anda priori chosento fit the overall data
space.If someknowledgeaboutthedatais available,onecanalsoreflectthis
informationin thechoiceof functions.Theadvantageof usingfixedRBFsis
thatoncethesehave beenchosen,all thatis left to determinefor eachclassm f
aretheircoefficients Ô f » . In thecasewherethereis nosigmoidoutputfunction
at theoutput,this is astandardproblemof linearalgebrathatcanbesolvedby
the techniquepresentedin Section4.2.2,anddoesnot requireEBP. In effect,
the RBFsjust expandthe input spaceinto a higher-dimensionalspacewhere
thedatais morelikely to belinearlyseparable.

Recently, RBFs were extendedto accommodatethe updateof the basis
functionparameters,which thenrequiresgradientdescenttraining(like EBP).

6.7.2 RBFs and Tied Mixtur es

Theparametersof thehiddenunitsin aRBF network mayalsobedetermined
usingmaximumlikelihoodalgorithmssuchask-meansor theEM algorithm
[Dempsteretal.,1977]to defineasetof Gaussiandistributionswith meansä »
andcovariancematrices� » :� » ø ` � ù y�� ÈCÉ+Ê � t �� ø ` � t ä » ù ¿ �S¢ i» ø ` � t ä » ù�� (6.22)

If thediagonalelementsof thecovariancematrix arerepresentedby � x�Å» , and
we assumethecovariancematrix is diagonal:� » ø `�� ù y	� ÈCÉ+Ê�
 t ­e � gji ø `�� � t ä »|� ù x��� x�Å» 
 � ��� Á �Îÿ (6.23)

where
â

is thenumberof input units. � is a constantterm; herewe shallnot
considerany dependency of � on thecovariancematrix.

11Although,in mostof thecases,this canalsobeinterpretedin termsof aninnerproductof
theinputvectorby aweight(parameter)matrixfollowedby afixednonlinearfunction(identical
for every hiddenunit but differentthana sigmoid– seeSection4.2.3for the casewhere � is
Gaussian.
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In thiscase,functionsË f ø `º� ù in (6.21)areusuallyreferredto astiedGaus-
sianmixturesandareof the form (2.6). Theseprobability densityfunctions
(pdfs)haveprovento bepowerful toolsfor theestimationof emissionprobabil-
ities ÷lø `�� o m fDù in HMM speechrecognitionsystems[Renals,1990;Bellegarda
& Nahamoo,1990].Theresultingsystemsarealsoknown assemi-continuous
HMMs. Tied mixturedensityestimationmayberegardedasan interpolation
betweendiscreteandcontinuousdensitymodeling. Essentially, tied mixture
modelingusesa single “codebook” of Gaussianssharedby all outputpdfs.
Eachof thesepdfshasits own setof mixturecoefficients Ô f » to combinethe
individual Gaussians.Alternatively, this may be regardedas “fuzzy” vector
quantization[Ruspini, 1970,Bezdek,1980; Pao,1989]. In semi-continuous
HMMs, theparametersof theRBFs(i.e., themixtureweights Ô f » and,some-
times the meansandvariancesof the Gaussiandensities)are typically opti-
mizedaccordingto a maximumlikelihoodcriterion,usingtheEM algorithm
[Dempsteret al., 1977] or a modifiedversionof the Baum-Welch algorithm
[Huang& Jack,1989].

With therenewal of ANNs, theseRBFshave beenusedin theframework
of MLPs in which theRBF parametersarealsooptimizedaccordingto a gra-
dientprocedureanda LMS criterion. To actuallyminimize theclassification
error rate(which is not achieved by a pureLMS), a sigmoid-like function is
sometimesaddedon theoutputunits;this is discussedin thenext section.

6.7.3 RBFs for MAP Estimation

RBFsaresometimesusedin MLPs,wherethecommonsigmoidonthehidden
units is replacedby Gaussian-like functions(6.22).As with sigmoidalMLPs,
thenetworksaretypically trainedto minimizetheMSE� y ����efhgji ø r f ø `�� ù tvu f ø `�� ù@ù x � (6.24)

or a relative entropy criterion� y �e fCgji u f ø `º� ù Í7ÏDÐ u f ø `º� ùr f ø `º� ù � ø �Ñt u f ø `º� ù@ù Í7ÏDÐ ø �Ñtvu f ø `�� ù@ùø �[t r f ø `º� ù@ù (6.25)

at the output of sigmoidaloutput units; as before, u f ø `º� ù representingthe
desirednetwork outputand r f ø ` � ù the actualoutput for class m f . If the pa-
rametersof thebasisfunctionsarekeptfixedandif theoutputunitsarelinear,
trainingcanbeperformedsimplyby linearalgebra.If thereis asigmoidfunc-
tion at the outputand/orif the parametersof the basisfunctionshave to be
updated,theoptimizationof suchnetworksis generallyperformedby theEBP
algorithm.

As shown in Section6.1,in the“ � -from-� ” classificationcase,theoutputs
of a feedforward network trainedaccordingto eitherof thesediscriminative
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criteria may be interpretedastheBayesposteriorprobabilities,÷lø m fpo `º� ù , `��
beingthe input vectorat time � (eventuallybuilt up by concatenatinga few
consecutive acousticvectorsinto account).

However, RBFnetworksdiffer in severalwaysfrom standardMLPs. Stan-
dardRBF networksgenerallyuselinearoutputs.This hasseveraldrawbacks:� Sincethereis no approximationof the logical decisionat the output,

thenetwork doesnot actuallyminimize theclassificationerror ratebut
simply theMSE or theentropy (seediscussionin Chapter4).� Theposteriorestimatesobtainedat theoutputarenot constrainedto be
valuesbetween0 and1 (andto sumto one).� If we view the weightedsumof GaussiansË f ø `�� ù asa likelihood,we
also have a mismatchwith the training criterion which approximates
MAPs. Indeed,during training, the function transforminglikelihoods
into posteriorprobabilitiesis nothingelsebut Bayes’rule÷_ø m f+o ` � ù y ÷_ø `º� o m f?ù ÷lø m fDù÷lø `�� ù
which is not a linear function. Although the prior probabilities÷lø m f:ù
presentin Bayes’rule canbe includedin the Ô f » of (6.21), its denomi-
natoris not constantduring training anddependson all the classes(as
discussedin Chapter3).

Although the useof a sigmoid (or softmax)function at the output (instead
of the linear function) cansolve the first two problems,it doesnot avoid the
mismatchbetweenlikelihoodsandposteriorprobabilities(sincethe function
transforminglikelihoodsinto MAPs is notasigmoid!).

This may be resolved by usingBayes’ rule at the outputof the network
to generatetheposteriorfrom the likelihood,insteadof thestandardlinearor
sigmoidfunction: ÷lø m f+o ` � ù y ÷lø `º� o m f:ù ÷_ø m f?ù� �k�gji ÷lø `�� o m k ù ÷lø m k ù (6.26)

[where÷lø `�� ù is expandedin thedenominatorto explicitly show its depen-
denceon all theclasslikelihoods].Thus,we shoulddefinea transferfunction
for theoutputunits that transformstheweightedsumof GaussiansË f ø `º� ù to
posteriorprobabilitiesusingBayes’rule:r f ø `�� ù y Ë f ø `º� ù ÷lø m fDù� � Ë � ø ` � ù ÷lø m � ù (6.27)
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A final constraintis required. If Ë f ø `º� ù is to be a true approximationto
the likelihoodusingtied mixture densitiesthentheweights Ô f » mustbecon-
strained: Ô f »�� Ã �p´ � ��Á� �» gji Ô f » y��	���� (6.28)

This maybeachieved usinga normalizedexponential(softmax)transfor-
mation: Ô f » y ÈCÉ�Ê ø ¹ f » ù��� ÈCÉ+Ê ø ¹ f � ù (6.29)

6.7.4 LagrangeMultipliers

It is thusnecessaryto reformulatetheEBPalgorithmto take thenew transfor-
mationsandadditionalconstraintsinto account.To dothis,it is better(andless
error-prone!)to formulatetheproblemasaconstrainedminimizationproblem
asexplainedin Section4.3.4insteadof usingthestandardchainrule for dif-
ferentiation.

In thissection,wewill only considertheLMS criterionand,in ordernot to
painthereaderwith anexcessof mathematics,we will assumethat theGaus-
sian parametersare fixed (not trained)and that only the mixing parametersÔ f » aretrained. Also, we will assumethat theconstraint(6.28) is not forced
during training (sincea mixture of Gaussianscanalsobe definedwith nega-
tive weights[Titterington,Smith& Makov, 1985]). Of course,this caneasily
be generalizedto othercriteria, takingall theabove constraintsinto account.
In [Renalset al., 1991], a completederivation of the EBP algorithmfor the
relative entropy andincludingall theconstraints[(6.26)-(6.28)]is given.

IntroducingLagrangemultipliers for the constraints,we thenmustmini-
mizetheLagrangefunction:� y �� e f ø r f ø `�� ù tvu f ø `�� ù@ù x (6.30)� e:f�� f � r f ø `º� ù t Ë f ø `º� ù ÷_ø m f:ù� �� gji Ë � ø `º� ù ÷_ø m � ù �� e:f�� f�� Ë f ø `º� ù t �e» gji Ô f » � » ø `�� ù"!#

A constraintis met whenthe correspondingterm in
�

is zero. It canbe
shown that: ½ � ø Ë � r � Ô � � � � ù yÎÃ (6.31)

correspondsto a minimumof
�

while meetingtheconstraints.We maysplit
condition (6.31) into its constituentpartials. It hasbeenshown in Section
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4.3.2thatoptimizingwith respectto theLagrangemultipliersgivestheforward
propagationequations.Optimizingwith respectto thestatevariablesgivesthe
backward equations(the gradients).Optimizing with respectto the weights
givestheweightupdateequation.We thushave:¸ �¸ Ë�$ ø `º� ù y ÷_ø m%$ ù � �fhgji � f Ë f ø `º� ù ÷lø m fDùø � �� gji Ë � ø `º� ù ÷lø m � ù@ù x t � $ ÷_ø m%$ ù� �� gji Ë � ø `º� ù ÷_ø m � ù � � $y Ã¸ �¸ r&$ ø `º� ù y ø r&$ ø `º� ù tvu'$ ø `�� ù@ù � � $�yÎÃ
and,consequently: � $�yÎu($ ø `�� ù t r&$ ø `º� ù
andthis is theback-propagatederrorat theoutput.Consequently:t � $�y ÷_ø m $ ù � �fhgji � f Ë f ø ` � ù ÷lø m fDùø � �� gji Ë � ø ` � ù ÷lø m � ù@ù x t � $ ÷_ø m%$ ù� �� gji Ë � ø ` � ù ÷_ø m � ù¸ �¸ Ô $�) y�t � $ � ) ø ` � ù
andthis is proportionalto theweightchangeof theconnectionmatrix:½�Ô $�) y*� ) ø `�� ù � ÷lø m%$ ù � �fhgji � f Ë f ø `º� ù ÷_ø m f:ùø � �� gji Ë � ø `�� ù ÷_ø m � ù@ù x t � $ ÷lø m%$ ù� �� gji Ë � ø `�� ù ÷lø m � ù �It is thuspossibleto reformulatetheRBF formalismto updateall thepa-
rametersby the EBP algorithmwhile preservingthe advantagesof standard
MLPs, i.e., estimationof MAPs andminimizationof the classificationerror
rate.

6.7.5 Discussion

Although this approachhasyielded resultsslightly betterthan we observed
with standardRBFs[Renalset al., 1991],resultswerestill poorerthanthere-
sultswe obtainedwith standardMLPs. This couldbedueto thesensitivity of
thesenetworksto goodinitialization,but mayalsobedueto “hidden” assump-
tions we make when usingRBFs. Indeed,althoughany probability density
function can be approximatedfrom a mixture of a finite numberof normal
densityfunctions,therearestill somehypothesesunderlyingstandardRBFs.
For instance,it is usuallyassumedthat the input componentsarenot corre-
lated,sincenormaldensitieswith diagonalcovariancematricesareordinarily
used.A solutionto this problemis to useRBFsdescribedin termsof normal
densitieswith full covariancematrices.However, this resultsin a significant
increaseof thenumberof parameters.
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6.8 MLPs for AutoregressiveModeling

Thusfar, wehave describedMLPsasdiscriminantpatternclassifiersthathave
beenshown, in thecaseof “1-from-K” training,to begoodMAP approxima-
tors. However, thereareotherwaysto useneuralnetworksandto relatethem
with stochasticquantitiesthatcanbeusedin otherformsof hybridHMM/MLP
approaches.Oneof the mostinterestingalternativesconsistsof usingMLPs
as nonlinearpredictors. In this case,the observationsassociatedwith each
classareassumedto bedrawn from a nonlinearautoregressive (AR) process.
In this case,it canbe shown that,undersomeassumptions,the predictorer-
ror canbe consideredasthe logarithmof a local “emission” probability that
canbeusedin a particularform of HMM (seeChapter13 for furtherdiscus-
sion). Comparedwith thehybrid HMM/MLP systemdevelopedin this work,
thepredictive approachcanpotentiallyprovide bettermodelsof speechsignal
dynamics.However, in currentimplementations,this is achievedat thecostof
aweaker discrimination.

6.8.1 Linear AutoregressiveModeling

The idea of using MLPs as nonlinearpredictors[Deng et al., 1991; Iso &
Watanabe,1990,1991;Levin, 1990,1993;Tebelskis& Waibel,1990;Tebel-
skis et al., 1991; Tsubokaet al., 1990] is directly relatedto the theoryusu-
ally referredto as“autoregressive (AR) HMMs” [Poritz,1982;Rabiner, 1989;
Juang& Rabiner, 1985], in which thepdfsdescribingtheemissionprobabil-
ities of standardHMMs (usually Gaussianor multi-Gaussiandensities)are
replacedby anAR function.

The basicidea of all theseapproachesis to assumethat, for eachclassm f (i.e., for eachHMM-state),theobservation vectorsaredrawn from anau-
toregressive processdescribedby a function + f with parameterset , f . Dur-
ing training, if the order of prediction is assumedto be ÷ , the parameters, f of the functions + f (eachof thesebeingassociatedwith a particular m f ,�¯y¬� �h�h�h�=� � ) areestimatedto minimize, for all theacousticvectors̀�� ob-
servedon m f , theMSE� y �e fhgji e-  &.�/1032 ` � t4+ f ø Õ � ¢ i� ¢ ± � , f:ù 2 xy �e fhgji e-  &.�/ 032 à �'5 f 2 x (6.32)

which representsthe sum over the whole training set of the squarederrors
betweentheactualobservation ` � at time � andits predictedvalue ³` � asgiven
by theAR functionassociatedwith thecorrectclass.à �(5 f is thepredictionerror
for acousticvector `º� andclassm f andis definedas:à �(5 f y©`º�-t4+ f ø Õ � ¢ i� ¢ ± � , f:ù
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In standardAR modeling,function + f is linearand,whenusedfor speech
processing,is usuallyappliedat the samplelevel. This is the casefor LPC
analysisusedfor speechsynthesisor in [Poritz,1982]for speaker recognition
and[Rabiner, 1989;Juang& Rabiner, 1985]for speechrecognition.However,
this methodcouldalsobeappliedafterfeatureextractionon acousticvectors,
in which case+ f ø�6 ù becomesa matrix. In bothcases,AR modelsareknown
to bebettersuitedto dynamicalsystems.12 Whenuseddirectly at thesample
level, anotherpotentialadvantageof this approachis to avoid explicit feature
extraction beforeclassification. However, this is not that easy; it could be
arguedthatAutoregressive ConditionalHeteroscedastic(ARCH) models(see
Chapter13 and[Saerens& Bourlard,1993] for furtherdiscussion)arebetter
suitedfor sucha task. It is alsogenerallyacknowledgedthatspeech-like sig-
nalsshouldbe bettermodelledby Autoregressive Moving Average(ARMA)
modelsthansimpleAR models[Priestley, 1991].13

6.8.2 Predictive Neural Networks

Thanksto ANNs, this approachhasrecentlybeengeneralizedto nonlinear
functions + f ø�6 ù implementedby MLPs trainedto minimize the MSE (6.32).
This leadsto a new family of hybrid HMM/MLP approachesusuallyreferred
to as Predictive Neural Networks. In this case,eachclass m f is associated
with a specificMLP and,duringtraining,the input field of theMLP containsÕ � ¢ i� ¢ ± (the ÷ previous acousticvectors)and the associateddesiredoutput is
the currentacousticvector `�� . In this case,the MLP is no longerusedfor
classification,but insteadasa nonlinearfunctiongenerator.14 If the ` � ’s are
real-valuedvectors,theoutputunitsaresimply linear(i.e., thereis no sigmoid
functionat theoutputlayer).

6.8.3 Statistical Inter pretation

In both cases(linear and nonlinearAR models),it can be shown [Rabiner,
1989; Levin, 1990,1993]15 that if the predictionerrors à �'5 f areassumedto
be Gaussian,independent,identically distributed(iid) randomvariableswith
zeromeanandunity variance16, minimizationof

�
in (6.32) is equivalentto

12It seemsreasonableto describespeechproductionin termsof a dynamicalsystem.How-
ever, asourpoliticianshave beennotinglately, theDevil is in thedetails.

13Althoughit is not clearhow ARMA modelscouldbetrainedonspeechsignals;in particu-
lar, thechoiceof poleandzeromodelordersis difficult.

14Unfortunately, thediscriminantpropertiesof MLPsusedfor classificationarelost.
15SeeChapter13 for furtherdiscussionaboutthis.
16Variancecanalsobeassumedto beequalto 7 0 in thecaseof scalarinputs[Rabiner, 1989]

or to a matrix 8 0 in thecaseof vectorialinputs. In ARCH models,it is alsoassumedthat the
parametersof the(linear)AR functionsarethemselvesrandomvariablesfor which we want to
estimatethedistribution(seeChapter13or [Saerens& Bourlard,1993]).
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maximizationof

�úfhgji ú-   .9/ 0 ÷ � `º� o m �f � Õ � ¢ i� ¢ ± �y �úfhgji)ú-  &.�/10 ø ��: ù ¢<;>= x ÈCÉ�Ê@? t �� 2 ` � t�+ f ø Õ � ¢ i� ¢ ± � , f?ù 2 xBA (6.33)

if `�� }DC ; , where E �F representsthe (HMM) state E F associatedwith the
currentacousticvector ` � andwhere÷lø ` �HG E �F � Õ � ¢JI� ¢ ± ù is theconditionallike-
lihood takingthe ÷ previousfeaturevectorsinto account.Thisprobabilitycan
be usedin a kind of HMM, usingemissionprobabilitiessimilar to thosede-
finedin (3.9),wheretheobservation-independence assumptionis relaxedand
emissionon statesis assumed.Error predictionsobtainedfrom linearor non-
linearautoregressive modelscanbeconsideredasnegative logarithmsof these
local probabilitiesandcanbe usedassuchin DTW of the Viterbi algorithm
(3.17). If the varianceof the error is not assumedto be unity, this will re-
quiretheuseof somekind of Mahalanobisdistanceduringrecognition.These
arevalid HMM emissionprobabilitiesin which theobservation-independence
assumption(H4) hasbeenrelaxed.

Accordingto thisapproach,eachclassshouldhave its own MLP predictor
[Tebelskis& Waibel,1990].However, aninterestingalternative approachwas
proposedin [Levin, 1990,1992] in which only oneMLP wasrequiredwith
additional “control” input units coding the state E F being considered.This
requiresrunningthesamenetwork severaltimes(i.e.,oncefor eachclasscon-
sidered)while the basicapproachrequiresthe estimationof onenetwork for
eachclassconsidered.

6.8.4 Another Approach

Using themain resultspresentedin this chapter(i.e., that if trainedin classi-
fication mode,the MLP’s outputsareestimatesof posteriorprobabilities),it
is possibleto generalizethepredictive approachandto avoid theassumptions
on thedriving noise. It is indeedeasyto prove (by usingBayes’rule with an
additionalconditionalÕ � ¢JI� ¢ ± everywhere)that:÷lø `º� G E �F � Õ � ¢JI� ¢ ± ù y ÷lø E �F G Õ �� ¢ ± ù ÷lø `�� G Õ � ¢JI� ¢ ± ù÷lø E �F G Õ � ¢JI� ¢ ± ù (6.34)

As ÷lø `º� G Õ � ¢JI� ¢ ± ù in (6.34)is independentof theclassesE F it canbeoverlooked
in thedynamicprogrammingrecurrences(3.24).Basedonwhatasbeenshown
in Section6.2, it is theninterestingto observe that, without any assumption
aboutmeanandcovarianceof the driving noise,the sameconditionallikeli-
hood÷lø `º� G E �F � Õ � ¢JI� ¢ ± ù (takingcorrelationof acousticvectorsinto account)can
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beexpressedastheratioof theoutputvaluesof two “standard”MLPs(asused
in Section6.2), respectively with Õ � ¢JI� ¢ ± and Õ �� ¢ ± as input, and trainedin
classificationmodeaccordingto aLMS or anentropy criterion.

Thisapproachhasthustwo advantages:(1) no assumptionson thedriving
noise;(2) only two MLPs (with � outputunits,insteadof � MLPs with one
outputunit) arerequiredto estimateall theconditionallikelihoods,whichleads
to a bettersharingof theparametersand,consequently, to a betterdiscrimina-
tion (althoughthis advantageis alreadypresentin the approachproposedin
[Levin, 1990, 1993]). However, a disadvantageis that the methodrequires
division of two probabilities.This canresultin very poorestimateswhenthe
denominatoris small.

6.8.5 Discussion

Both approaches(presentedin Section6.8.3andin Section6.8.4)have been
testedon the databasesusedin this book. Although (in our experience)the
approachpresentedin 6.8.4performedslightly betterthanthe oneoriginally
proposedin [Levin 1990;Tebelskis& Waibel,1990],resultswerestill inferior
to thoseachieved usingMLPs trainedin classificationmode. Onereasonfor
this could be that the discriminantpropertiesof MLPs areno longerusedin
predictive neuralnetworks. A secondreasoncould be relatedto a still open
issueregardingthecorrectuseof correlatedemissionprobabilitiesin HMMs.
Although the theory of autoregressive Markov models(including predictive
neuralnetworks)andtimecorrelationmodelingin HMMs is veryattractive,as
notedpreviously, wedon’t know of any successfulattempttousesuchinforma-
tion to improve performance[de La Noueet al., 1989;Wellekens,1987]. Our
own experimentsseemto corroboratethis. For the caseof our own method,
however, someof the difficulty may have comefrom the small-denominator
problemdescribedabove.

6.9 Summary

In thischapter, it hasbeenshown, bothfrom atheoreticalperspectiveandfrom
empiricalmeasurements,thattheoutputsof anMLP (whentrainedfor pattern
classification)approximateBayesianaposterioriprobabilities(MAP), i.e., the
classprobability conditionedon the input. Whenthe estimationis accurate,
network outputscanbe treatedasprobabilitiesandsumto one(at leastap-
proximately). The experimentalresultsthat have beenpresentedhereshow
someof the improvementfor MLPs over conventionalclassifiers,at leastat
theframelevel. MLPscanmakebetterframelevel discriminationsthansimple
statisticalclassifiers,becausethey caneasily incorporatemultiple sourcesof
evidence(multiple frames,multiple features),which is difficult to do in stan-
dardclassifierswithout major simplifying assumptions.Finally, is the MLP
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simply accomplishinga nice interpolationfor the joint densityestimateswe
seek?Perhapsso,andothersmoothingtechniques(kernelestimators,for in-
stance)maywork aswell.17 Nonetheless,MLP approachesappearto offer a
reasonablewayof incorporatinginformationfrommultiplesourcesof phonetic
evidenceinto acontinuousspeechrecognizer.

Otherwaysto useMLPs to approximateprobabilitieshave alsobeenre-
viewedanddiscussed.In thefirst case,radialbasisfunctionnetworks,viewed
asa specialcaseof MLPs,have alsobeenshown to yield MAP estimatespro-
videdoneimplementsthetransformationfunctionbetweenthelikelihoodses-
timatedon thehiddenunitsandtheMAPsestimatedat theoutputof theMLP.
However, so far, this approachhasnot improved the performanceobtained
with sigmoidalMLPs. AnothersolutionusingMLPs asnonlinearautoregres-
sive modelshasalsobeendiscussed.This hasbeenshown to be equivalent
to estimatinglikelihoodsdirectly relatedto HMM emissionprobabilities,tak-
ing thecorrelationof theacousticvectorsinto account.However, in this case,
thediscriminantpropertiesof MLPs arelost andsomeassumptionsaboutthe
distribution of thepredictionerrorarenecessary. A generalizationthatavoids
thesedistributionalassumptionshasbeenpresented.

Given the goodresultsobtainedat the framelevel with a standardMLP
with contextual inputsandtheclearstatisticalinterpretationof its outputs,only
this architecturewill beexploredin thefollowing chapters.Therewe will in-
vestigatethemeansto integratetheminto HMMs, with theaimto extendthese
goodframeclassificationresultsto thelevel of wordrecognitionin continuous
speech.

17Somerecentexperimentsdonein a collaborationwith D. Spechtof Lockheedseemedto
indicatethat a Parzenwindow approachwas difficult to useeffectively for this application,
primarily becauseof storageandcomputationalrequirements.Resultsasof this writing were
still significantlyinferior to theMLP case,althoughthis is probablynotdueto any fundamental
limitation; it is quitepossiblethat furtherexperiments,particularlyusinghardwareapplicable
to this kind of approach,mightpermitresearchthatwould resultin a kernel-basedestimatorof
similarperformanceto theMLP.



Chapter 7

THE HYBRID HMM/MLP
APPROACH

I can’t understandwhypeopleare frightenedof new
ideas.I’m frightenedof theold ones.
– JohnCage–

7.1 Intr oduction

As describedearlier, HMMs arenow widely usedfor automaticspeechrecog-
nition, and inherently incorporatethe sequentialand statisticalcharacterof
thespeechsignal.However, notwithstandingtheir efficiency, standardHMM-
basedrecognizerssuffer from several weaknesses,mainly due to the many
hypothesesrequiredto make theiroptimizationpossible(seeChapter3):� Poordiscriminationdueto thetrainingalgorithmwhichmaximizeslike-

lihoods(MLE) insteadof MAP probabilities(Chapter3,hypothesisH2).
Anotheralgorithmbasedon theMaximum Mutual Information(MMI)
criterionprovidesmorediscriminationbut, in thiscase,themathematics
becomemoredifficult, andmany constrainingassumptionshave to be
made.� Assumptionthatthestatesequencesarefirst-orderMarkov chains(Chap-
ter 3, hypothesisH3).� No contextual informationis taken into account,andthusthe possible
correlationof thesuccessive acousticvectorsis overlooked (Chapter3,
hypothesisH4).� A priori choiceof modeltopologyandstatisticaldistributions,e.g.,as-
suming that the emissionprobabilities ÷_ø `º� G ELK ù associatedwith each

129
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state EBK can be describedas a multivariateGaussiandensityor, more
recently, asamixtureof multivariateGaussiandensities(Chapter3, hy-
pothesesH1 andH6).� For the sake of storageandcomputationalefficiency, the needto treat
as independentcertainprocessesthat are not truly independent(e.g.,
hypothesisH5).

On the other hand,ANNs (e.g., MLPs) developedfor learning, feature
extraction,andclassificationmaybeusefulfor signalprocessing.Their main
advantagesinclude:� They arelearningmachines(asareHMMs).� They provide discriminant-basedlearning (that is, models are

trainedtosuppressincorrectclassificationsaswell astoaccuratelymodel
eachclassseparately).� Whenusedin classificationmodeandtrainedwith anLMS criterionor
anentropy criterion,thenetwork outputswill estimateposteriorproba-
bilities without requiringstrongassumptionsabouttheunderlyingprob-
ability densityfunctions(seeChapter6).� BecauseANNs are capableof incorporatingmultiple constraintsand
finding optimal combinationsof constraintsfor classification,features
donotneedto betreatedasindependent.In otherwords,thereis noneed
for strongassumptionsaboutstatisticaldistributionsandindependence
of input features.� Usingtheinterpolative capabilitiesof theMLP, statisticalpatternrecog-
nition canbeperformedoveranundersampledpatternspace[Niles etal.,
1989] without many restrictive simplifying assumptions.However, in
this caseit maybeusefulto usecross-validationtechniques(seeChap-
ter 12) to avoid overfitting.� ANNsarehighlyparallelstructures,whichmakesthemespeciallyamenable
to high-performancearchitecturesandhardwareimplementations.

Unfortunately, asshown in Chapter5, ANNs alsohavecertainweaknesses
for usein speechrecognition.Most previous applicationsof neuralnetworks
to speechrecognitionhave dependedon severesimplifying assumptions(e.g.,
very smallvocabularies,isolatedwords,andknown word or phonemebound-
aries). However, the major weaknessof ANNs is their inability to dealwith
thetimesequentialnatureof speech.

To circumvent thoseproblems,a hybrid approachusingan MLP to esti-
matelocal probabilitiesof HMMs hasbeendeveloped[Bourlardet al., 1990;
Bourlard& Morgan,1990]andis presentedhere.As notedin Chapter6, both
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theoreticalandexperimentalresultshave shown that the MLP outputvalues
may be viewed as estimatesof MAP probabilitiesfor patternclassification.
Therefore,theseoutputs,or other relatedquantities(suchas the outputnor-
malizedby theprior probabilityof thecorrespondingclass)maybeusedin a
Viterbi searchto determinethe besttime-warpedsuccessionof states(repre-
sentingspeechsounds)to explain theobservedspeechmeasurements.

However, asshown in the following, it is not quite so simpleto properly
interfaceMLPs andHMMs to take advantageof what arebelieved to be the
strongpoints of eachof the two approacheswhile preservingthe theory of
HMMs.

Oneproblemis thatMLPsaregeneratingposteriorprobabilities(e.g.,÷lø E F G ` � ù
in theterminologyof thepreviouschapters)while HMMs aredesignedto han-
dle likelihoods÷_ø `º� G E F ù . Consequently, a new kind of modelcalleda “dis-
criminantHMM”, designedto handleposteriorprobabilitiesis presentedand
discussedin Section7.2. However, it will beshown thatwe werenot ableto
usethisapproachto achieve theword level performancewecouldexpectfrom
theimprovedphoneticframelabeling.Solutionsto thisproblemandnecessary
modificationsof thebasicschemearepresentedanddiscussedin Section7.4,
whereit is shown that probabilitiesgeneratedby MLPs canindeedbe effec-
tively usedin HMMs to improve state-of-the-artspeechrecognizers.

7.2 Discriminant Mark ov Models

Although the actualcriterion that shouldbe usedfor HMMs is the posterior
probability M øON G Õ ù , where Õ is a sequenceof acousticvectorsand N an
HMM, it wasshown in Chapter3 that somenecessarysimplifying assump-
tionsreducedthis criterionto theestimationof thelikelihood M ø Õ G N ù at the
costof thediscriminative capabilitiesof themodels.In thissection,we define
discriminantMarkov modelsthatwill estimatetheoptimalcriterion M øON G Õ ù .
It is shown thattheirparametersaredeterminedby conditionaltransitionprob-
abilitiesthatcanbegeneratedin differentwaysby MLPs.

7.2.1 Formulation

As donein Chapter3 (Section3.3) for the global likelihood M ø Õ G N � ù and
usingthesamenotations,it is possibleto estimatetheglobalMAP probabilityM øON � G Õ ù of a Markov model N � given the acousticvector sequenceÕ as
follows: M øON � G Õ ù y PQKSRUT I �h�h� PQK1VWT I M ø E IKSR �h�h�h�=� E §K V � N � G Õ ù (7.1)y PQ KUT I M ø E �K � N � G Õ ù �p´ �¯} q�� �YX w (7.2)
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However, without any simplifying assumption,we alsohave:M ø E �K � N ��� Õ ù y	M ø E �K � N � G Õ ù M ø Õ ù y�M ø E �K � Õ G N � ù M øON � ù (7.3)

or M ø E �K � N � G Õ ù y M øON � ùM ø Õ ù M ø E �K � Õ G N � ù (7.4)

which is nothingotherthanthelikelihoodusedin standardHMMs multiplied
by a scalingfactor. This kind of scalingwasalreadyusedin [Devijver, 1985]
and[Levinsonetal., 1983]to avoid numericalproblems(becauseof theprod-
uct of probabilities),whereit wasshown thatthis led to thesameforwardand
backward recurrencesof the standardBaum-Welch algorithm(within a nor-
malizationfactor).

Maximization of M ø Õ G N � ù and of M øON � G Õ ù thus seemsto lead to the
sameestimationformulas.Shouldweconcludefrom this thatthediscriminant
approachdoesnot changeanything? Not at all, becausewe mustnot neglect
themajorconstraintof theMAP approach,i.e.:Q � M øON � G Õ ù y�� (7.5)

wherethe sum over À representsthe sum over all possibleMarkov models.
HereliesthedifferencebetweenanMLE andanMAP criterion.Any modifica-
tion of theparametersof amodel N � mustbecomplementedby amodification
of all theparametersof theothermodelssoasto preserve this constraint,thus
makingtheMAP procedurediscriminant.Thus,evenif theestimationformu-
las are the same,the re-estimation(maximizationandupdate)formulaswill
have to bedifferentto take theconstraint(7.5) into account.In thefollowing,
wedefinethekey parametersof suchdiscriminantHMMs andweshow which
constraintthey mustmeetto guarantee(7.5). It is shown thatthis constraintis
automaticallymetwhenusingMLPs to estimatetheseparameters.

7.2.2 Conditional Transition Probabilities

In orderto applytheMAP principleproperly, it is thusnecessaryto find apara-
metricexpressionof M øON � G Õ ù thatmeetstheconstraint(7.5) for all possible
parametervalues.

As donein Section3.3 with theMLE, a solutionto this problemconsists
in splitting up theglobalMAP probabilityasfollows:M øON � G Õ ù y PQKSR1T I �h�h� PQK V T I M ø E'IKSR �h�h�h�;� E §K1V � N � G Õ ù (7.6)

for all possibleØZE IK R �h�h�h�=� E §K V ÚW}\[ � , thesetof all possiblepathsin N � . The
right handsidecanbefactoredintoM ø E'IK]R �h�h�h�=� E §KUV � N � G Õ ù y^M ø E'IKSR �h�h�h�;� E §K1V G Õ ù M øON � G Õ � E'IKSR �h�h�h�=� E §KUV ù
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which suggeststwo separatestepsfor the recognition.Thefirst factorrepre-
sentstheacousticdecoding,in whichtheacousticvectorsequenceis converted
into asequenceof states.Thesecondfactorrepresentsaphonologicalandlex-
ical step;oncethesequenceof statesis known, themodel N � associatedwithÕ canbefoundfrom thestatesequencewithout anexplicit dependenceon Õ
sothat M øON � G Õ � E IKSR �h�h�h�=� E §K V ù y^M øON � G E IKSR �h�h�h�=� E §K V ù
For example,if the statesrepresentphonemes,this probability mustbe esti-
matedfrom phonologicalknowledgeof the vocabulary in a separateprocess
without any referenceto the input vectorsequence.Neglectingthis probabil-
ity is equivalentto assumingthat,given a sequenceof states,it is possibleto
recover themodelthatgeneratedit.

ProbabilityM ø E IKSR �h�h�h�M� E §K V G Õ ù canbefactoredintodiscriminantlocalprob-
abilitiesasM ø E IK]R �h�h�h�=� E §K V G Õ ù y ÷lø E IKSR G Õ ù ÷lø E xK1_ G Õ � E IK]R ù �h�h� ÷lø E §K V G Õ � E IK]R �h�h�h�=� E § ¢JIK1VJ` R ùy §ú� T I ÷_ø E � G Õ �ba � ¢JII ù

(7.7)

where E � representsthe stateobserved at time � and a § I the statesequence
associatedwith Õ §I . ProbabilitiesM ø E IK R �h�h�h�M� E §K V G Õ ù canthusbe calculated

from “local” probabilities÷lø E � G a � ¢JII � Õ � ¢JII ù
that will be referredto ascon-

ditional transitionprobabilitiesin the following and are the key parameters
of discriminantHMMs (seeSection7.2.5 for further discussionaboutthese
probabilities).

In (7.7), eachfactor may be simplified by relaxing the conditionalcon-
straints. For example,the factorsof (7.7) canbe assumeddependenton the
previousstateonly andon a signalwindow of length �:ÔZ�L� centeredaround
theacousticvectorat time � (otherkindsof assumptionson theseconditional
transitionprobabilitieswill be discussedin Section7.2.5). We currentlyap-
proximatetheselocal contributionsby÷lø E �K   G Õ � E IKSR �h�h�h�;� E � ¢JIK   ` R ù y ÷_ø E �K   G Õ �DÖb×� ¢ × � E � ¢JIK   ` R ù (7.8)

whereinputcontextual informationis takeninto account.As shown in Chapter
6, theseprobabilitiescanbeestimatedattheoutputsof anMLP with contextual
input and output feedback. Furthermore,if input contextual information is
neglected( Ô[yÎÃ ), (7.8)becomes:÷_ø E �K   G `º� � E � ¢JIK   ` R ù (7.9)

which is thediscriminantlocalprobability(3.45)for continuousfeatures.This
is the foundationof discriminantHMMs. Eachobserved acousticvector is
associatedwith a transitionso that no splitting into transitionand emission



134 CHAPTER7. THE HYBRID HMM/MLP APPROACH

probabilitiesas in (3.11) or (3.39) and (3.40) is possible. Moreover, when
comparingwith the classicaltransitionemitting HMM, the main difference
lies in thenormalizationof the local contribution, which is performedon the
setof statesandnoton the(prototype)vectorspaceaswasdone,for example,
in (3.40)and(3.41).Given(7.6)and(7.7),we thenhave :M øON � G Õ ù y Qdc�e §ú� T I ÷lø E �K   G `º� � E � ¢JIK   ` R ù (7.10)

andsoit is possibleto estimatetheMAP probability M øON � G Õ ù from thecon-
ditional transitionprobabilities÷lø E �F G E � ¢JIK � `�� ù .

It is alsoimportantto show that,in this case,if theconstraint:

�QF T I ÷lø E �F G ` � � E � ¢JIK ù y�� (7.11)

is met (which conditionwill alwaysbesatisfiedin theanMLP with softmax
outputs),theconstraint(7.5) on theglobalMAP probabilitiesis alsomet. In-
deed,if [ denotesthe setof all possiblepaths ØZE IK R �h�h�h�=� E §K V Ú in all possible
Markov modelsN � , we have:Q � M øON � G Õ ù y Q c §ú� T I ÷lø E �K   G `�� � E � ¢JIK   ` R ù y�QKSRUT I ÷lø E'IKSR G ` I ùgfh �QK1_]T I ÷lø E xK1_ G ` x � E'IKSR ù �h�h� fh �QK V T I ÷_ø E §K1V G ` § � E § ¢JIK VJ` R ù�ij �h�h� ijy��

Besidestheadvantageof forcingdiscrimination,numericalproblemswhich
plaguetheclassicalHMM areavoidedwhenusingdiscriminantmodels:namely,
the lack of balancebetweenthe transitionprobability valueswhich only de-
pendon thetopologyof themodelandtheemissionprobabilityvalueswhich
decreasewith thelengthof theinput features(if thecomponentsareassumed
independent)or, in the discretecase,with the numberof prototypevectorsâ
. This effect worsensif context dependenceis introducedby using �:ÔS� �

appendedconsecutive vectorsasfeatures.Indeed,thenumberof possiblepro-
totypecombinations(andthusthe numberof discreteemissionprobabilities
for eachstate)grows as

â x ×�Ö I , therebydecreasingthevaluesof theemission
probabilities. Unfortunately, even with discriminantmodels,the exponential
increaseof the numberof parameterswith the width �:ÔÓ��� of the window
is not avoided,resultingin a needfor hugestoragecapacityandrequiringan
excessive amountof trainingdatato obtainstatisticallysignificantparameters.
Moreover, transitionsunobserved in the training setwill yield zeroprobabil-
ities despitethe fact that they may actuallyoccurin a recognitionphase.To



7.2. DISCRIMINANT MARKOV MODELS 135

copewith insufficiently large datasets,interpolationtechniquescanbe used
[Bahl et al., 1983] anda lower boundcanbe imposedon the local probabil-
ities. Still, memoryis wastedsincemany explicitly storeddiscriminantlocal
probabilitiesreachthelower bound.Indeed,thelikelihoodof actuallyobserv-
ing mostof the

â x ×�Ö I possibleinput vectorsis extremelylow.

7.2.3 Maximum Lik elihoodCriterion

As donewith equations(3.4) and(3.5) andSection3.3.4,we canstart from
(7.1)and,using(7.4),wecanderiveequivalentForward-Backwardrecurrences
tocomputetheglobalposteriorprobabilitiesM øON � G Õ ù [Devijver, 1985].How-
ever, this canstill bereferredto as“Maximum LikelihoodCriterion” sincethe
only differenceduringcalculationof M øON � G Õ ù is thescalingfactorpresentin
(7.4). However, the re-estimationformulasbriefly given in Section3.4.1are
no longervalid sincewe have to take constraint(7.5) into account.

Thegoalof thenext sectionswill beto useanMLP to estimateprobabili-
tiesfor usein HMMs. SinceMLPsrequiresupervisedtraining,i.e.,segmented
speechdata,andsincethemaximumlikelihoodcriterion(or theMAP variant
of it) doesnot provide uswith theoptimalstatesequence(and,consequently,
segmentation),thisapproachwill notbeinvestigatedfurtherin thefollowing.

7.2.4 Viterbi Criterion

In thecaseof theViterbi criterion,weapproximatetheMAP probability M øON � G Õ ù
by only consideringthebeststatesequence.In thiscase,(7.6)is approximated
as: M øON � G Õ ù y kml ÉK R 5�n�n�n 5 K V M ø E IKSR �h�h�h�=� E §K V � N � G Õ ù (7.12)

whichyieldsthefollowing dynamicprogrammingrecurrence:M ø EBK G Õ �I ù y^kml ÉF � M ø E F G Õ � ¢JII ù ÷lø ELK G `�� � E F ù � (7.13)

whereparameter� runsover all possiblestatesprecedingEBK and M ø EBK G Õ �I ù
denotesthe cumulatedbestpathprobability of reachingstate EBK andhaving
emittedthepartialsequenceÕ �I .

Thus, when using discriminantHMMs, it is possibleto usethe Viterbi
decodingand training proceduresdescribedin Chapter3 in which the local
contributions ÷lø E �K G E � ¢JIF ù ÷lø `º� G E �K ù arereplacedby ÷lø E �K G `º� � E � ¢JIF ù

.

7.2.5 MLPs for Discriminant HMMs

Varyingthehypotheses(7.8)and(7.9),it is possibleto defineotherconditional
transitionprobabilitiesthatcanbeusedin discriminantHMMs. Basedon the
fact that MLPs areapproximatingposteriorprobabilities(i.e., probability of
theoutputclassesassociatedwith theoutputunits,conditionedon thepattern
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presentedat the input of theMLP), differentconditionalprobabilitiesfor use
in (7.7)canbeestimatedby MLPs.

Case1: ÷lø E � G Õ �ba � ¢JII ù y ÷lø E � G ` � � E � ¢JI ù .
This is the simplestMarkovian assumption,which hasbeendescribed
above. Thisprobabilitycanbeapproximatedby a“recurrent”MLP with
thecurrentacousticvector ` � andtheprevious stateE � ¢JI at the input.
However, this is not truly arecurrentnetwork. During(Viterbi) training,
theacousticvectorsarelabeledandthestateassociatedwith theprevi-
ousacousticvectoris known. Wehave thusall therequiredinformation
to feed the network and estimatethe transitionprobabilities. During
recognition,E � ¢JI is givenby thetopologyof theMarkov model.How-
ever, sinceevery stateusuallyhasseveralpossiblepredecessors,it will
benecessaryto run thenetwork severaltimes(onerunperpossiblepre-
decessor)to estimateall thetransitionprobabilitiesthatarenecessaryto
performtheDTW. Anothersolutionconsistsin feedingbackthewhole
outputvectorto theinput (case3).

Case2: ÷lø E � G Õ �ba � ¢JII ù y ÷lø E � G `º� �ba � ¢JI� ¢ F ù .
In thiscase,thedependenceis extendedto the � precedingstatesandan
MLP containingthe currentacousticvectorandthe � precedingstates
could,in principle,estimatethisprobability. However, severalproblems
plaguethis approach.This first problemis theexcessive numberof pa-
rameterswhich requiresa hugeamountof trainingdata.Of course,the
advantageof neuralnetworks is thatwe caneasilycontrol this number
of parametersby varying thenumberof hiddenunits. However, in this
case,thereis a risk of gettingvery poor estimatesof the probabilities.
Anotherpossibilityis to keepthenumberof parameterslargeandto use
cross-validation techniques(seeChapter12) to avoid overtrainingand
to getthemaximumof thetrainingdata.

A secondproblemis relatedto the recognitionprocessitself; it is not
yet known how to usehigh-orderprobabilitiesin a Viterbi-basedDTW.
Indeed,not only will it be necessaryto run the samenet several times
to get the contributionsof all possiblesetsof previous statesequences
(given by the HMM topology) but the DTW processwill have to be
modified to take all of thesepossiblesequencesinto account. In this
case,it can be shown that, to preserve DTW optimality, the memory
andcomputationalrequirementswill increaseexponentially, makingthe
searchintractable.

Case3: ÷lø E �F G Õ �ba � ¢JII ù ypo �F y ÷lø E �F G ` � � o � ¢JI ù , where o �F representsthe
MLP outputfor classE F at time ü and o � y ø o � I �h�h�h�;� o ��

ù ¿ is theMLP
outputvector.
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In thiscase,weassumethattheconditionalprobabilitiesdependonly on
thecurrentacousticvectorandonall thepreviousconditionalprobabili-
ties(attime �rq�� ). Theseprobabilitiescanbegeneratedby atruly recur-
rentMLP feedingbackall theoutputvaluesto theinput field. This ap-
proachwasalreadyusedin [Jordan,1986]asaspeechproductionmodel
andhasnot beenfully exploredyet for speechrecognition. Recently,
anapproachsimilar in spirit to this but feedingbackhiddenvectorsin-
steadof outputvectorswassuccessfullyusedin a hybrid HMM/MLP
approach[Robinson& Fallside, 1990]. This makes sensesincesim-
ilar behaviors canprobablybe obtainedwhetherthe feedbackis from
the hiddenor from the outputunits.1 In this case,the local probabili-
tieswill dependon theprobabilitiesof all theprevious states.It is not
clear, however, whethertheoptimality of DTW of theViterbi algorithm
is preserved.

Case4: ÷lø E � G a � ¢JII � Õ ù y ÷lø E � G Õ �DÖb×� ¢ × ù .
In this casethe dependenceon the previous state(s)is replacedby a
dependenceon the observations in a context of width �:Ô�� � . These
probabilitiescanbeestimatedby a feedforwardMLP with a contextual
input window containing,at time � , the setof acousticvectors Õ �:Öb×� ¢ × .Although this is no longerstrictly a Markov model, the sameformal-
ism appliesandtheprobabilitiesestimatedby theMLP canbeusedin
standardViterbi algorithms(traininganddecoding).

7.3 Problem

“Failure is an opportunity to learn” - In 1988, we testedthe discriminant
HMMs proposedabove in the DECIPHERsystem[Cohenet al., 1990] de-
velopedat SRI International,oneof the bestspeaker-independent, large vo-
cabulary, continuousspeechrecognitionsystems,by simply replacingthe lo-
cal contributions by the discriminantprobabilitiesobtainedat the output of
the MLPs discussedabove. On the perplexity 1000 (no grammar)speaker-
independentDARPA ResourceManagement(RM) task, a word recognition
errorrateof 130%wasrecorded[unsurprisinglyunpublished].2

Givenourobviouslackof basicunderstandingof somefundamentalprob-
lems,we decidedto focuson case4 only, theeasiestformalism.As shown in
thefollowing, this strategic retreathelpedusto understandseveralbasicprin-
ciplesof discriminantMarkov modelsandtheir underlyingproblems. Now,

1This is a greattopic,andonewhich a numberof usareexaminingnow, but it falls outside
of thescopeof thisbook.

2This wasprobablynot dueto any fundamentalproblem;we weremostlikely just ignorant
of thepracticaldetailsof how to make this approachwork. Sometimesit is necessaryto retreat
to a simplerprocedureto learnthebasics,andthis is whatwe did.
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usingessentiallythe sameapproach,we have improved our accuracy to 70-
80% on the sametask (with no grammar)andareable to improve standard
versionsof DECIPHERsignificantly[Renalset al., 1992].Theseresultswere
only achieved after learninga numberof thingsthat werenecessaryto make
thishybridapproachwork. Thesewill bediscussedin thefollowing sections.

7.4 Methods for Recognitionat Word Level

As shown by theoreticalandexperimentalresultsin Chapter6, MLP output
valuesmay be consideredto be estimatesof MAP probabilitiesfor pattern
classification.As shown in Section7.2 theseMLP outputscanalsobeusedas
local probabilitiesin discriminantHMMs. Either theseor someotherrelated
quantity(suchastheoutputnormalizedby theprior probabilityof thecorre-
spondingclass)may be usedin a Viterbi searchto determinethe besttime-
warpedsuccessionof states(speechsounds)to explain the observed speech
measurements.This hybrid approachhasthepotentialof exploiting the inter-
polatingcapabilitiesof MLP while usingthe DTW procedureto capturethe
dynamicsof speech.In this way, mostof the drawbacksof standardHMMs
(i.e., lack of discrimination,a priori choiceof probability densityfunctions,
poorcontextual information)aretackledby theMLP while thetemporalchar-
acteris handledby theHMM formalism. For continuousspeechtraining,an
iterative processalternatingMLP trainingandViterbi matchingcanbeusedto
improve initial segmentationpoints.In thiscase,Viterbi matchingprovidesus
with asegmentationof thetrainingmaterialand,consequently, with thetarget
function neededfor training the MLP. Convergenceof this processhasbeen
provedin [Bourlard& Wellekens,1990].

However, to achieve word level performancecomparableto whatwe had
achieved at the framelevel, several modificationsof this basicschemewere
necessary[Bourlard& Morgan,1990;Morgan& Bourlard,1990b].

7.4.1 MLP Training Methods

Cross-validation

Ourfirst majorimprovementcamein theform of a fundamentalchangein our
training strategy. The networks that wereultimately successfulin the recog-
nition taskusedhundredsof thousandsof parameters.Originally we trained
thesenetworksby a criterionbasedon trainingsetclassificationperformance.
This resultedin overtrainingandvery poorgeneralizationperformanceon the
testset.

A new cross-validationtrainingalgorithmwasdesignedin whichthestop-
ping criterion was basedon performancefor an independentvalidation set
[Morgan& Bourlard,1990a].In otherwords,trainingwasstoppedwhenper-
formanceon a secondsetof databegangoing down, andnot whentraining
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errorleveledoff. Thisgreatlyimprovedgeneralization,whichcouldbefurther
testedona third independenttestset.

For more informationaboutthis cross-validationprocedure,seeChapter
12.

Other Impr ovements

Amongotherimprovementsin ourtrainingmethod(includingsomedeveloped
morerecently),were:

1. On-line training– insteadof off-line training... of course!SeeSection
4.3.6.

2. Trainingcriterion– usingtherelative entropy insteadof LMS criterion.
This was particularlyhelpful for avoiding local minima andspeeding
up convergence. The correctionresultingfrom this criterion is always
linearanddoesnot saturateif we areon oneof thetails of thesigmoid
(wherethecorrectionis negligible)

3. Initialization of outputbiases– asmentionedin Section6.4.4,consis-
tentwith sometheoreticalarguments,it wasobservedthatoutputbiases
roughlyencodedclasspriors. As a consequence,we initialized theout-
put biasesto thelog (odds)of thea priori probabilitiesof theclassesas
they wererepresentedin thetrainingdata.Thisappearedto significantly
speedup thetrainingprocess,aswell asslightly improve theresults.

4. Randompatternpresentation– In earlierformsof our analysiswe pre-
sentedthe datasequentiallyaccordingto the speechsignal. This can
beslow, sinceit requiresa very low learningratein thecaseof on-line
training. In anotherversion,we scrambledthedatato make surethata
differentclasswaspresentedfor everyupdateof thenetwork; this led to
betterresultsandfasterconvergence.More recently, we presentedthe
speechvectorsat random(while preservingthe priors!), which further
speededupMLP training,andalsoslightly improvedtheresults.

5. Learningheuristics– We found it helpful to reducethe learningrate
whencross-validationindicatedthata given ratewasno longeruseful.
Additionally, we ultimately found that after the first reduction,only a
singleepochat eachratewas useful, so we no longer ran the second
epochfor any rate after the first. This heuristicalmostcut down the
numberof epochsby two, andhadessentiallyno effect on final perfor-
mance.SeeSection7.7.1for furtherdiscussion.

6. Fasthardware– theRAP machinedevelopedat ICSI (seeChapter11).
While not analgorithmicimprovement,having fasthardwareandflexi-
ble softwarepermittedusto shift from discretefeatures(for which nets
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couldbetrainedonourworkstations)to continuousfeatures,whichgave
usmuchhigherperformance.3

7.4.2 Posterior Probabilities and Lik elihoods

In theoriginal scheme[Bourlard& Wellekens,1990]proposedin Section7.2,
it wasshown that MLP outputscanbe usedin discriminantHMMs directly.
However, while this helpedframeperformance,it hurtwordperformance(see
tablesin Chapter6 andTable7.1).Weultimatelyrealizedthatthiswas(at least
partly) dueto a mismatchbetweentherelative frequency of phonemesin the
trainingsetsandthepriorsimposedby thetopologyof theHMMs usedduring
training. As discussedin Section7.8, this is a typical problemof discrimi-
nanttraining. Division by the prior classprobabilitiesasestimatedfrom the
trainingsetremovedthis effect of thepriorson theDTW. This led to a small
decreasein frameclassificationperformance,but a large(sometimes10- 20%
in raw percentages)improvementin word recognitionrates(seeTable7.1and
accompanying description).SeeSection7.8 for furtherdiscussionaboutthis
problem.

7.4.3 Word Transition Costs

Duringword recognitionweobservedthatto balancethenumberof insertions
anddeletions(asis usuallydonein any continuousspeechrecognition,orCSR,
system)we consistentlyneededto increasetheword transitioncostfor larger
contextual windows. In phenomenoncanbeobserved in Table7.1 wherethe
“optimal” word transitioncostsarereportedfor two differentMLP contextual
widths.

A reasonablevaluefor this canbedeterminedfrom recognitiononasmall
numberof sentences(e.g.,50),choosinga valuewhich resultsin insertionsat
mostequalto thenumberof deletions.While this typeof tuning is common
to HMM systems,thesystematiccorrelationto thewidth of the input context
wassomethingwehadnot realizedprior to theseexperiments.

This canbeexplainedin termsof thedegreeof correlationof thesucces-
sive patternspresentedat the input of the MLP. As notedearlier, MLPs can
indeedmake betterframelevel discriminationsthansimplestatisticalclassi-
fiers,becausethey caneasilyincorporatemultiple sourcesof evidence(mul-
tiple frames,multiple features)without simplifying assumptions.However,
whentheinput featureswithin a contextual window areroughly independent,
theViterbi algorithmwill alreadyincorporateall of thecontext in choosingthe
bestHMM statesequenceexplaining an utterance.If emissionprobabilities
areestimatedfrom theoutputsof anMLP whichhasa �:Ôb� � framecontextual

3It is a cliche thatalgorithmscanhave a muchbiggereffect on run time thana fastercom-
puter. This is true,but try runninganN-body problemon your hand-calculatorsometime.N
hadbetterbe1.
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input, theprobability to observe a featuresequenceØ;` I � `ts �h�h�h�=� ` § Ú (where`º� representsthe featurevectorat time � ) on a particularHMM state E F is
estimatedas: §ú� T I ÷lø ` � ¢ × �h�h�h�M� ` � �h�h�h�M� ` �DÖb×ZG E F ù
whereBayes’rule hasalreadybeenusedto convert theMLP outputs(which
estimateMAP probabilities)into MLE probabilities. If independenceis as-
sumed,and if boundaryeffects (context extendingbefore frame 1 or after
frameN) areignored(assumeø �:Ô �©� ùvu X ), thisbecomes:§ú� T I ×ú» T ¢ × ÷lø `��:Ö » G E F ù y §ú� T I q ÷_ø `º� G E F ùUw s@×�Ö I
wherethelatterprobabilityis just theclassicalMaximumLikelihoodsolution,
raisedto the power �:Ô[��� . Thus, if the featuresareindependentover time,
to keeptheeffect of transitioncoststhesameasfor thesimpleHMM, thelog
probabilitiesmustbescaleddown by thesizeof thecontextual window. Note
that, in themorerealisticcasewheredependenciesexist betweenframes,the
optimalscalingfactorwill belessthan �:Ôb�ã� , down to aminimumof 1 for the
casein which framesarecompletelydependent(e.g.,samewithin a constant
factor).Thescalingfactorshouldthusreflectthetime correlationof theinput
features. An equivalent effect is achieved by increasingthe word entrance
penalties,sothatthey areraisedto apower thatis comparableto thescalingof
thelog probabilities.

Thus,if thefeaturesareassumedindependentover time,thereis noadvan-
tageto be gainedby usingan MLP to extract contextual informationfor the
estimationof emissionprobabilitiesfor anHMM Viterbi decoding.In general,
the relationbetweentheMLP andMLE solutionswill be morecomplex, be-
causeof interdependenceover time of theinput features.However, theabove
relationmay give someinsightasto thedifficulty we have met in improving
word recognitionperformancewith asinglediscretefeature(despitelargeim-
provementsat the framelevel). Statedmorepositively, our resultsshow that
theprobabilitiesestimatedby MLPscanbeusedat leastaseffectively ascon-
ventionalestimates,andthat someadvantagecanbegainedby incorporating
moreinformationfor theestimationof theseprobabilities.

7.4.4 Segmentationof Training Data

Muchaswith HMM systems,aniterativeprocedurewasrequiredto timealign
thetraininglabelsin amannerthatwasstatisticallyconsistentwith therecogni-
tionmethodsused.In oneexperiment,wesegmentedthedatausinganiterative
Viterbi alignmentstartingfrom asegmentationbasedonaveragephonemedu-
rations,andterminatedat thesegmentationwhich led to thebestperformance
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on an independenttestset(seeSection7.6 for further discussionaboutthis).
This techniqueconsistentlyimprovedourconcomitantword recognitionto be
betterthanwe could achieve eitherwith theearlierHMM/MLP techniqueor
thepureHMM technique(using,for bothcases,HMMs with asingledistribu-
tion for eachphoneme,andasinglevector-quantizedfeature).

7.4.5 Input Features

For the experimentsreportedin this chapter, simplevector-quantizedinputs
wereused. Sincethe RAP (Chapter11) wasnot available at the beginning
of our work, this choicemainly aimedat reducingtheCPUrequirementsfor
training. In this case,we hadbinary inputsandonly additions(for the bits
thatwere“on” at theinput)betweentheinput andhiddenlayer. However, this
resultedin avery largeinput layerfor whichnohiddenlayerwasnecessary. It
canbeshown thattheprobabilitythatbinaryvectorsareorthogonal(and,con-
sequently, linearly separable)tendsquickly to � asthedimensionof thespace
increases(see,e.g.,[Kanerva, 1988]). However, this alsoexplainswhy some
of the reportedresultswerelow by currentstandards(althoughwe compared
themwith equivalentHMMs).

We will seein the next chapterthat incorporatinggoodcontinuousinput
featuresimprovesperformancesignificantly.

7.4.6 Better SpeechUnits and PhonologicalRules

In our earlier developmentswe only useda small numberof phoneme-like
classeslimited to about60; no modelsof phonemiccontext wereused. Ad-
ditionally, we useda single-pronunciation lexicon of concatenatedphoneme
models. Later on, we extendedour phonemeset somewhat, usedcontext-
dependentmodels(Chapter9), andintegratedour systemin a full-scalerec-
ognizerthatusedphonologicalrulesto generatemultiplepronunciations.4 Al-
thoughthis alwaysimproved our recognitionperformance,it is still interest-
ing to develop a simplecontext-independent system. Recently[Robinsonet
al., 1993] we have seenthat the performancewe can achieve with hybrid
HMM/MLP approachand context-independentphonemesis comparableto
what hasbeenachieved with muchlarger andcomplex systems.The hybrid
approach,however, leadsto asimplersystemthatcontainsmany fewerparam-
eters.It canbearguedthatasimpleHMM describedin termsof verypowerful
emissionprobabilities(ideally containingall the informationaboutthe input
andoutputsequencecorrelation)may be moregeneralandpotentiallybetter
thanavery complex HMM in whicheachstateis modeledby “simple” pdfs.

4This wastheSRI DECIPHERsystem,andthe integration,aswell asmuchfurtherdevel-
opment,waslargelydoneby Mike Cohen,HoracioFranco,andVictor Abrashat SRI.
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7.5 Word RecognitionResults

In thefirst setof experiments,weusedthespeaker-dependentGermandatabase
(calledSPICOS[Ney & Noll, 1988])thatwasusedin Chapter6 to assessour
frame performancewith MLPs. The speechhad beensampledat a rate of
16 kHz, and30 pointsof smoothed,“mel-scaled”logarithmicspectra(over
bandsfrom 200 to 6400Hz) werecalculatedevery 10-msfrom a 512-point
FFT over a 25-mswindow. For theseexperiments,themel spectrumandthe
energy werevector-quantizedto pointersinto a singlespeaker-dependent ta-
ble of prototypes.Thearchitectureandtrainingprocedurefor theMLP were
alreadydescribedin Section6.6.2. The output layer of an MLP (trainedon
automatically-labeledphonemes)wasevaluatedfor eachframe,and(afterdi-
vision by the prior probability of eachphoneme)was usedas the emission
probability in a discreteHMM system.In this system,eachphoneme� was
modeledwith a singleconditionaldensityassociatedwith theparticularMLP
outputclassE F , repeatedx Ä � times,wherex wasaprior estimateof thedura-
tion of thephoneme.Only selfloopsandsequentialtransitionswerepermitted.
ThegenericphonemicHMM andMLP modelsarerespectively representedby
Figure7.1and7.2.

qk qk qk

Figure 7.1: GenericphonemicHMM with a singleconditionaldensityesti-
matedonthe � -th MLP outputunit associatedwith HMM stateE F , anda single
staterepeatedx Ä � times,where x is theaverage duration of thephoneme.

A Viterbi decodingwasthenusedfor word recognition,with wordsbuilt
up by concatenatingphonememodels.We evaluatedon thefirst hundredsen-
tencesof thetestsession(on which word entrancepenaltieswereoptimized),
andourbestresultswerevalidatedby a furtherrecognitiononthesecondhun-
dredsentencesof the testset. Note that this samesimplifiedHMM wasused
for boththeMLE referencesystem(estimatingprobabilitiesdirectly from rel-
ative frequencies)andtheMLP system,andthat thesameinput featureswere
usedfor both.

Table7.1shows therecognitionrate(100% q error rate,whereerrorsin-
cludesinsertions,deletions,andsubstitutions)for the first 100 sentencesof
the testsession.All runsexceptthe last weredonewith the 20 hiddenunits
in the MLP, assuggestedby the resultsabove. Note the significantpositive
effect of division of theMLP outputs,which aretrainedto approximateMAP
probabilities,by estimatesof the prior probabilitiesfor eachclass(denoted
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Output Layer

Hidden Layer

p(qk | X
n+c), ∀k = 1, …, Kn-c

xn-c xn-1 xn xn+1 xn+c

512 - 1,024 hidden units

Figure 7.2: GenericMLP for probability estimation. Hidden layer is used
for continuous(real-valued)input Õ , no hiddenlayer required for discrete
(binary) Õ . In thesimplestcase, Õ is thefeature vectorfroma singleframe,
but it can include features from surrounding framesas well. The E F ’s are
the classes(associatedwith HMM states)for which the MLP is trainedas a
classifier.

“MLP/priors” in Table7.1).
Not shown herearetheearlierimprovementsrequiredto reachthis level of

performance,whichwereprimarily themodificationsto thelearningalgorithm
describedabove. Additionally, word transitionprobabilitieswereoptimized
for boththeMaximumLikelihoodandMLP styleHMMs. This led to a word
exit probability of �hÃ ¢ ö for the MLE andfor 1-frameMLP’s, and �hÃ ¢JI î for
anMLP with 9 framesof context. Theseoptimalwordtransitioncostsarealso
givenin Table7.1whereit canbeobserved that larger input windows require
muchsmallerword transitioncosts.Thereasonfor this is explainedfurtherin
thissection.

After theseadjustments,performancewasessentiallythesamefor thetwo
approaches.Performanceon the last hundredsentencesof the test session
(shown in the lastcolumnof Table7.1) validatedthat thetwo systemsgener-
alizedequivalentlydespitethesetunings.
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system sizeof word transition % correct
method context cost test validation

MLP 1 �hÃ ¢ ö 27.3
MLP/priors 1 �hÃ ¢ ö 49.7

MLP 9 �hÃ ¢JI î 40.9
MLP/priors 9 �hÃ ¢JI î 51.9 52.2
MLP/priors 9 �hÃ ¢JI î 53.3
(nohidden)

MLE 1 �hÃ ¢ ö 52.6 52.5

Table 7.1: Word recognition rate on SPICOS database (speaker
m003) for different hybrid HMM/MLP approaches (MLP = no division
of output values by priors, MLP/priors = division by priors) compared
with standard HMMs trained with MLE criterion.

An initial time alignmentof the phonetictranscriptionwith the data(for
this speaker) had previously beencalculatedusing a programincorporating
speech-specificknowledge[Aubert,1987].This labelinghadbeenusedfor the
targetsof the frame-basedtrainingdescribedabove. We thenusedthis align-
mentasa“bootstrap”segmentationfor aniterativeViterbi procedure,muchas
is donein conventionalHMM systems(describedfurther in thenext section).
As with the MLP training, the datawas divided into a training and cross-
validationset,and the segmentationcorrespondingto the bestvalidationset
frameclassificationratewasusedfor later training. For bothcross-validation
procedures,we switchedto a training set of 150 sentences(two repetitions
of 75 sentences)and a cross-validation set of 50 sentences(two repetitions
of 25 each). Finally, sincethe bestperformancein Tables6.2 and7.1 were
achievedusingno hiddenlayer, we continuedour experimentsusingthis sim-
pler network, which alsorequiredonly a simpletraining procedure(entropy
error criterion only). Table7.2 givestheperformancefor the full 200 recog-
nition sentences(test+ validationsets),which shows a distinct improvement
over thesimplerMLE approach.5

7.6 Segmentationof training data

A problemin applyingMLP methodsto speechis the apparentrequirement
of hand-labeledframesfor MLP training. To remove this obstacle,we have
workedon embeddingtheMLP trainingin a Viterbi algorithm,iteratively im-

5Whenwefirst showedthisresult,acommoncommentwas,“Youarecomparingapplesand
oranges.TheMLE resultuses1 frameof inputandtheMLP uses9.” Precisely. Thepointhere
is thedifferencebetweentheappleandtheorange.TheMLP providesaconvenientandflexible
way to incorporatetheinformationfrom the9 frames,while theMLE doesnot.
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method context test

MLP/priors 9 65.3
(nohidden)

MLE 1 56.9

Table 7.2: Word recognition rate on SPICOS (speaker m003) us-
ing iterated Viterbi segmentation: MLP/priors = hybrid HMM/MLP
approach with MLP output values divided by priors, MLE = HMMs
using standard maximum likelihood estimate.

proving aninitial segmentationassuggestedearlierin [Bourlard& Wellekens,
1990]. Preliminaryresultsshow that we can generatea segmentationfrom
a simple (e.g., linear) initialization, much as is donein conventionalHMM
systems.

As we still want to usecross-validation techniquesfor the MLP training
andfor theViterbi matchingin anunsupervisedway, severalmodificationsof
the original schemewerenecessary, andarebriefly describedhere. Starting
only with the phonetictranscriptionof the training andcross-validationsets,
thesetwo setsof sentencesarelinearly segmented,respectively providing the
MLP outputtargetsfor thetrainingsetaswell asfor thecross-validationset.
The MLP can then be trained(using cross-validation), which provides new
weightsand,consequently, new emissionprobabilitiesfor theViterbi match-
ing. Usingthisnewly trainedMLP, Viterbi matchingis performedonthetrain-
ing andcross-validationsets,providing uswith new segmentationsand,con-
sequently, with new outputtargetsfor MLP trainingandcross-validation.This
processis iterateduntil thescore(productover all theoptimalpathprobabili-
ties)onthecross-validationset(andnotonthetrainingset)beginsto decrease.
Thus,two cross-validationstake placein this process:onefor theMLP itself,
andonefor theViterbi matching.Thisnew Viterbi traininghasbeenobserved
to convergeto segmentationsvery closeto thebootstrapsegmentation.In par-
ticular, for 200sentences,lessthan4% of theframeswerelabeleddifferently
by thisautomaticprocedurethanthey hadbeenby carefulclassificationof the
framesusingthebootstrapprocedure.Thisresult,showing theeffectivenessof
embeddingMLP trainingin a Viterbi segmentation,appearsto have removed
amajorhandicapof MLP use,therequirementfor hand-labeledspeech.

We duplicatedour recognitiontestsfor two otherspeakersfrom thesame
database.Sincebootstrapsegmentationdatawerenotavailablefor thesespeak-
ers, we labeledeachtraining set (from the original male plus a male and
a femalespeaker) using a standardViterbi iteration initialized from a time-
alignmentbasedon a simpleestimateof averagephonemeduration.This re-
ducedall of therecognitionscores,illustratingtheeffect of a goodstartpoint
for the Viterbi iteration. However, ascanbe seenfrom the Table7.3 results
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speaker MLE MLP

m003 54.4 59.7
m001 47.4 51.9
w010 54.2 54.3

Table7.3: Word recognition rates for 3 speakers on SPICOS, simple
initialization of the Viterbi training.

(measuredover the full 200 recognitionsentences),the MLP-basedmethods
appearto do at leastaswell asthe simplerestimationtechnique.In particu-
lar, theMLP systemperformedsignificantlybetterthantheMLE øì÷ ó0Ã � Ãp� ù
for two out of threespeakers,aswell asfor a multi-speaker comparisonover
the threespeakers(in eachcaseusinga normalapproximationto a binomial
distribution for thenull hypothesisthatthetwo systemswereequivalent).

7.7 ResourceManagement(RM) task

7.7.1 Methods

For the DARPA RM data,initial developmentwasdoneon a singlespeaker
to confirm that the techniqueswe developedfor the Germandatabasewere
still applicable.Althoughweexperimentedslightly with thisdata,theultimate
systemwassubstantiallyunchanged,with theexceptionof theprogrammodifi-
cationsrequiredto usedifferentVQ features(describedbelow). Final reported
scoresaregiven for the11 speakerswhich wereleft out in the development.
For eachspeaker, weused400sentencesfor training,100for cross-validation,
andafinal 100for recognition.6 A transcriptionfor eachsentencewasderived
from the mostlikely pronunciationsobserved in a large speaker-independent
database.7 For eachspeaker, we initialized a Viterbi algorithmby assuminga
segmentationobtainedby assigninga lengthto eachphonemein thephonetic
transcriptionwhich camefrom a table of averagephonemelength (normal-
ized to the lengthof the actualsentence).The labelswere usedto train an
MLP on the 400 sentencesfor that person.Using probabilitiesgeneratedby
the MLP, the Viterbi wasthenusedto generatephonemicframelabels. The
trainingandViterbi phasesweretheniterateduntil frameclassificationon the
cross-validationsetconverged.

Input featuresusedwerebasedonthefront endfor SRI’sDECIPHERsys-
tem [Cohenet al., 1990], including vectorquantizedmel-cepstrum(12 coef-
ficients),vectorquantizeddifferenceof mel-cepstrum,quantizedenergy, and

6In later experiments,we trainedon 500 sentencesanduseda separateevaluationset for
recognition.Resultswereessentiallythesame.

7Suppliedby M. Cohenof SRI.
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quantizeddifferenceof energy. Both vectorquantizationcodebookscontain
256prototypes.Energy anddeltaenergy wereeachquantizedinto 25 levels.
A featurevectorwascalculatedfor each10 msof input speech.Eachfeature
wasrepresentedby a simplebinary input layer with only onebit “on.” Nine
framesof context wereusedasinput to thenetwork, allowing four framesof
contextual informationon eachsideof the frameto beclassified.As we had
found in our SPICOSexperiments,a hiddenlayer wasnot usefulwhenVQ
featureswereused. The sizeof the output layer waskept fixed at 61 units,
correspondingto the61phonemesto berecognized.Theinputfield containedï æ ÝDõ �«y Ý+� Ã ÝDí units, and the total numberof possibleinputswas equal
to ÜÒæ«�hÃ&ySz . Thereweretypically about130,000training patterns(from the
400 training sentences).Of course,this representedonly a very small frac-
tion of the possibleinputs(or even of the inputswhich areplausiblefor real
speech),andgeneralizationwasthuspotentiallydifficult. Trainingwasdone
by the EBP algorithmusingthe relative entropy criterion. In eachiteration,
thecompletetrainingsetwaspresented,andtheparameterswereupdatedaf-
ter eachtraining pattern.To avoid overtrainingof theMLP, improvementon
the cross-validationsetwaschecked after eachiteration. If the classification
rateon thecross-validationsethadnot improvedmorethana small threshold,
theadaptationparameterof thegradientprocedurewasdecreased;otherwiseit
waskeptconstant.Trainingendedwhenimprovementon thecross-validation
set went below a secondthreshold. Performancewas insensitive to the ex-
actvaluesof thesethresholds.After someexperimentswith our development
speaker (dtd05),wesettledonaninitial adaptationconstantof .01with nomo-
mentumterm. The thresholdfor changingthe learningconstantwasinitially
setat .5%improvementon thecross-validationset,but wasthenresetto anin-
finite value(i.e., forcingachangein thelearningconstantafterevery iteration)
after thereductionfrom thefirst learningconstant.This heuristicappearedto
cut learningtimeroughlyin half withoutadverselyaffectingperformance.The
learningconstantwasreducedby a factorof two for eachchange.The final
stoppingparameterwassetat .5%improvementon thecross-validationset.

Theoutputlayerof theMLP wasevaluatedfor eachframe,and(afterdi-
vision by the prior probability of eachphoneme)was usedas the emission
probabilityin adiscreteHMM system.As with theSPICOSexperiment,each
phonemewasmodeledwith a singleconditionaldensity. A Viterbi decoding
wasthenusedfor recognitionof thefirst 30 sentencesof thecross-validation
set(on which word transitionpenaltieswereoptimized). The trainedsystem
was then testedon the final 100 sentencesfor eachspeaker. Note that this
samesimplifiedHMM wasusedfor boththeMaximumLikelihood(ML) ref-
erencesystem(estimatingprobabilitiesdirectly from relative frequencies)and
theMLP system,andthatthesameinput featureswereusedfor both.
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speaker MLE MLP

jws04 48.2 62.3
bef03 39.3 56.7
cmr02 59.5 70.9
dtb03 49.8 61.2
das12 63.8 76.5
ers07 45.4 58.3
dms04 58.0 69.1
tab07 60.8 70.5
hxs06 60.9 76.3
rkm05 37.9 53.8
pgh01 50.4 63.6

mean 52.2 65.4

Table 7.4: Context-independent word recognition rate on the
speaker-dependent DARPA Resource Management (RM) database,
no grammar, discrete features.

7.7.2 Results

Frameclassificationresults,asreportedin thepreviouschapter, showedstatis-
tically significantimprovementfor all RM speakers.Table7.4shows theword
recognitionrate(100%- error rate,whereerrorsincludeinsertions,deletions,
andsubstitutions)for the100testsentences.For theMLE case,emissionprob-
abilitieswerecomputedby assumingindependencebetweenthefour features
andmultiplying probabilitiesderivedfrom relative frequency over thetraining
set. The MLP, which incorporated9 framesof context, provided significant
improvement(p ó .001) for every individual case,aswell asfor the pooled
data. Thus,the MLP-basedmethodsconsistentlyshow measurableimprove-
mentover thesimplerestimationtechnique.

7.7.3 Discussionand Extensions

Theseresults(all obtainedwith no languagemodel,i.e., with a perplexity of
1,000for a 1,000word vocabulary) show someof theimprovementfor MLPs
over conventionalHMMs which onemight expect from the improved frame
level results. MLPs cansometimesmake betterframe level discriminations
thansimplestatisticalclassifiersdo,becausethey caneasilyincorporatemulti-
ple sourcesof evidence(multiple frames,multiple features),which is difficult
to do in HMMs without majorsimplifying assumptions.In general,the rela-
tion betweentheMLP andMLE wordrecognitionis morecomplex, becauseof
interdependenceovertimeof theinputfeatures.Partof thedifficulty with good
recognitionin theseexperimentsmayhave beendueto ourchoiceof discrete,
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vector-quantizedfeatures,for which no metric is definedover the prototype
space.In thenext chapter, it will beshown that it is possibleto improve per-
formanceby usingcontinuousfeatures,e.g.,mel cepstraor cepstraderivedby
PerceptualLinear Predictive (PLP) analysis[Hermansky, 1990a;Morgan et
al., 1991].WehavealsoappliedthestandardRM wordpairgrammar(perplex-
ity 60). Usingthesetechniques,we wereableto reduceword error to 4% for
speaker-dependent RM testsets;morerecently, usingbettersystems,we have
beenableto do this well on speaker-independent recognition(to bedescribed
next chapter). It now appearsthat the probabilitiesestimatedby MLPs may
offer improved word recognitionthroughthe incorporationof context in the
estimationof emissionprobabilities.8 Furthermore,theresultspresentedhere
show theeffectivenessof Viterbi segmentationin labelingtrainingdatafor an
MLP. This resultremovedanapparenthandicapof MLP use,therequirement
for hand-labeledspeech.

As notedpreviously, ourbestdiscreteHMM resultswereobtainedusingan
MLP with nohiddenlayer. Thissuggeststhat,for thecaseof asingleVQ fea-
ture,a singleperceptronmodelis rich enoughfor theprobabilisticestimation.
This network canalsobetrainedmoreeasilythannetworkswith oneor more
hiddenlayers,particularlywhenanentropy criterionis used.However, MLPs
usingcontinuousinputs (seeChapter8) requireda large hiddenlayer (512-
1,024units) and, consequently, were impracticalto train on standardwork-
stationsbecauseof the excessive computationtime requirement.Chapter11
will discussthe developmentof computationalcapabilitiesto supportthese
requirements.

7.8 Discriminati veTraining and Priors

As explainedin theprevioussection,beforeusingtheoutputvaluesof theMLP
asprobabilitiesfor HMMs, it isnecessarytodividethemby therespectiveprior
classprobabilities{}|�~%��� to getscaledlikelihoods;theseprior probabilitiesare
estimatedon the training datasimply by countingthe numberof timeseach
class~%�'���m�������������Y� , appearsin thetrainingset.

While thisgenerallydegradedclassificationperformanceattheframelevel,
we observed it to bevery importantin orderto getacceptableperformanceat
theword level. Sinceit hasbeenshown that,in theory, thetrainingandrecog-
nition proceduresusedin standardHMMs remainvalid for posteriorprobabil-
itiesonemight wonderwhy, in practice,it is necessaryto remove theeffectof
thepriorsfor recognition.

This might be explainedby a mismatchbetweenthe prior probabilities
givenby thetrainingdataandtheprior probabilitiesimposedby thetopology
of theMarkov models.In fact,oncetheHMM topology(includingtransition

8While theMLP caseuseda context inputof 9 framesandtheML did not,we notethatthe
MLE casedid usedeltafeaturesthatwereactuallycalculatedover 9 frames.
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probabilities)is chosen,theprior probabilitiesarealsofixed. For instance,if
classes~%� representphonemes,prior probabilities{�|�~%�9� ’sarefixedwhenword
modelsaredefinedasparticularsequencesof phonememodels,i.e.,particular
HMM topologies.This discussioncanbeextendedto differentlevels of pro-
cessing:for instance,if ~%� standsfor sub-phonemicstatesandif recognition
is drivenby a languagemodel,prior probabilities{}|�~Z��� arefixedby (andcan
becalculatedfrom) thephonemicHMMs, theword HMMs andthe language
model.Of course,theidealsolutionwouldbeto infer thetopologyof all these
modelsdirectly from thetrainingdata,by usingadiscriminantcriterionwhich
implicitly containsthe prior probabilities. In this case,at leastin theory, it
would bepossibleto startfrom fully connectedmodelsandto determinetheir
topologyaccordingto thepriorsobservedon thetrainingdata.Unfortunately,
this resultsin a hugeamountof parametersthat would requirean unrealistic
amountof trainingdatato estimatethemsignificantly. This problemwasalso
raisedin [Paul etal., 1991]in theframework of languagemodels.

Sincethe ideal theoreticalsolutionis not accessiblein practice,it is usu-
ally betterto getrid of thepoorestimateof theprior probabilitiesasgivenby
the actualtraining dataandto replaceour lack of training databy “a priori”
phonologicalor syntacticalknowledge. This conclusionappliesto discrimi-
nantcriteriain generalandto neuralnetworksin particular.

7.9 Summary

In this chapterwe presenteda new HMM formalism (discriminantHMMs)
that canusediscriminantlocal probabilitiesgeneratedby MLPs. Several ar-
chitectureswith theirrespectiveadvantagesandproblemshavebeendiscussed.
Despitethesimplicity of the theory, we learnedthat it wastricky to properly
interfaceMLPs andHMMs. Although discriminantHMMs shouldtheoreti-
cally leadto betterperformance,andhasindeedbeenshown improving frame
performance,it initially hurt word recognition.Thereasonsfor this have been
discussed,andanalternativeapproachhasbeenpresentedthatestimatesscaled
likelihoodsfrom MLP outputswhentheMLP ispresentedwith alocalacoustic
context. Evenin thiscase,severalmodificationsof thebasicschemewerenec-
essary(i.e.,cross-validation,increasedwordtransitioncosts,andsegmentation
of trainingdata)to gettheexpectedimprovements.

Theexperimentalresultsthathave beenpresentedhereshow someof the
improvementfor MLPs over conventionalHMMs thatonemight expectfrom
the frame level results. MLPs can make better frame level discriminations
thansimplestatisticalclassifiers,becausethey caneasilyincorporatemultiple
sourcesof evidence(multiple frames,multiple features),which is difficult to
do in HMMs without major simplifying assumptions.However, the relation
betweenthe MLP andMLE word recognitionis more complex, becauseof
interdependenceover time of the input features. Part of the difficulty with
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goodrecognitionmayalsobedueto our choiceof discrete,vector-quantized
features,for whichno metricis definedover theprototypespace.Thefeatures
we have beenusingwerechosenfor their effectivenessin HMM systems,and
differentcombinationsmay prove to be betterfor MLP inputs. In particular,
wewouldexpectthatfeaturecombinationsthathavenotbeenvector-quantized
shouldhave moreusefuldependencies(bothwithin-frameandover time) that
the MLP may be ableto learnandexploit. Despitetheselimitations, it now
appearsthat the probabilitiesestimatedby MLPs may offer improved word
recognitionthroughtheincorporationof context in theestimationof emission
probabilities.

As notedearlier, for this caseof discreteinputs,our bestresultswereob-
tainedusinganMLP with no hiddenlayer. This suggeststhat,for thecaseof
a singleVQ feature,a singleperceptronmodelis rich enoughfor theproba-
bilistic estimation.Thisnetwork canalsobetrainedmoreeasilythannetworks
with oneor morehiddenlayers,particularlywhenanentropy criterionis used.

Furthermore,theeffectivenessof Viterbi segmentationin labelingtraining
datafor anMLP hasbeenshown. This resultappearsto removeamajorhand-
icapof MLP use,i.e., therequirementfor hand-labeledspeech,andallows us
to handlemorecomplex HMMs.



Chapter 8

EXPERIMENT AL SYSTEMS

Nothingis inventedandperfectedat thesametime.
– Latin Proverb–

The work presentedin this chapter(and indeed,someof the writing as
well) hasbeendonein collaborationwith othermembersof the Realization
groupat ICSI (in Berkeley, CA), (andmoreparticularlyChuckWooters,Phil
Kohn, andSteve Renals,currentlyat Cambridge),Hynek Hermansky of US
WestAdvancedTechnologies(Denver, CO), andmorerecentlywith Michael
Cohen,HoracioFranco,andVictor Abrashof SRI (Stanford,CA). Theresults
of thiscontinuingwork arepresentedhereto show thatthehybridHMM/MLP
approachcanimprovestate-of-the-artlargevocabulary, continuousspeechrecog-
nition systems.

8.1 Intr oduction

In thepreviouschapter, wehavedescribedaphonemebased,speaker-dependent
continuousspeechrecognitionsystemembeddingthe Multilayer Perceptron
(MLP) into a HiddenMarkov Model (HMM). In this approach,theoutputsof
anMLP with contextual inputsareusedasemissionprobabilitiesin anHMM
recognizer.

Layerednetworks suchasMLPs canbe usedasjoint probability density
estimators,providing a smoothedinterpolationover multiple inputs. A pos-
sible advantageof theMLP over moreconventionaldensityestimatesis that
theformerassumesneitheraparticularparametricform of theprobabilityden-
sity, nor independenceof thesourcesof evidenceaboutthespeechclass.As
describedin the previous chapter, our early experimentswith this technique
wererestrictedto speaker-dependenttasks,andusedmultipleframesof vector-
quantizedmel cepstralfeaturesasinputsto thenet. We have shown thatMLP
probabilityestimatesyield betterrecognitionperformancethandiscretelikeli-
hoodsderived from thecountsof vectorindicesfor eachphonelabel. When

153
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continuousinput featuresareused,we expectmoresignificantdependencies
betweenfeaturesthanin the discretecase;if this is true, an MLP advantage
over conventionaldensityestimatesshouldbeyet moreobvious.

Further, whentheMLP usesseveralneighboringanalysisvectorsasits in-
put, it might incorporatetemporalinformationaboutthegivenspeechsegment
betterthanthecurrentstandardof vectorquantizeddeltacepstrum.However,
capturingthetemporalaspectof speechby usingamulti-frameMLP inputhas
its drawbackstoo: it increasesthesizeof thenetandthereforealsothenum-
berof parameterstheMLP needsto estimatefrom finite trainingdata. Thus,
givenafixedamountof trainingdata,thepowerof theMLP to utilize thetem-
poral information from the multi-frame input is limited. If we could find a
succinctinput speechrepresentationwhich sufficiently describesthetemporal
informationfor a givenspeechsegment,theMLP couldbemadesmallerand
computationallymoreefficient.

In Section8.2,we extendthehybrid recognitionsystemin severalways:

1. Continuousinput featuresratherthandiscretevector-quantizedonesare
used.

2. A speechrepresentationwhichhasbeenshown tobeeffectivein preserv-
ing linguistic information while suppressing speaker-
dependentvariations,the PerceptualLinear Prediction(PLP) analysis
technique[Hermansky, 1990a],is applied.

3. Theuseof dynamicspectralfeatures[Furui, 1986]asadditionalinputs
for our neuralnetwork estimatorsis investigated.Thedynamicspectral
featuresareestimatedasaweightedcombinationof cepstralcoefficients
from severalneighboringframes.WhentheMLP is presentedwith sev-
eralanalysisframesat a time, it could in principlecomeup with a sim-
ilar or evenbetterweightingscheme.Therefore,we arealsocomparing
performanceof thenetwork usingtheestimateddynamicfeaturesto the
performanceof thenetwith multiple-frameinput of staticfeatures.

4. Besidesthespeaker-dependentexperimentswith theDARPA Resource
Management (RM) database, we also experiment with
TIMIT (a speaker-independent continuousspeechdatabase).

Thesystemsinto whichwe havepreviously integratedconnectionistprob-
ability estimatorswereverysimple:context-independent phonemodels,single
densitymodels(with durationmodeling)andsinglepronunciationsof eachvo-
cabularyitem. In Section8.3wedescribetheintegrationof connectionistprob-
ability estimatorsinto a large speaker-independent HMM continuousspeech
recognitionsystem,SRI’s DECIPHER[Cohenet al., 1990]. DECIPHERis
a much richer systemthan the previous baselinesystemswe have used. It
includesmultiple probabilisticword pronunciations,cross-word phonologi-
calandacousticmodeling,context-dependentphonemodels,andmodelswith
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multiple densities.We will alsoquickly describetherecentformsof our own
recognizer, Y0,1 a simplersystemthat useda singlepronunciationper word
andasingledensityperphone.

8.2 Experimentson RM and TIMIT

8.2.1 Methods

As in the experimentsreportedin the previous chapter, we did our develop-
mentwork usingthetrainingsentencesfrom thespeaker-dependentportionof
theRM database.Initially, we used400sentencesfor training,100for cross-
validation[Morganet al., 1990a]to determinethe right amountof the MLP
training,andafinal 100for recognition.A transcriptionfor eachsentencewas
derived from the most likely pronunciations.In our discrete-featureexperi-
mentswe usedSRI’s vector-quantizedfeatures[Murveit & Weintraub,1988]
andinitializedaViterbi algorithmby asegmentationobtainedfrom anaverage
lengthof eachphonemein the phonetictranscription.Relative frequency of
co-occurrencesof codebookindicesandphoneticlabelswasthenusedto es-
timatetheemissionprobabilities.TheViterbi searchwasthenusediteratively
to generatea framere-labeling. This is the samesegmentationprocedureas
usedin thepreviouschapter.

For thespeaker-independent TIMIT experiments,we useda subsetof the
TIMIT databaseconsistingof 190 speakers,uttering5 (SX) sentenceseach.
Thesewerefurtherdividedinto a trainingset(152speakers),anda testset(38
speakers).2 Eachgroupwasroughlybalancedto matchtheTIMIT overallbal-
ancefor genderandfor regionaldialects.Thehand-marked TIMIT segments
(ratherthantheaveragedphonemelengthsusedin thespeaker-dependentex-
periment)wereusedfor theinitial segmentation.

Besidesthevectorquantizedmel-cepstralfeatures,thePLP cepstralvec-
tors were usedas input features. Essentially, PLP featuresare the cepstral
coefficientsof theautoregressive all-polemodelof theauditory-like spectrum,
wherethe latter is a critical bandintegratedpower spectrumwith an equal-
loudnesspre-emphasisanda cubic root nonlinearityto simulatethe auditory
intensity-loudnessrelation.3 Thesevalueswerecalculatedfrom a Hamming-
windowed20 msecframecalculatedevery 10 msec.In the following experi-
ments,we chosethe PLP featuresbecausethey area succinctrepresentation
of thelinguistically relevantportionof thespeechsignal[Hermansky, 1990a].
Typically we usethe first 6 cepstralcoefficientsof the 5th orderPLP model

1Pronounced“Why nought.”
2Giventhehigh perplexity of this speaker-independentdataset(about2000for theTIMIT

segmentused),thiswasundoubtedlyaninsufficient trainingset.
3Themaindifferencebetweenthemel cepstrumandthePLPcepstrumis in themethodof

spectralsmoothing,which is doneby cepstraltruncationin themel caseandby autoregressive
modelingin PLP.
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(log gainof themodelincluded)for thespeaker-independent experiments,and
we usethe first 13 cepstralcoefficients of the 12th order PLP model in the
speaker-dependent experiments.Suchsmallvectorspermitusto uselargehid-
denlayerswithoutexcessive requirementson theoverall sizeof theMLP (and
on thenumberof its freeparameters).4

For trainingof thenetwork, eachof thePLPcepstralcoefficientswasnor-
malizedfor zeromeanandunity varianceacrossall classes.Thenormalization
constantsarecurrently saved for usein recognition;however, our real-time
(on-line)recognizerstypically requiresomeadditionalkind of normalization.5

In additionto staticPLPfeatures,we testedtheutility of severaldynamic
features.In particular, we tried estimatesof thecoefficient’s slopeandcurva-
ture[Furui, 1986;Hanson& Applebaum,1990](1stand2ndtemporalderiva-
tives). Following [Furui, 1986], the temporalderivative was estimatedas a
linear regressionline throughthe 9 neighboringframes(a 5 frame window
alsoyieldedalmostidentical results),which is equivalent to a summationof
thoseframesunderatriangular-like odd-symmetricbutterflywindow. The2nd
temporalderivative estimateis thenequivalentto asummationof neighboring
framesunderaparaboliceven-symmetricwindow.

After someinitial experimentation,weuseda1024unit hiddenlayerMLP
in all experimentswith thecontinuousPLPfeatures.In thecaseof theVQ dis-
cretefeatures,we have usedanMLP with no hiddenlayer, which yieldedthe
bestresultsin our previousdiscrete-featureexperiments.In all cases,theout-
putscorrespondto DARPA phones(61for RM, 64for TIMIT). Testswererun
with a singleframe’s featurevectorasinput to thenetwork, andsubsequently
with a multi-frameinput of 9 featurevectorsfrom thetemporalcontext of the
currentframe.As before,trainingwasdoneby anerrorback-propagationalgo-
rithm usinganentropy criterionanda cross-validationapproachto adaptively
setthelearningconstantandto determinewhento stoptraining.Performance
was insensitive to the exact valuesof the initial learningconstantfor these
experiments.

Thetrainedsystemswerethentestedon thefinal 100sentencesof theRM
database(speaker dtd), or on 190 testsentencesfrom our TIMIT subset(38
maleandfemalespeakers). In eachcasetherecognizerusedtheViterbi algo-
rithm to determinethesequenceof single-densityphonememodelsfor which
theobservedfeaturesweremostlikely. Within-wordtransitionswererestricted
to self-loopsandmovesto thenext statein a phoneor word model.Thelatter
was just a concatenationof phonemodels;no state-skippingwaspermitted.
Transitionprobabilitiesbetweenstateswereassumedto be equallylikely for
all within-word cases.A new-word transitionprobability thatperformedbest

4In later experimentswith more training dataand fairly uniform speakers and recording
conditions,we foundthatwe couldbenefitfrom PLPordersrangingfrom 8 to 12, even in the
speaker-independentcase.

5At ICSI, weusetheRASTA filtering approach,whichdoesakind of on-linenormalization
of thefeatures[Hermansky et al, 1991].
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mel cepVQ PLP PLP PLP
TYPE (4 codebooks) +slope +slope

+curvature

FR 1 51.2 51.5 66.3 69.1
FR 9 67.9 69.8 72.4 72.6
WR 1 47.6 50.1 63.0 67.1
WR 9 63.5 65.2 70.7 70.1

Table8.1: Phonetic classification rate at the frame level and word recog-
nition accuracies of the HMM/MLP approach on speaker dtd05 of the
speaker-dependent RM database. FR and WR respectively stand for
frame and word classification rate while the next digit (1 or 9) stands for
the number of frames used at the input of the MLP.

for thefirst 30sentencesof thecross-validationsetwasused.
For comparisonin the caseof TIMIT, a Maximum Likelihoodclassifier

wastrainedusinga full-covarianceGaussianfor eachphonememodel.

8.2.2 RecognitionResults

TheMLP resultsaretabulatedin Tables8.1 and8.2. Thesetablesshouldbe
examinedwith someknowledgeof thesignificanceof smallvariationsin frame
or word accuracy. Resultsweretabulatedfrom testsetsof 37,901and62,693
framesfor RM andTIMIT, respectively. The word recognitionscoreswere
basedon914and1457wordsfor thetwo cases.Usinganormalapproximation
to abinomialdistribution to representrandomvariationin classificationscores,
a reasonablecriterion of “dif ference”betweenmethodscanbe shown to be
about.5% at the frame level andabout3% at the word level. Thus, results
muchcloserthantheseshouldbe consideredroughly equivalent,andresults
furtherapartreflecta significantdifferencebetweenmethods.

For the casesshown, thereis a clearupward progressionin recognition
accuracy from the Mel cepstralVQ discretefeatures,throughthe staticcon-
tinuousPLPfeaturesto thefull continuousPLPfeatureset,which includesall
thestaticfeatures,theslopeandthecurvature.

Adding onelevel of thedynamicfeatures(e.g.,goingfrom only thestatic
featuresto the featureswhich include the slope,or addingthe curvatureto
the setof staticandslopefeatures)never helpsasmuchasusing the multi-
frameinput of the lower-level features.However, the one-framedataof the
full setof the static,slopeandcurvaturefeaturesyields essentiallythe same
performanceasthemulti-frameinputof thestaticfeatures.Thiscanbeviewed
in 2 ways:1) givenfirst andsecondderivatives,nomoreinformationis needed
from the9 framesof context, or 2) from thestaticdataalone,thenetwork can
computeits own functionsthat are just asgoodas the derivatives. Still, the
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Perplexity = 998 Perplexity = 60
speaker MLP MLP

jws04 16.1 4.1
bef03 29.0 7.6
cmr02 18.6 4.1
dtb03 17.7 3.2
das12 10.5 1.8
ers07 25.0 4.9
dms04 11.9 1.6
tab07 13.4 2.3
hxs06 15.1 3.0
rkm05 30.8 8.6
pgh01 14.7 2.6

dtd05 17.0 3.8

mean 18.3 4.0

Table8.2: Context-independent word error rates, RM, continuous PLP
features.

bestperformanceis obtainedfrom themulti-frameinput of the full setof all
staticanddynamicfeatures.

Sincethe experimentdescribedabove, we have appliedthe standardRM
wordpairgrammar(perplexity 60). Additionally, we have improvedour train-
ing somewhatby usingrandompatternpresentation,pre-settingof unit biases
to negative values(log priors for theoutputunits),anda softmaxfunctionat
theoutputlayer.

Usingthesetechniques,we have achieved anaveragescoreof 4.0%error
for the wordpairgrammarcase,and18.3%error without a grammar. These
scores,shown in Table8.2,wereachieved for 1200RM developmentsetsen-
tences(100perspeaker) thatweretaken from the1990NIST CD, andusing
a singlearbitrarychoicefor theword transitionpenalty( �����<� ). Following a
smallamountof optimizationof thisparameter, wetestedonthe300Feb1991
speaker-dependent evaluationsentences(25 per speaker) andgot a scoreof
4.1%error for the wordpairgrammarcase,and19.1%error without a gram-
mar. Theseresultsarecomparableto thoseof thesitesthatreportedonthistest
setin theFeb1991DARPA evaluation.

For thesingle-framecasesof TIMIT, Table8.3alsoshows in bracketsthe
resultsof theconventionalstatisticalclassifiers(maximumlikelihoodGaussian
with a full covariancematrix for theword recognition,andincorporatingprior
phonemeprobabilitiesfor the frame level recognition). At the frame level,
theMLP is alwayssignificantlymoreaccuratethantheGaussian,althoughthe
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TYPE melcepVQ PLP PLP PLP
(4 codebooks) +slope +slope

+curvature

F 1 39.5 34.6(33.6) 44.3(39.2) 49.1(43.3)
F 9 48.0 50.9 53.8 54.8
W 1 7.3 12.1(10.9) 22.2(16.5) 25.1(18.6)
W 9 14.0 26.0 28.1 27.9

Table 8.3: Recognition accuracies of the HMM/MLP-based classifica-
tion for the speaker-independent TIMIT database. F and W respec-
tively stand for frame and word classification while the next digit (1 or 9)
stands for the number of frames used at the input of the MLP. Accura-
cies of the Gaussian classifier, when available, are given in brackets.

differenceis small for thestaticfeaturesonly. At theword level, this is also
truefor featurevectorsthat includethederivatives. Theseresultsindicatethe
non-Gaussiancharacterof the augmentedfeaturevectors. As expected,the
featuresetswhichdobetterin theconventionalclassifiersalsodobetterin the
MLP classification.Thissupportstheintuition thatfeatureselectionis notonly
importantfor conventionalpatternclassification,but for MLPsaswell.

The resultsof Table8.3 wereproducedat an early stageof the develop-
mentof our system,particularlythespeaker-independent tasks.They wereall
obtainedwith no explicit languagemodel, i.e., a perplexity of 2200 for our
subsetof TIMIT. For thespeaker-dependent RM case,we achieved a perfor-
mancethat was significantly better than our bestdiscreteinput score,even
whenthecurvatureis notused.A preliminaryexperimentwith thecontinuous
mel-cepstral12 features,(pluspower, andtheslopesfor these12 features)on
theTIMIT subsetgaveascoreof 52.7%attheframelevel (usingamulti-frame
input),which is slightly lower thanthescoreshown in thetablefor PLP-5plus
slopes(53.8%).At thewordlevel, thesefeaturesyieldedanaccuracy of 28.3%,
which is not significantlybetterthantheresultfor thePLP-5plusslopescase
(28.1%).Bothof thesecases,aswell astheVQ case,requiretheestimationof
a fairly similar numberof parameters(170,000- 300,000),althoughthePLP
caseis nearthebottomof this range.Theseresultssuggestthat the improve-
mentsover mel cepstralVQ resultsareprobablydueto theuseof continuous
inputsfor theMLP. They alsoshow that, for thespeaker-independent TIMIT
subset,thePLP-5is at leastasgoodasthelargermelcepstralvector. A similar
resultfor theRM speaker yieldedframeandwordscoresof 72.5%and67.9%,
respectively. Thelatterscoreis somewhatsmallerthanthecorrespondingPLP
+ slopescase.

For bothtasks,we seethebenefitof thecontinuousPLPfeaturesandtheir
temporalderivatives. For theTIMIT case,though,we have no clearcompar-
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ison to previous work at other sites. However, for the speaker-independent
RM task,Lee[Lee, 1989]reported25.8%word accuracy on his baselinesys-
temand40.1%accuracy on a laterversionof his system,which includedthe
cepstralderivative andfrequency-axiswarpingin theanalysis,but which still
usedonly context-independent phonemodels(asin oursystem).Giventhathis
trainingsetwasmorethan5 timeslarger thanoursandthathis taskhadless
thanhalf theperplexity of ourexperiment,weconsideredour28%wordrecog-
nition ratequiteencouraging.We thenappliedthesetechniquesto a speaker-
independenttaskwith morewidespreadevaluationon standardtestsets,the
ResourceManagementtask(seeSection8.3).

8.2.3 Discussion

We may make a numberof qualitative conclusionsbasedon the quantitative
resultsof thesepilot experiments:� The dynamicfeaturethat estimatesthe instantaneoustemporalderiva-

tiveof thecepstralcoefficients(slope)improvesbothwordandphoneme
level performancesignificantly. Thecurvature,while providing lessim-
provementthantheslope,clearly improvestheperformancefurther for
the1-framecase.Theseeffectscanbeseenfor bothMLP andGaussian
cases,sothattheresultis not restrictedto a particularclassifiertype.� Given the whole 9-framecontext, the net alwaysperformsbetterthan
whengivenonly 1-frameinputof thesamefeatures.� Given the whole 9-framecontext, the net alwaysperformsbetterthan
whengivenonly 1-frameinput of thesamefeaturesappendedwith the
vector of the onestephigher-level temporaldynamicfeatures(e.g.,9
framesof PLParebetterthan1 frameof PLPplusslope).� However, the1-framecombinationof the staticPLP, theslopeandthe
curvaturefeaturesperformsroughlyaswell asthemulti-frameinput of
thestaticfeatures.This finding canbeusedwith advantagein reducing
theMLP computationalrequirements.� Thevery bestperformanceis achievedusinga 9-framecontext window
of staticandall dynamicfeatures.Furtherexperimentsareneededhere
to determinewhetherthis is merelydueto theeffectively largeranalysis
window usedin thecomputationof the9 framesof derivatives.� TheMLP performsbetterthana Gaussianclassifierthatusesa full co-
variancematrixperphone,particularlywhendynamicfeaturesaugment
the static ones. This indicatesthat the extendedfeaturevector hasa
non-Gaussianmultivariatedistribution.



8.3. INTEGRATING THE MLP INTO DECIPHER 161� The continuousPLP featuresgive a betterperformancethan discrete
(vector-quantized)melcepstralfeatures;in fact,Tables8.1and8.2show
that PLP with no temporalderivatives doesat leastaswell asvector-
quantizedmel cepstrumincluding the derivatives. Initial testssuggest
that this is largely dueto thelack of quantizationin thecontinuousfea-
tures,althoughthepilot studydiscussedin theprevioussectionsuggests
that thePLPresultsaresomewhatbetterthanthemel cepstralonesfor
theframelevel on TIMIT, andtheword level for theRM speaker. Fur-
therexperiments,in particularwith modelorder, arerequiredto explore
thesedifferencesmorefully.

Theseresultswere achieved at a cost of over 100 TeraFLOPs. Sucha
computationwould have taken several yearson a SparcStation1+, andwas
possibleasa seriesof sporadicovernightrunsbecauseof a fast,parallelnet-
work trainingmachine,theRAP [Morganet al., 1990b;Morganet al., 1992]
(seeChapter11).

8.3 Integrating the MLP into DECIPHER

Thespeaker-independent recognitionexperimentsof theprevioussectionwere
instructive, but did not employ a languagemodel or have enoughtraining
datato yield goodperformance.Additionally, thesystemsinto which we had
previously integratedconnectionistprobability estimatorswerevery simple:
context-independent phonemodels,singledensitymodels(with durationmod-
eling) andsinglepronunciationsof eachvocabulary item. Our next stepwas
to integrateconnectionistprobabilityestimatorsinto a largeHMM continuous
speechrecognitionsystem,SRI’s DECIPHER[Cohenet al., 1990]. DECI-
PHERis amuchrichersystemthanthepreviousbaselinesystemswehadused.
It includesmultiple probabilisticword pronunciations,cross-word phonologi-
calandacousticmodeling,context-dependentphonemodels,andmodelswith
multiple densities.

Word modelsarerepresentedasprobabilisticnetworks of phonemodels,
specifyingmultiple pronunciations.Thesenetworks aregeneratedby theap-
plicationof phonologicalrulesto baseformpronunciationsfor eachword. In
order to limit the numberof parametersthat must be estimated,phonologi-
cal rules are chosenbasedon measuresof coverageand overcoverageof a
databaseof pronunciations.This resultsin networkswhichmaximizethecov-
erageof observedpronunciationswhile minimizingnetwork size.Probabilities
of pronunciationsareestimatedby the forward-backward algorithm,after ty-
ing togetherinstancesof the samephonologicalprocessin different words.
Phonologicalrulescanbespecifiedto applyacrosswords,addinginitial or fi-
nal arcswhich areconstrainedto connectonly to arcsfulfilling thecontext of
therule [Cohen,1989;Cohenetal., 1990].
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Context-dependentphonemodelsincludeword-specificphone,triphone,
generalizedtriphone,cross-word triphone(constrainedto connectto appropri-
atecontexts), andleft andright biphone(andgeneralizedbiphone).All these
modelsare smoothedtogether, along with context independentmodels,us-
ing thedeletedinterpolationalgorithm.Most phonemodelshave threestates,
eachstatehaving a self transitionanda transitionto the following state. A
smallnumberof phonemodelshave two states,to allow for shortrealizations.

In addition to the DECIPHERintegration, we have also beengradually
improving ourin-housesystem,Y0. Thisusesamuchsimplermodel,typically
incorporatingasingledensityperphoneandasinglepronunciationperword.

8.3.1 Coming Full Cir cle: RM Experiments

As notedearlier, our initial failure to integrateHMM and MLP approaches
wasnotedin experimentswith thespeaker-independent DARPA RM database.
For several yearswe restrictedour efforts to speaker-dependent recognition
while we learnedthe “tricks of the trade.” By 1991we werereadyto return
to theoriginal task.TheRM databaseuseda vocabulary of 998wordsandno
grammar(perplexity = 998)or awordpairgrammar(perplexity = 60). Wealso
collaboratedwith SRIInternationalonthiswork, in particularby incorporating
featuresfrom theirHMM recognizerasdescribedbelow.

For theseexperiments,a12thordermelcepstrumfront endwasused,6 pro-
ducing26 coefficientsper frame: energy, 12 cepstralcoefficientsandderiva-
tivesof eachstaticfeaturecomputedovera4-framewindow. Theinputsto the
MLP consistedof thecurrentframewith 4 frameseachof left andright con-
text, totalinga featurevectorlengthof 234.TheMLPs thatweusedcontained
512hiddenunits(a numberdeterminedby empiricalexperiments,tradingoff
representationalpower with computation)and 69 output units (correspond-
ing to 69 monophonecategories),giving a total of around150,000weights.7

Stochasticgradientdescenttrainingtypically requiredabout10passesthrough
thetrainingdatabaseof 1.3million frames.8 This requiredlessthan24 hours
computationtime,usinga5-boardRAP.

To train an MLP we requireda bootstrapmodel to producetime-aligned
phoneticlabels. In this casewe usedthe context-independent DECIPHER
systemto performthe forcedalignmentbetweenthe training dataandword
sequence.

The baselineDECIPHERsystemmodeledthe outputdistributions using
tied Gaussianmixtures.Trainingusedtheforward-backwardalgorithmto op-

6Despitesuccesswith PLP, mel cepstrawereusedherefor comparisonwith other results
from theSRI team.

7Ourmorerecentexperimentshaveall beendonewith 1000hiddenunits,resultingin around
300,000weights.SRI’scontext-dependentnetworkshave hadup to 1.5million weights.

8Recentimprovementsin our traininghave reducedthis to 5 passeswhile actuallyreducing
therecognitionerrors.
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timizeamaximumlikelihoodcriterion.
Weusedtwo setsof testsentencesfor evaluation.A 300sentencedevelop-

mentset(theJune1988RM speaker-independent testset)wasusedto tunethe
HMM recognitionparameters,suchastheword transitionpenalty. Theresults
reportedherewereobtainedfrom a 600 sentencetestset(theFebruary1989
andOctober1989RM speaker-independent testsets);no tuningof parameters
wasperformedusingthisset.

8.3.2 Context-independentModels

We first experimentedusingcontext-independentmodels.A baselinecontext-
independentDECIPHERsystemincorporatedmultiple pronunciations,cross-
word phonologicalmodeling,etc.,but hadonly 69 of the two- or three-state
phonemodels(200distributionsin all).

The baselineconnectionistsystem(Y0) had69 singledistribution phone
models;the lexicon consistedof a singlepronunciationfor eachword. Each
phonemodelwasa left-to-rightmodel(with self-loops)with N/2 states,where
N wastheaveragedurationof thephone.Transitionprobabilitieswereall tied
to be 0.5. Theconnectionistprobabilityestimatorwasintegratedinto DECI-
PHERin two ways:� DECIPHERalignmentswereusedfor training,andthesingle-bestpro-

nunciationsfrom DECIPHERwereusedin recognition,but otherwise
the simplified HMM describedabove wasusedwith no further DECI-
PHERintegration.� The MLP probability estimatorwasusedfor a simplified form of DE-
CIPHER.In thisapproach,theusual2,3-stateDECIPHERmodelswere
used,but eachmodel had only a single output distribution (from the
MLP). Thus the 2 or 3 statesin a model shareda distribution. The
maximumlikelihood transitionprobabilities(which basicallyencoded
durationinformation)wereretained.Additional potentiallysignificant
contributionsto therecognitionprocessweremultiple word pronuncia-
tionsandcross-word phonologicalmodels.

Resultsfor thesecontext-independentsystemsare shown in Table 8.4.
Thereareseveralnotableaspectsto theseresults:� The MLP systemusing simple pronunciationsand single distribution

phonemodelshasa lower error ratethanthecontext-independent DE-
CIPHER system,which usesmultiple pronunciationsand cross-word
phonologicalmodeling.� Incorporatingthe MLP estimatorinto the context-independent DECI-
PHERsystemresultsin still betterperformance,loweringtheerrorrate
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% error
Perplexity

Parameters 998 60
Y0 Baseline 155,717 36.1 12.8

CI-DECIPHER 125,769 44.7 14.0
CI-MLP-DECIPHER 155,717 30.1 7.8

Table8.4: Results using 69 context-independent phone models. The
baseline MLP system Y0 uses 69 single distribution models with a sin-
gle pronunciation for each word in the vocabulary. The DECIPHER
system also uses 69 phone models, each with two or three states 200
independent distributions in total. The MLP-DECIPHER system uses
DECIPHER’s multiple pronunciation and cross-word modeling.

substantiallyfrom 12.8%to 7.8%.9

Sincethis experiment,furtherwork with SRI [Cohenet al., 1992]hasled
to significantlyimprovedscoreson this task,incorporatingimproved training
andlarger hiddenlayers(typically 20-30%fewer errors,relatively speaking,
thanwedescribein thetable).Additionalexperimentsin whichtheMLP prob-
ability estimatesweresmoothedwith theprobabilitiesfrom themorecomplex
context-dependentversionof DECIPHERshowed significant improvements
over eithersystemalone. In onerecentDARPA evaluation,this combination
actually was the best-performingsystemof any that hadbeentestedon the
February1991testset(by asmallmargin).

Aswith theearlierexperiments,thisworkshowedthatcontext-independent
MLP probabilityestimatorscould performsurprisinglywell. However, what
remainedto beansweredis whethermoredetailedphoneticmodels(e.g.,in-
corporatingcontext) could still benefitfrom this approach.The next chapter
will addressthetheoreticalissuesof thisproblem,andwill reportsomerecent
work with SRI thatconfirmstheviability of thegeneralapproach.

8.4 Summary

In this chapter, we have extendedandtestedour basichybrid HMM/MLP ap-
proachin two ways:

1. Using continuousacousticvectorsanddynamicfeatures(Section8.2).
As for standardHMMs, thissignificantlyimprovesperformance.More-

9Recentimprovementsto Y0 alsoimprovedthe12.8%to 7.1%,despitea relianceonsingle
pronunciationsanda singledensityperphone.This recentwork wasdoneaspartof a collabo-
rationbetweentheauthorsandCambridgeUniversityresearchersTony Robinson,SteveRenals,
andMikeHochberg. Thebiggestsourceof improvementwasgettingnew peopleto find ourold
bugs.
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over, the resultingHMM/MLP performancehasbeenbetterthanwhat
wasachievedwith theequivalentHMM system.

2. Integratingour approachin DECIPHER(usingphonememodelsonly),
oneof thebestlargevocabulary, speaker independent,continuousspeech
recognitionsystemscurrentlyavailable(Section8.3). In the first case,
we simply replacedthe DECIPHERprobabilitiesby the MLP proba-
bilities and we showed that this led to betterperformance.However,
sinceour approachwas limited to phonememodels,the performance
wasnotquiteup to thatof state-of-the-artHMM systemsusingcontext-
dependentmodels– however, it hasrecentlybeenshown to be quite
close,despitethe useof many fewer parameters,and virtually no in-
telligent applicationof speechknowledge. As notedabove, in a sec-
ondexperiment,context-dependentHMM probabilitiesweremixedwith
context-independent MLP probabilities,resulting in performancethat
wasactuallybetterthanthatof acomparablestate-of-the-artsystem.

Sincethemajorweaknessof theHMM/MLP approachseemsto bethelim-
itationto context-independent phonememodels,it is shown in thenext chapter
how to circumventthisproblemandto useanMLP to estimateprobabilitiesof
thousandsof context-dependentmodels.
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Chapter 9

CONTEXT-DEPENDENT
MLPs

It’ s a poor sort of memorythat only works back-
wards.
– Lewis Carroll –

9.1 Intr oduction

Chapters 7 and 8 have shown the ability of Multilayer Perceptrons
(MLPs)to estimateemissionprobabilitiesfor HiddenMarkov Models(HMM).
In thesechapters,we have shown that theseestimatesled to improved per-
formanceover standardestimationtechniqueswhen a fairly simple HMM
wasused.However, currentstate-of-the-artcontinuousspeechrecognizersre-
quireHMMs with greatercomplexity, e.g.,multipledensitiesperphoneand/or
context-dependentphonemodels. Will the consistentimprovementwe have
seenin thesetestsbewashedout in systemswith moredetailedmodels?

Onedifficulty with morecomplex modelsis that many moreparameters
mustbe estimatedwith the samelimited amountof data. Brute-forceappli-
cation of our earlier techniqueswould result in an output layer with many
thousandsof units, anda network with many millions of connections.This
network wouldbeimpracticalto train,bothin termsof computationandlearn-
ability, usingcurrent-sizedpublic databases.In eachof our earlierstudies,a
simplecontext-independenttrainednetwork useda singleoutputunit for each
phone.As describedin thepreviouschapter, for our recentResourceManage-
menttests,we used69 of theseunits. Wereoneto considerthecoarticulatory
effectsfrom theright only, thisnumberwouldexpandout to �&��� , or over4000.
Consideringbothright andleft context, we would require �&��� units,or about
328,000. With a typical hiddenlayer of 500 units, we would have over ���&�
connections,which is far toomany for apracticalsystem.

167
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Of course,HMM researchershave hadasimilar considerationin reducing
the numberof parametersin their VQ-basedor tied-mixture-basedsystems.
The solution hasbeen,in one form or another, to usea reducednumberof
context-dependentmodels(typically a few thousand).However, this is still a
largenumber. For instance,with 12,000outputsand1,000hiddenunits,anet-
work would still have over 12 million connections,which makesgoodgener-
alizationdifficult for trainingsetsof amillion frames.Evenif enoughtraining
datawereavailable,networkswith millions of parameterscanbeexpectedto
take impracticalamountsof time to train usingback-propagationapproaches,
evenwith fastspecial-purposemachinessuchastheRAP (seeChapter11).

In the approachreportedhere,we areableto estimate,without any sim-
plifying assumptions,likelihoodsfor context-dependentphoneticmodelswith
netsthatarenot substantiallylarger thanour context-independent MLPs, and
thatrequireonly asmallincreasein computation.

9.2 CDNN: A Context-DependentNeural Network

As describedabove, with a few assumptionsanMLP maybeviewedasesti-
matingtheprobability {}|�~Z��� ����� where ~%� is a speechclassor an HMM state��� ���Z~� %�������Z�Y~Z¡g¢ , thesetof all possibleHMM statesfrom whichphoneme
modelsarebuilt up, and ��� is theinput data(speechfeatures)for frame £ . If
thereare � suchclasses,then � outputsarerequiredin theMLP. Thisproba-
bility maybeconsidered“context-independent” in thesensethattheleft-hand
sideof theconditionalprobabilitycontainsno terminvolving theneighboring
phones.

For a context-dependentmodel,we may wish to estimatethe joint prob-
ability of a currentHMM statewith a particularneighboringphone. Using¤

to representthe setof possiblecontexts, we wish to estimate{�|�~%�¥�Y¦S§'� ���¨� ,
where ¦ § � ¤ �©�Z¦   ���������Y¦%ª<¢ . If thereare « context classes,this will require�­¬®« outputunitsfor anMLP estimator. However, if weusethedefinitionof
conditionalprobability, thedesiredexpressioncanbebrokendown asfollows
[Morgan& Bourlard,1992]:{�|�~%�¥�Y¦S§�� �<�����@{}|�~%��� �<���¯{�|�¦]§�� ~%�(�S�<��� (9.1)

Thus, the desiredprobability is the productof the monophoneposterior
probabilityanda new conditional.Theformercanberealizedwith theusual
monophonenetwork. Viewing anMLP asanestimatorof theprobabilityof the
left sideof a conditionalgiven theright sideasinput, thesecondtermcanbe
estimatedby anMLP trainedto generatethecorrectcontext classgiveninputs
of thecurrentclassandthespeechinput frame.Thelatternetwork only hasas
many outputsastherearecontext classes.

Equivalently, {}|�~Z�¥�Y¦S§'� �����°�±{�|�¦]§�� �<�²�¯{}|�~%��� ¦]§¥�S�<�²� (9.2)
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wherethetwo factorscanbeinterpretedsimilarly.
Let usnow considertheproblemof triphonemodelingin anHMM-based

system. In that case,the main problemlies in the estimationof probabili-
ties like {}|³���H� ~%�'�Y¦>´§ �Y¦Bµ´ � where ¦Y´§ and ¦Bµ´ respectively representthe left and
right phonemiccontexts of state~%� . We show herehow to getgoodestimates
of theseprobabilitieswith MLPs, taking advantageof their discriminantand
generalizationproperties.In this way, we will extendthe advantagesof our
hybrid HMM/MLP approachto triphonemodels,aswell asto othercontext-
dependentmodelssuchas“generalized”triphones[Lee,1989;Lee,1990].

If onewantsto modeltriphones,a straightforwardapproachcouldconsist
in having �±¬¶«·¬®« outputunitsto modelthe �±¬¶«·¬®« possiblecontextual
stateprobabilities.However, asnotedabove, sucha solutionis generallynot
reasonablegiven the excessive numberof parametersto estimatein compar-
ison with the (limited) amountof availabletraining data. This is alsoa well
known problemin standardHMM approaches.

9.3 Theoretical Issue

Fromsimplestatisticalrules(thedefinitionof conditionalprobabilityin terms
of joint probability) andwithout any simplifying assumptions,the following
relationshold:{}|�~%�'�Y¦ ´§ �Y¦ µ´ � �������@{}|�¦ ´§ � ~%�(�Y¦ µ´ �S�����¯{}|�¦ µ´ � ~%�'�S�<���¯{�|�~%��� ����� (9.3)

and {�|�~%�¥�Y¦ ´§ �Y¦ µ´ �°�±{�|�¦ ´§ � ~%�'�Y¦ µ´ �¯{}|�¦ µ´ � ~%�&�¯{}|�~%�9� (9.4)

During recognition,usingBayes’s rule, {�|³�<�H� ~Z�¥�Y¦>´§ �Y¦Bµ´ � canthenbeestimated
as: {}|³���H� ~%�(�Y¦ ´§ �Y¦ µ´ �*� {}|�~%�'�Y¦ ´§ �Y¦ µ´ � � � �¯{}|³� � �{}|�~%�(�Y¦ ´§ �Y¦ µ´ �� {}|�¦>´§ � ~Z�(�Y¦Bµ´ �S�<�²�¯{}|�¦Bµ´ � ~Z�¥�S�<�¨�¯{}|�~%�¨� �<�¨�¯{}|³�<�²�{�|�¦ ´§ � ~%�¥�Y¦ µ´ �¯{}|�¦ µ´ � ~%�9�b� {�|�~%��� (9.5)

If we canestimateall thefactorsappearingin this expression,it will bepossi-
ble to estimatetheprobability {}|³�<�J� ~%�¥�Y¦>´§ �Y¦Bµ´ � neededfor HMMs without any
particularsimplifying assumptions.Now, exploiting the conclusionswe de-
rivedfrom thetheoryof ourhybridHMM/MLP approachfor phonememodels
(i.e., in classificationmode,theoutputvaluesof theMLP areestimatesof the
posteriorprobabilitiesof theoutputclassesconditionedontheinput), it canbe
shown thatall theprobabilitiesappearingin (9.5)canbeestimatedby aneural
network (although{}|³����� is ignoredduringrecognition).Indeed:



170 CHAPTER9. CONTEXT-DEPENDENTMLPS� {�|�¦ ´§ � ~%�'�Y¦ µ´ �S�<�²� canbeestimatedby theMLP representedin Figure9.1
(referredto asMLP1) in which theoutputunitsareassociatedwith the
left phonemesof the triphonesand in which the input field is consti-
tutedby thecurrentacousticvector �<� (possiblyextendedto its left and
right contexts), the currentstateandthe right phoneticcontexts in the
triphones(which areknown duringtraining).

n-c

Output Layer

Hidden Layer

qk cr
l Xn+c

n-c

j l
p(cl | qk , cr , Xn+c)

Figure9.1: MLP estimatorfor left phoneticcontext, giveninput,currentstate,
andright phoneticcontext.� {�|�¦ µ´ � ~%�(�S� � � canbeestimatedby theMLP representedin Figure9.2(re-

ferred to as MLP2) in which the output units are associatedwith the
right phonemesandin which theinputfield is constitutedby thecurrent
acousticvector ��� (possiblyextendedto its left andright contexts) and
thecurrentstate(associatedwith ��� ).� {�|�~%��� � � � is estimatedby the sameMLP asthe oneusedfor modeling
context-independent phonemes(asdonein thepreviouschaptersandre-
ferredto asMLP3) wherethe input field containsthe currentacoustic
vectoronly (possiblyextendedto its left andright contexts) andtheout-
putunitsareassociatedwith thecurrentlabels.� {�|�¦ ´§ � ~%�'�Y¦ µ´ � canbe estimatedby an MLP in which the outputunits are
associatedwith the left phonemesof the triphonesandwherethe input
field representsthecurrentstateandtheright phonemes.This provides
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Output Layer

Hidden Layer

qk Xn+c
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Figure9.2: MLP estimatorfor right phoneticcontext, giveninput,andcurrent
state.

uswith thea priori probabilityof observinga particularphonemein the
left part of a triphonegiven particularcurrentstateandright phonetic
context.� {�|�¦ µ´ � ~%��� canbeestimatedby anMLP in whichtheoutputunitsareasso-
ciatedwith theright phonemesof thetriphonesandwheretheinputfield
representsthecurrentstate.Thisprovidesuswith theapriori probability
of observingaparticularphonemeon theright sideof a particularstate.
Giventhelimited numberof parametersin thismodel(i.e., �@¬¸« ), this
probabilitycanalsobeestimatedby counting(i.e., this doesnot require
anetwork).� {�|�~%��� is the a priori probability of a phonemeasalsousedin the stan-
dardhybrid HMM/MLP phoneticapproach,andis simply estimatedby
countingon thetrainingset(i.e., thisalsodoesnot requirea network).

The neuralnetworks representedin Figures9.1 and9.2 arenothingelsebut
standardMLPs with a simple restrictionon the hiddenlayer topology. The
reasonfor this restrictionwill beexplainedlateron in Section9.4.

By trainingdifferentneuralnetworksandusingtheiroutputactivationval-
uesin (9.5), it is possibleto estimate,without any particularassumptions,the
probability {}|³���H� ~%�'�Y¦ ´§ �Y¦ µ´ � thatis requiredfor modelingtriphoneprobabilities



172 CHAPTER9. CONTEXT-DEPENDENTMLPS

to beusedin HMMs. This generalizesto triphonestheapproachdevelopedin
thepreviouschaptersandwhichwasrestrictedto phonememodels.For limited
trainingsets,theseestimatesmaystill needto be smoothedwith monophone
models,as is donein conventionalHMM systems.Also, training improve-
mentspresentedpreviously (suchas the useof cross-validation to improve
generalizationperformance)remainvalid in this new approach.Additionally,
if ¦>´ and ¦Bµ representbroadphoneticclassesor clustersratherthanphonemes,
theaboveresultsapplyto theestimationof “generalizedtriphones,” suchasare
definedin [Lee, 1989]. As presentedin theprevious chapters,the input field
containingthe acousticdata(e.g., �<� ) may alsobe suppliedwith contextual
information. In this case,the � � appearingin all theabove (andsubsequent)
probabilitieshave to bereplacedby ¹ �&ºH»� � » . This leadsto theestimationof tri-
phoneprobabilitiesgivenacousticcontextual information,which is evenmore
importantin thecaseof triphonemodels.

The procedurepresentedabove reducesthe training of a singlenetwork
with �¼¬�«3¬½« outputsto the training of threesmallernetworks respec-
tively with � , « and « outputs,andrepresentsagenericwayof splitting large
MLPs usedin classificationmodeinto severalsmallerones.It hasthepoten-
tial, however, of requiringmuchgreatercomputationduring the recognition
phase. Indeed,if one implementsthis methodnaively, the secondnetwork
mustbecomputed� timesfor eachframeduring recognition,sincetheout-
put probabilitiesdependon anassumptionof thecurrentclass(corresponding
to a monophonemodel in a hypothesizedword sequenceat that point in the
dynamicprogramming).Thenext sectionwill describehow this expensecan
largely becircumvented.

9.4 Implementation Issue

While the previous sectiongivesa theoreticalsolution to triphonemodeling
with neuralnetworks,an importantimplementationissuestill hasto betaken
into account.

We have shown, in principle,how to transform,without any particularas-
sumptionsor simplifications,the hugeneuralnetwork (which would result
from the brute force applicationof our earlierhybrid HMM/MLP approach
for phonememodelingto triphones)to several smallerones. Indeed,instead
of having asingleMLP estimating{}|�~Z��� �<�²� , we needto estimate{}|�~%�'�Y¦ ´§ �Y¦ µ´ � ����� (9.6)

which requiresanMLP with �¾¬°«�¬°« outputunits. In theprevioussection,
wehaveshown thatit waspossibleto estimatethesameprobabilitywith three
smallerMLPs respectively estimating{}|�¦ ´§ � ~%�'�Y¦ µ´ �S����� (9.7)
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and {}|�~%�¨� �<�¨� (9.9)

However, while thisstronglyreducesthememoryrequirementandthenumber
of parameters,anaiveimplementationof thesesmallernetworkswouldrequire
muchmorecomputation.

In thecaseof phoneticmodeling,a singleMLP providedwith thecurrent
acousticvector �<� (possiblywith its contextual acousticvectors)asinput can
estimate{�|�~%��� ����� for all possibleclasses~%� on the associatedoutput units.
Thisremainsvalid for triphonemodelingif weusethehugenetwork (9.6)with�<� at its input and �p¬�«¿¬4« outputunits,eachoutputunit beingassociated
with a particulartriphone. However, whenthis hugenetwork is decomposed
into smallernetworks(9.7), (9.8),and(9.9), thefirst two networksmusthave
input valuesdependingon the currentclass[in (9.7) and (9.8)] and on the
phoneticcontexts [in (9.7)] constitutingthetriphones.For example,theinput
field of thenetwork estimating(9.7) is constitutedby theconcatenationof the
currentacousticvector �<� (possiblywith its contextual acousticvectors)and
themiddle(i.e., thecurrentstate)andright phoneticcontexts in thetriphones.
Sincethe MLP training is supervised,i.e., we know exactly which triphone
is associatedwith a particularacousticvector, this is not a problemduring
training. However, this is no longerthecaseduringrecognition,wherewe do
not know in advancewhich triphoneis associatedwith �<� .

Therefore,in principleonewould have to computenetwork activationsat
eachframe for eachpossiblephoneticcontext. This would amountto «�¬« times the monophonenetwork computation,andwould generallybe pro-
hibitive. Fortunately, a simplerestrictionon thenetwork topologypermitsthe
pre-calculationof contextual phoneticcontributionsto theoutput;thiscompu-
tationcanbedoneat theendof thetrainingphase,prior to therecognitionof
any speech.By simply partitioningthenetsothatno hiddenunit receivesin-
put from bothphoneticcontext unitsanddatainputunits,wecanpre-calculate
the contribution to the outputunits (prior to the output nonlinearity)for all
possiblecombinationsof left andright contexts,andform atableof thesecon-
tributions. During recognition,the pre-sigmoidoutputvaluesresultingfrom
datavectorscanbecomputedby a forwardpasson thenetfor eachframe.For
eachhypotheticaltriphonemodel,thesecontributionsfrom thedatainputscan
beaddedto thecorrespondingcontext contributionsfrom thetable.Themajor
new computation(in comparisonwith themonophonecase)thenis simply the
costof somelook-ups,bothfor thecontextual contributions,andfor thefinal
sigmoidalnonlinearity, whichmustnow bere-computedfor eachhypothesized
triphone(asopposedto onceperframe,asin themonophonecase).In practice
thisonly doublesor triplesthecomputationtime,areasonablecostfor triphone
models.

Letusconsiderthecaseof {�|�¦ ´§ � ~%�'�Y¦ µ´ �S�<�²� computedby theneuralnetwork
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representedon Figure9.1. More formally, letting À�§¥|�~%�'�Y¦ µ´ � be thecontribu-
tion to thepre-sigmoidoutputfor state~b§ for thephoneticcontext-dependent
partitionof thenet,andletting ÁÂ§'|³�<��� bethecontribution to thepre-sigmoid
outputfor state~>§ for thedatavectorinput. Then{�|�¦ ´§ � ~%�'�Y¦ µ´ �S�����Ã��ÄÅ|�À�§ÇÆÈÁÂ§�� (9.10)

whereÄÅ|³�J� is thestandardsigmoidfunction.
A |��*¬�«�¬É«W� -dimensionaltable À is computedafter network training

by runningthephonetic-context-dependent partitionof thenetwork (whichhas
no inputsfrom thedatavector) �Ê¬¿«É¬¿« times,i.e., for all possibleoutput
units andfor all possiblecombinationsof phoneticcontexts, with no output
sigmoidcomputation.Thistableloadingis anegligible amountof computation
comparedto thetrainingof thenetwork. Duringrecognition,for eachacoustic
vector�<� , it is thenenoughto runthethreenetworks(MLP1,MLP2,& MLP3)
only onceto getthecontribution ÁÂ§ of thedatainputsfor eachoutputunit ~>§ .
For eachhypotheticaltriphonemodel,thiscontribution ÁÂ§ justhasto beadded
to thecorrespondingcontext contribution À�§ obtainedby a simplelook-up in
table À . In fact,this is equivalentto consideringÀ § asanaddedbias(of output
unit ~>§ ) thatdependson thephoneticcontext. Of course,thesamemethodcan
beappliedto (9.8)to compute{�|�¦ µ´ � ~%�'�S�<�¨� . Also, for {}|�¦ ´§ � ~%�(�Y¦ µ´ � and{�|�¦ µ´ � ~%���
it is sufficient to computelook-up tablesat the endof the training phasefor
usein (9.5).

9.5 Discussionand Results

9.5.1 The Unrestricted Split Net

In equation(9.1), whensplitting the original MLP with �Ë¬�« outputunits
into two smallernetworks with � and « outputsrespectively, thenumberof
parametersis drasticallyreduced,which couldaffect thequality of thecondi-
tional distributions’ estimation.However, parameterreductionis exactly the
aimof theproposedapproach,bothto reducecomputationandto improvegen-
eralization.As it wasdonefor {}|�~Z��� �<�²� it will be necessaryto find (e.g.,by
usingcross-validationtechniques)thenumberof hiddenunits (andhencethe
numberof parameters)leadingto thebestestimateof {}|�¦S§'� ~%�(�S�<�²� . Thedesired
probabilitiescanin principlebeestimatedwithout any statisticalassumptions
(e.g.,independence).Of course,this is only guaranteedif thetrainingdoesnot
getstuckin a localminimumandif thereareenoughparameters.

9.5.2 The TopologicallyRestrictedNet

As shown above,while reducingthenumberof parameters,thesplittingof the
network into two smallernetworksresultsin muchgreatercomputationin the
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contextual network. To avoid this problemit is proposedto restrictthetopol-
ogyof thesecondnetwork sothatnohiddenunit sharesinput from both ~%� and�<� . Consequently, the ~%� inputonly changestheoutputthresholds.Thismeans
thatwe have severely limited theability to representcorrelationsbetweenthe
inputsthat have no hiddenunits in common.1 However, a recentexperiment
with frameclassificationfor continuousspeech(trainedusing160,000patterns
from 500sentencesutteredby a speaker in theResourceManagementcontin-
uousspeechrecognitioncorpus)suggestedthat this did not affect thecorrect
estimationof {�|�¦]§�� ~%�¥�S���¨� . In this example,the network with a split hidden
layerpredicted(for a testsetof 32,000patternsfrom 100sentences)thecor-
rect right context 63.6%of the time, while a network with a unified hidden
layerpredictedthecontext 63.5%of thetime,anequivalentfigure.

9.5.3 Preliminary Resultsand Conclusion

Prior to experimentingwith theCDNN for continuousspeechrecognitionus-
ing biphoneandtriphonemodels(to be reportedat a later date),we wanted
to checkexperimentallythatthesplit MLP wasequivalentto theoriginal one.
We comparedbiphoneprobabilitiesgeneratedby the original andsplit MLP
for thespeaker-independent ResourceManagementdatabase.Thenumberof
hiddenunits in eachMLP was chosensuchthat the numberof parameters
wasapproximatelythe samein both cases.After having trainedboth cases
on 4,000sentences,biphoneprobabilitieswerecomputedon a testsetof 100
sentencespronouncedby 4 differentspeakers,yielding a total of 17,012,088
probabilities.To comparebothsetsof probabilitieswe computedthecorrela-
tion coefficient to be0.65,andthemeanabsolutedifferencethatwasequalto
0.0017. Thus,the two setsof probabilitiesaresignificantlycorrelated.This
suggeststhatCDNN maybea goodway to computecontext-dependentprob-
abilitieswith netsthathavealimited numberof parametersandthatrequirean
acceptablysmall increasein computationover the context-independent case.
Looking at thedifferencesbetweentheprobabilities(sincethecorrelationco-
efficient is far lessthan1), it appearsthat the factorednetoutputssomewhat
smoothedvalues. That is, secondor third-ranked outputsdo not appearto
beassuppressedin the factoredcase.This is not necessarilya badresult,as
overly sharpdiscriminationat the framelevel cansometimeshurt word level
performance.

In recentcollaborative work with SRI International[Cohenet al., 1992],
this classof approachwastestedfor left andright generalizedbiphonecon-
text. Significantly, it wasshown in [Cohenet al., 1992] how smoothingbe-
tweencontext-independent and context-dependentprobabilitiescanbe done
using cross-validation training initialized with context-independent weights.
Additionally, they experimentedwith an alternatearchitecturein which the

1In laterexperimentswith SRI,wehaveexperimentedwith context-dependentnetworksthat
dodeveloprepresentationsof thesecorrelations.
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output layer was replicatedfor eachof 8 possiblebroadphoneticcontexts
(8 for the left and8 for the right, eachassociatedwith onestateof a 3-state
model).Theseexperimentsshowedsignificantimprovementsover thesimpler
context-independent approach,eliminatingroughlyone-fourthof theerrorsin
a speaker-independent ResourceManagementtestset.Thus,statisticalfactor-
izationof MLP probabilisticestimatorsappearsto have practicalsignificance.
Ongoingresearchis exploring theuseof differentarchitecturesandmorede-
tailedphoneticmodels.

9.6 RelatedPrior Work

A numberof other researchers[Franzini et al., 1990; Haffner et al., 1991;
Robinson& Fallside,1990]havealsorecentlyreportedexperimentswith MLPs
to estimatelocal costs(sometimesexpressedaslog probabilities)for speech
recognition,andsomeof this work hasusedcontinuousspeech.All of these
systemshave exclusively usedcontext-independent phoneticmodels,in the
sensethattheprobabilitiesor costsareestimatedfor simplespeechunitssuch
as phonemesor words, rather than biphonesor triphones. Numerouscon-
ventionalHMM systemshave beenreportedthatusetriphoneor triphone-like
context-dependentmodels[Lee,1990;Murveit etal.,1989;Cohenetal.,1990;
Paul, 1989;Paul, 1991;Schwartzet al., 1985]. In onerecentlyreportedcase
[Austin et al., 1991], the outputsof a context-dependentMLP wereusedto
help choosethe bestsentencefrom the N bestsentencesasdeterminedby a
context-dependentHMM system.Recently, thoseauthorshaveestimatedsim-
plecontext dependenciesusinganMLP, but they did soby training « MLPsfor« differentcontext classes.As notedearlier, our studieshave thusfar shown
theadvantageto usingarelatively assumption-freediscriminantprobabilityes-
timator like theMLP. Otherconsiderationsrelatedto memorybandwidthand
computationalrequirementsarediscussedin thenext chapter.

9.7 Summary

Theearlyform of ourhybridHMM/MLP approachfocusedonHMMs thatare
independentof phoneticcontext, and for thesemodelsthe MLP approaches
have consistentlyprovidedsignificantimprovements(oncewe learnedhow to
usethem). In this chapter, we extendedthis approachto context-dependent
models,which hasbeenshown in standardHMMs to bean importantfeature
for robust recognizers.However, a brute force applicationof our initial ap-
proachwould resultin anMLP with a hugenumberof outputunitsand,con-
sequently, anexcessive numberof parametersto estimatein comparisonwith
the (limited) amountof availabletraining data. To overcomethis problem,a
generalapproachto split any big netsusedfor patternclassification(“1-from-
K” classification)into smallernetshasbeenpresented.However, while this
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appearsto solve theproblemof context-dependentmodeling,it is at thecost
of muchmore computationsinceeachelementarynet hasto be run several
times. Fortunately, it is shown thata simplerestrictionon thenetwork topol-
ogy allows us to save this extra computation.Preliminaryexperimentshave
beenreportedwhereit is shown thatthis is indeedaneffective approachto es-
timatecontext-dependentprobabilitiesandthat therestrictionon thenetwork
topologyis actuallynotaproblem.LaterSRIexperimentsshowedthatrelated
techniquescangivesignificantimprovementsin recognitionperformance[Co-
henetal., 1992].
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Chapter 10

SYSTEM TRADEOFFS

Entitiesshouldnotbemultipliedunnecessarily.
– William of Occam–

10.1 Intr oduction

The resultsdescribedin theprecedingchapterssuggesttheutility of connec-
tionistapproachesfor probabilisticestimationin speechrecognition.However,
word accuracy is only one measureof a practicalspeechrecognitiontech-
nique. Any computationalmethodrequiresresourcesin the form of storage
andcommunication(memory)bandwidth,aswell asthe ability to do the re-
quiredarithmetic. The numberof parametersusedfor a particulartechnique
alsohasconsequencesfor training. A particulardesignchoiceimplies some
tradeoff betweentheserequirements.Additionally, trainedsystemssuchas
thoseconsideredheremayrequireentirelydifferentresourcesfor trainingand
recognitionmodes,andthesewill betradedoff in differenttechniques.

We will briefly examinethe resourcerequirementsfor HMMs with and
without MLP probability estimation.We will considertwo cases:a discrete
HMM system,anda continuousdensityHMM. In bothcases,we will assume
a context-dependentsystemthatusestriphones,andwill ignorecostsrelated
to transitionprobabilities; the emphasiswill be on local distancecomputa-
tion (i.e., HMM emissionprobability estimation)for dynamicprogramming
(Viterbi decoding)in an HMM. While costsfor dynamicprogrammingwill
tendto dominatewhennopruningis used,localdistancescanbeanextremely
importantcostfor apracticalsystem.

179
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10.2 DiscreteHMM

A conventional HMM using vector-quantized(VQ) inputs requiresa table
look-uparchitecture.Densityestimatesarecomputedfor eachsoundunit (e.g.,
monophoneor triphone),andaresmoothedtogetherwith weightsdetermined
by deletedinterpolation[Bahl et al., 1983]. All of this trainingcanbeoneor
two ordersof magnitudelesscomputationthanis requiredfor thecorrespond-
ing MLP system.However, for thediscreteHMM, neitherapproachrequiresa
prohibitive amountof computation,andcanusuallybedoneonanengineering
workstation.Here,weonly considermajortradeoffs for therecognitionphase.

Storage- During recognition,eachhypothesizedstatehasa corresponding
index to a sub-tableof probabilitiesthatcanbereadin from a randomaccess
memoryandbufferedin fastmemoryfor eachnew VQ input. Letting Ì be
thenumberof distinctdensities,and Í the total numberof codebookentries
(totalingover £ features,e.g.,3 or 4), werequirestorageof Ì°Í probabilities.
For a largesystemthatwouldhaveasmoothedprobabilityfor eachof 200,000
triphones,with around500 VQ codes(actuallysplit into several tables),this
would mean100,000,000probabilities. Currentrequirementsaresomewhat
lessthanthis,andonecouldeasilyrequirefar morefor asystemthatincluded
wordmodels.Additionally, for eachframe,afastbuffer is requiredfor N prob-
ability values,andasignificantamountof fastmemoryfor relevantpointers.

For the MLP case,smoothedtriphonedensitiesareestimatedby running
threenetworks (asdescribedin Chapter9), eachof which would be of mod-
eratesize,with a weakdependenceon Ì . Storageis typically dominatedby
the weights. For a discreteinput system,we have found that a hiddenlayer
is unnecessary, so that the numberof weightswould be Î�Ì  1Ï � ÍÑÐ , whereÐ is the input context window size in frames. For 9 framesof context andÌÓÒÔÒ3�%Õ&Ö , thestorageis muchlessthanwhatis requiredfor thepureHMM.
For example,for Ì = 200,000,therearelessthan ���&� weights,requiringtwo
ordersof magnitudelessstoragethanthepureHMM. This reductionin stor-
agealsocorrespondsto a reductionin thenumberof parametersthatmustbe
estimated,which is importantfor limited trainingsets.

Memory bandwidth - Usingtheassumptionsfrom above,anda framerate
of 100 frames/second,the table look-up recognizerwould require ���&�&Ì ac-
cesses/secondfrom mainmemory, For Ì of 200,000,this is feasiblefor page
modeaccessonDRAM. For theMLP, memorybandwidthis dominatedby the
forwardprocessingof thenetwork. As notedabove,ahiddenlayeris unneces-
saryfor this case,sothata 4-featureinput would requireonly a few thousand
readsper frame. This hasthesameweakdependenceon Ì aswasnotedfor
thestorage,but hasa dependenceon £ and Ð that thepureHMM doesnot.
Specifically, thememorybandwidthrequiredfor theweightsis Î��&�&Ì  1Ï �%£WÐ
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Storage MemoryAccesses/sec Computation/sec

H Ì°Í ���&�&Ì �
typ ���¥× ���&� �
M Î�Ì  1Ï �%ÍÑÐ Î��&�&Ì  1Ï �Z£WÐ Î��&�&Ì  1Ï �%£WÐ
typ ���&� ���&Ø ���&Ø

Table 10.1: Comparison of resource requirements for local dis-
tance computation in the discrete case: hybrid HMM/MLP and pure
HMM.Typical order-of-magnitude values are given for systems with ����Ù
triphone or generalized triphone densities

reads/secondfrom theweightmemory. For the typical valueof Ì usedhere,
andfor £ = 4 features,this is over anorderof magnitudelower dataratethan
is requiredby thepureHMM.

For an existing hardwaresystemthat hasthe capacityfor recognitionof
vocabulariesof upto 60,000words[Stoelzleetal.,1991],thefastbuffer band-
width requirementsaredominatedby theoperandacquisitionfor dynamicpro-
gramming,whichwouldbethesamefor bothsystems.

Computation - Both systemsrequirethe samecomputationsfor the dy-
namicprogramming.TheMLP systemrequirestheadditionalcomputationof
the forwardpropagationthroughthenetwork. For thesimpleVQ input case,
however, this only requiresÎ��&�&Ì  1Ï � £WÐ additions/second.For the numbers
usedabove,this is lessthan ���&� additions/second,whichis typically negligible
comparedto theadditionsrequiredfor thedynamicprogramming.Practically
speaking,thecomputationalrequirementsareessentiallyequivalentfor thetwo
approaches.

Summary - Table 10.1 summarizesthe order-of-magnituderesourcere-
quirementsfor the two casesdiscussedhere. Onceagain,only the costsfor
local distancecomputationareconsidered.Ì canrangefrom ��� � to ��� � , Í
is typically ���&� to ���&� , £ is taken to be4, and Ð is commonlyabout9. The
tablealsogives“typical” valuesfor an idealizedsystemwith Ì � ����Ù andÍ �Ú���&� .

For Ì ÒÔÒ¾���&�&� , storageandbandwidthrequirementsareconsiderably
betterfor theMLP case.Thelocal distancecomputationis alwaysmorecom-
plex for thenetwork thanfor asimplelook-up,but is negligible in comparison
to thecoredynamicprogrammingsteps(adds,compares,andaddresscalcula-
tions).
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10.3 Continuous-densityHMM

An HMM-basedsystemwith continuousinputfeaturestypically usestiedmix-
turesof Gaussianprobabilitydensities[Paul,1991].Forsuchasystem,density
valuesarecomputedduringrecognition,muchasin theMLP approach,but in
contrastwith the table-driven discreteHMM. Training,which onceagainin-
cludesadeletedinterpolationalgorithm,generatesavectorof weightsfor each
soundunit (e.g.,triphone)to linearcombineoutputsfrom thecommonpoolof
Gaussians.In this case,the trainingphasefor theMLPs requirea significant
computationalresource.Currenttrainingsfor triphoneMLPs usingthe4000-
sentenceResourceManagementspeaker-independent corpusrequireroughly���   Ù floating point operations,which would take monthson a SUN Sparc-
Station2 workstation.To supportthis training ICSI (InternationalComputer
ScienceInstitute,Berkeley, CA) constructedamulti-DSPprocessorcalledthe
RAP [Morganetal., 1990b],which reducesthetime to anovernightrun. This
power is notuniversallyavailable,sotheincreasedtrainingtime is acleardis-
advantageto theMLP-basedapproach.

As before, the detailedtradeoffs will be consideredfor the recognition
phase.

Storage- For thepureHMM case,meansandvariancesfor eachfeatureand
eachGaussianmustbe stored.Additionally, mixture weightsmustbe stored
for eachhypothesizedstate.Let Ì bethenumberof distinctblendeddensities,Í thenumberof tiedGaussians,and Û thenumberof continuousfeaturesper
Gaussian.We require Õ&Í�Û parametersfor thepooleddistributions,and ��Ì
parametersfor themixtures,where � is theaveragenumberof Gaussiansused
for a statedensity. Taking � to be 10, Ì to be 200,000(aswith the discrete
HMM example), Í to be250,and Û to be20, total storagewould be10,000
+ 2,000,000locations,which is modestin comparisonwith the table-driven
discreteHMM.

Ourexperimentshaveshown usthatahiddenlayeris requiredfor continuous-
input MLPs usedto estimateemissionprobabilities.Eachhiddenunit playsa
similar role to a Gaussianfrom the tied mixture pool, andcaneven take the
sameform whenradial basisfunctionsareusedin this layer [Renals,1990].
For Í thenumberof hiddenunits, Û , Ð and Ì definedasbefore,thenumber
of weightsin thethreeMLPsusedfor triphoneestimationis Î¨|"Ð�ÛÜÆÝÌ  1Ï �%�]Í .
Storageis againdominatedby thesevalues.For typical cases,this is anorder
of magnitudelessstoragethanis requiredfor thepureHMM. In a largevocab-
ulary system,storagefor bothcaseswould bedominatedby tablesof pointers
usedin thedynamicprogramming.

Memory bandwidth - Using the assumptionsfrom above, and a frame
rateof 100 frames/second,thepureHMM recognizerwould require Õ��&�¥ÍÞÛ
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Storage MemoryAccesses/sec Computation/sec

H ��Ì ���&�¥��Ì ���&�¥��Ì
typ ���&Ø ���¥× ���¥×
M Î¨|"Ð�Û�Æ�Ì  1Ï �Z�]Í Î��&�²|"Ð�Û°Æ\Ì  1Ï �Z�]Í Î��&�²|"Ð�Û°Æ\Ì  1Ï �Z�]Í
typ ���&� ��� � ��� �

Table 10.2: Comparison of resource requirements for local distance
computation in the continuous case: hybrid HMM/MLP (M) and pure
HMM (H).

reads/secondto generatethe Gaussians,and ���&�¥��Ì reads/secondto get the
mixture weights(assumingno pruning). For the sizesassumedabove, this
wouldbe ���&� reads/secondfor themeansandvariances,and ÕH¬ß��� � read/second
for themixtureweights.For theMLP, thememorybandwidthis againdomi-
natedby the forwardprocessingof thenetwork, which would be Î��&�²|"Ð�ÛàÆÌ  1Ï � �]Í , or typically about ÕÅ¬¿��� × reads/second.This is anorderof magni-
tudelessthanthepureHMM requirements,andagainhasa weakdependence
on Ì , sothatlargersystemswouldscalebetterfor theMLP case.Onceagain,
fast buffer requirementsfor dynamicprogrammingcould be very high, and
wouldbeequivalentfor bothsystems.

Computation - Both systemsrequirethe samecomputationsfor the dy-
namicprogramming.For thepureHMM, local distancecomputationis dom-
inatedby the ���&�¥��Ì multiply-accumulatespersecondto combinetheGaus-
siansfor eachstate.Onceagain,thenetwork size(andthusthecomputation)is
weaklydependenton Ì , andÎ��&�²|"Ð�ÛáÆ�Ì  1Ï ���]Í multiply-accumulates/second
arecalculated.For typicalvaluesof Ì ( ��� Ø ), theMLP requiresaboutanorder
of magnitudelesscomputation.

Summary - Table10.2comparesorder-of-magnituderesourcerequirements
for thecontinuousdensitycase.Onceagain,only thecostsfor local distance
computationareconsidered.Ì canrangefrom ��� � to ��� � , while Í is typi-
cally ���&� to ���&� . Thetablealsogives“typical” valuesfor anidealizedsystem
with Ì �Ú��� Ù and Í �Ú���&� , ���â��� , and Ûã�äÕ�� .

For Ì �Ë�����Y�&�&� , storage,bandwidth,and computationalrequirements
areall somewhat betterfor theHMM case.When � is muchlarger, or when
the mixturesare not tied, the figuresare all comparable.Finally, for largeÌ and � , asmight be seenin systemstrainedwith large databases,storage,
bandwidth,and computationalrequirementsare all somewhat betterfor the
MLP case. For the pureHMM, this computationcanbe comparableto the
dynamicprogrammingcosts,while thelattercostswill generallydominatethe
MLP costsin a recognizerwithout pruning.
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10.4 Summary

For discreteHMMs, MLP probabilityestimationprovidesadirecttrade-off of
computationfor memory. This canactuallybe preferablefor somesystems,
sincefast additionsor dot-productscan often be easierto provide than fast
randomaccessfrom largememories.

ContinuousdensityHMMs usingtied Gaussianmixturesaremuchmore
similar to MLPs,andbothapproachesrequirecomputationallyorientedarchi-
tectures.However, for bothdiscreteandcontinuousHMMs, context-dependent
posteriordensitiescanbefactoredinto severalfunctionsthatcaneachbegen-
eratedby networks that requirethe training of a relatively small numberof
parameters.This suggestsa potentialfor improvementin parameterestima-
tion with finite training samples.This advantagemustbe balancedagainsta
large increasein training time, which requirestheuseof fasthardwarein the
trainingenvironment.



Chapter 11

TRAINING HARDWARE AND
SOFTWARE

Trainingis everything... a caulifloweris nothingbut
a cabbage with a college education.
– Mark Twain–

11.1 Intr oduction

The previous chaptershowed that the MLP probability estimationapproach
appearsto be conservative in systemresourcerequirementsfor the recogni-
tion process.In particular, a speechrecognizerusingMLP-basedapproaches
scaleswell with morephoneticcategoriesfor requirementsof storage,mem-
ory bandwidth,andnumericalcomputation.This is particularlytruewhenone
takesinto accounttheparameter-sharingthatoccursin thehiddenlayer(s)of a
continuousinputsystem.

However, theseapparentadvantagesin recognitioncome with a price;
whereasHMM recognizerscanbetrainedwith amoderateamountof computa-
tion (typicallyanovernightonaSUNSparcStation2workstation),HMM/MLP
hybridsrequiretrainingrunsthatcouldtake monthson thesameworkstation.
This is a strongdeterrentagainstresearchin this area,onethat tendsto force
muchwork to bein thearenaof smallor “toy” problems.On theotherhand,
computationalcapabilitiesof computersin generalandworkstationsin partic-
ular areincreasingso rapidly (recentlyby a factorof 1.6 eachyear)that this
handicapis likely to beovercomefor many researcherswithin a few years.

In themeanwhile,however, anyonecontemplatingexperimentswith MLP
training for largespeechrecognitiontasksneedsaccessto computersthatare
significantlymorepowerful thancurrentworkstations.Thispowercannotsim-
ply beexpressedin termsof MIPS andMFLOPS,sinceneuralnetwork appli-
cationsrequirea significantmemorybandwidth(betweengettingweightsand
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activationsto thearithmeticelements).This differs from therequirementsof
generalpurposecomputingonly in that datacachesaretypically of little use
for largenetworks,sincethereis little reuse- eachweightis only usedoncefor
eachinput patternin a forwardconnection,andthereusefor updatingcannot
bedoneuntil errorshave propagatedbackfrom theentirenet. Thus,unlessa
datacacheis largeenoughto holdtheentirenetwork, it is notof greatuse.This
meansthat thecomputationalratesin a typical workstationwill be limited by
DRAM accesstimes,whichhavenotscaledupwith thepeakcomputingnum-
bersin engineeringworkstations.1

In orderto providethelargememorybandwidthrequiredfor theseapplica-
tions,many researchandcommercialsiteshavedesignedandbuilt specialized
machinesfor connectionistcomputations.Therearea large numberof these
projects,andasurvey is beyondthescopeof thisbook.However, many of the
resultsdescribedin chapters8 and9 weremadepossibleby amachinethatwas
built at ICSI for this purpose,theRing Array Processor(RAP) [Morganet al,
1992].Thischapterwill summarizesomekey motivationsfor thisproject,and
will briefly describesomeof thekey pointsof this architecture(thougha de-
taileddescriptionof thedesignis beyondthescopeof this book).Thechapter
will concludewith a brief discussionof successorprojects.

11.2 Moti vations

As notedabove, completeconnectionistspeechrecognitionsystemshave so
many parametersto optimize that training time is the main impedimentto
progress,often forcing the researcherto make suboptimaldecisions. While
suchresearchis computationallyintensive, the requiredpower could be pro-
vided by oneof the many large conventionalcomputersbeingbuilt (suchas
theIntel Paragonseries).Researcherscanoftendo very well with a large,fast
uniprocessormachine,suchasa vectorsupercomputer. However, thecompu-
tations/dollarfor thesemachinesis quite poor in comparisonto what canbe
achieved with a morecustomarchitecture.Oneof the reasonsfor this is that
connectionistcomputationcanbedonewith moderateprecision(commonly8
bits or lessfor activationsand16 bits for weights).This not only reducesthe
sizeof arithmeticunits, but more importantly reducesmemoryandmemory
bandwidthrequirementssignificantly. Memory interfaces,operatingsystems,
andmany otheraspectsof the systembecomemuchsimpler. In fact, recent
experimentsatBerkeley showedICSI’sRAPmachineto besignificantlymore
effective thana single-headCrayX-MP for a varietyof connectionistcompu-
tations,but theRAPwaslessthan1%of thecostof theCRAY.2

1This situationmaybe changing,asa numberof fastDRAM alternativesarebeingdevel-
oped,suchasa packet-basedDRAM interface,e.g.,theRambusapproach.

2A uniprocessorY-MP C90,introducedin 1992,runsabout3-4 timesfasterthantheX-MP
on standardLinpackbenchmarks,andsowould mostlikely bea bit fasterthana RAP on our
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Many researchcenterswill beableto acquirespecializedconnectionistsu-
percomputers,while only centersthatcanafford multi-million dollarmachines
(andcorrespondinglylarge maintenancecosts)will be ableto get a conven-
tional supercomputer. Evenin thelattercase,suchinstallationsusuallyhave a
largenumberof users(to justify theexpense),sothattheturn-aroundtimeand
total availableCPU operationsis frequentlydisappointing.Additionally, the
smallerphysicalsize,power, andcoolingrequirementsof themorespecialized
machinemakesit abettercandidatefor embeddedapplications.Someof these
applicationsmayalsoincludea requirementfor a soft real-timeconnectionto
externalsensorsandactuators,somethingthatis alsomorestraightforwardfor
amachinethathasbeendesignedwith this requirementin mind.

General-purposesupercomputersmaynot satisfytheneedsfor mostcon-
nectionistresearchers.However, asnotedpreviously, workstationperformance
is improving by roughlya factorof 60%peryear. They arealsotwo ordersof
magnitudelessexpensive thanthesmallersupercomputersreferredto above,
andarecurrentlyonly oneorderof magnitudelesspowerful (for instance,us-
ing 1992 Linpack benchmarksfor the Digital EquipmentAlpha 3000/500).
However, parallelcomputersusingsimilar technologyandrelying on moder-
atewordlengthassumptionscansignificantlyout-performcommercialunipro-
cessorworkstations.Thishasbeenshown to betruefor differentprojectsover
the last decade,andwill probablycontinueto be true unlessthe workstation
manufacturersdecidethatthereis someadvantagefor themto pursuefast,effi-
cientlow-precisionarithmetic—but if sothey will hopefully“profit” from our
experience.Even if specificacademicprojectsresultin implementationsthat
arenot fasterthancommercialcomputers,they often teachus muchthat can
strongly affect the entirefield of computing. An exampleat U.C. Berkeley
wastheRISCdevelopment.While theRISCI andII chipswerenot fasterthan
computersthat onecould buy at that time, they showed the strengthsof this
styleof computingquiteconvincingly. RISCis now ubiquitous.

Thus,it appearsthatat leastat this time therearesignificantadvantagesto
begainedby thedevelopmentof fastmachines(andaccompanying software)
that aredesignedto be efficient for connectionistalgorithms. We now also
have a significantamountof experiencewith the first machinedevelopedin
ourcommunityfor thispurpose,theRAP.3

problems.It is still two ordersof magnitudemoreexpensive.
3Wewill notgointo greatdetailabouthardwareandsoftwaresystemdesignhere,andthere-

fore we mustneglect mentionof a greatmany similar neurocomputerdesignprojectsaround
theworld. We briefly mentionheretheCNAPS machinefrom Adaptive Solutions,which has
lessweight memorythanwe needfor our work but hashighercomputationalthroughputfor
smallernets;andthe SYNAPSEmachinefrom Siemens,which is a systolicarraywith very
high performancethathasrecentlybeencompleted.
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Figure11.1:RAPnode.

11.3 A BasicNeurocomputer Design- the RAP

11.3.1 The ICSI Ring Array Processor

In 1989researchersat ICSI designedandimplementedtheRAP for fastexe-
cutionof thehybrid HMM/MLP continuousspeechrecognitiontrainingalgo-
rithms thataredescribedin this book. The RAP usesmultiple floating point
DSP chips (the TI TMS320C30). It also usesa low-latency ring intercon-
nectionschemeusingprogrammablegatearray technologyanda significant
amountof localmemorypernode(16MBytesof dynamicmemoryand1 MB
of faststaticRAM) (figure11.1).

Theoreticalpeakperformanceis 128MFlops/board,with sustainedperfor-
manceof 30-90%for back-propagationproblemsof interestto currentusers.
Eachboardcontainsfour processornodes.Systemswith up to 40 nodeshave
beentested,for which throughputsof up to 574Million ConnectionsPerSec-
ond(MCPS)havebeenmeasured,aswell aslearningratesof upto 106Million
ConnectionUpdatesPerSecond(MCUPS)for training. While the systemis
tunedto thesealgorithms,it is alsoa fully programmablecomputer, andusers
codein C++, C, andassemblylanguage.Additionally, an object-orientedli-
braryof simulationclassescalledCLONES[Kohn,1991]is usedfor thecon-
structionof network architecturesandalgorithms.

The DSP chips were originally chosenfor their efficiency at multiply-
accumulateoperations,aswell asa high memorybandwidth.However, their
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capabilityfor general-purposecomputingandtheavailability of a C compiler
madefurther developmentas a real computingtool a viable option. While
key connectionistoperationswerecodedin assemblylanguage(in theform of
matrix-vectorlibraries)for efficiency, generalcodeto ”glue” theseoperations
togetherinto workingprogramscouldbewritten in C or C++. Webelieve that
this versatility madethe differencebetweenhaving a little-used“stunt box ”
andhaving aworkingcomputerthatscientistsgot their work donewith.

11.3.2 Curr ent Developmentsand Conclusions

SPERT (SyntheticPERceptronTestbed)is a fully programmablesinglechip
microprocessorunderdevelopmentat ICSI for efficient executionof artifi-
cial neuralnetwork algorithms[Asanović et al, 1991]. The first implemen-
tationwill usea1.2micronCMOStechnologyandis projectedto haveapeak
50MHz clock rate. A prototypesystemis beingdesignedto occupy a double
SBusslotwithin aSunSparcStation.Comparedwith aRAPmultiprocessorof
similar performance,SPERT representsover anorderof magnitudereduction
in costfor problemswherefixed-pointarithmeticis satisfactory. This will be
useful for replicatingRAP-rangecapabilitieswithin sisterlaboratoriesfor at
leastsomeof thetasksof interest.

Themaincomponentsarea JTAG4 interfaceandcontrolunit, an instruc-
tion fetch unit with an instructioncache,a scalar32b integer datapathand
registerset,a SIMD arraycontainingmultiple 32bfixedpoint datapathseach
with an associatedregisterfile, anda 128bwide externalmemoryinterface.
In theabsenceof instructioncachemissesandhostmemoryaccesses,onein-
structioncanbe completedevery cycle. Thescalarunit is a RISC processor,
andis usedfor generalscalarcomputationandto supporttheSIMD arrayby
providing addressgenerationandloopcontrol.

Themostsignificantinnovationin theSPERT architectureis thetight cou-
pling betweenageneral-purposeRISCengineandaspecializedarrayof DSP-
likeengines.Thelatteris alsodesignedto haveaveryhighmemorybandwidth
so that peakcomputationalspeedscanbe supportedwithout datareuse.Ad-
ditionally, the useof customVLSI designtechniques(which areoften used
for general-purposeprocessorsdesignsbut arerarelyusedfor special-purpose
DSP chips) provided significantarea/power/speedadvantagesover standard
cell approaches.Much of theeffort duringthepreviousgrantperiodhasbeen
thedevelopmentof aconsistentandtestabledesignpathfor thekindsof macro-
cellsthatwe required.

An importantgoal in theSPERT designhasbeento prototypeideasfor a
parallelprocessingnodethatwill beusedin a future,scalable,MIMD multi-
processorsystem.Sucha systemwould target large, irregular network struc-
tures. The larger project,a joint projectbetweenU.C. Berkeley (principally

4TheJointTestAction GroupformulatedtheIEEE1149.1boundaryscanstandard.
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ProfessorJohnWawrzynek) and ICSI is namedthe ConnectionistNetwork
Supercomputer(CNS-1),andofficially beganMay 1992.

Themorerecentdesignsdiffer from theRAP in severalsignificantways:

1. Price/performance:thesesystemspacka significantlylargeramountof
computationalpower per dollar or per unit volumethanthe RAP. The
primary reasonfor the differenceis the designof specializedproces-
sorsandcommunicationpathsthattakeadvantageof shorterwordlength
fixed point representations.Additionally, the use of customcircuits
meansthatall interfacescanbesimplifiedandchip count(andvariety)
canbereduced.

2. Application goals: particularly for the CNS-1, the aim is efficient op-
erationfor a rangeof connectionisttasksthatgreatlyexceedsthegoals
for the RAP. In particular, the machineshouldbe useful for sparsely
connectednetworksandnetworkswith sharedor tiedweights.

3. Difficulty: theSPERT andCNS-1designsaresignificantlymorediffi-
cult thantheRAP sincethelatterrequirednoVLSI development.

Despitethesedifferences,thesenew systemsarebeingdevelopedin the
samespirit astheRAP;they areintendedasspecializedbut fully programmable
computingsystemsthatmeremortalspeechresearcherscanuse.

11.4 Summary

While MLP estimatorsareconservative in systemresourcerequirementsfor
recognition,they canrequireformidableresourcesfor training. For difficult
problemsin continuousspeechrecognition,1993 workstationtechnologyis
insufficient for network learning.

Theseconsiderationsledto thedesignof aseriesof hardwareandsoftware
projectsat ICSI to supportthespeechresearchdescribedin this book(aswell
asfor architecturalresearchin programmableconnectionistsystems).Thefirst
wasasystemcomposedof commercialfloating-pointDSPchipsconnectedvia
a ring of programmablegatearrays.This systemproducedmostof theresults
describedin this book.Thesecondandthird systems,briefly describedin this
chapter, aredesignsin progress,and incorporatea numberof the ideasthat
we developedgiven the experienceof the first system.We arecontinuingto
developthesesystemsin parallelwith thespeechrecognitionresearchsothat
wecanconsiderdatabasesandalgorithmsthatmightotherwisebeoutof reach.
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Chapter 12

CROSS-VALID ATION IN MLP
TRAINING

Weshouldbecareful to getoutof anexperienceonly
thewisdomthat is in it - andstopthere; lestwe be
like thecat thatsitsdownona hotstove-lid. Shewill
never sit downon a hot stove-lid again - andthat is
well; but alsoshewill never sit downon a cold one
anymore.
– Mark Twain–

12.1 Intr oduction

It is well known that systemmodelswhich have too many parameters(with
respectto the numberof measurements)do not generalizewell to new mea-
surements.For instance,anautoregressive (AR) modelcanbederivedwhich
will representthe trainingdatawith no errorby usingasmany parametersas
therearedatapoints. This would generallybe of no value,asit would only
representthetrainingdata.CriteriasuchastheAkaike InformationCriterion
(AIC) [Akaike, 1974,1986] canbe usedto penalizeboth the complexity of
AR modelsandtheir training error variance.In feedforward nets,we do not
currently have sucha measure. In fact, given the aim of building systems
which arebiologically plausible,thereis a temptationto assumethe useful-
nessof indefinitely large adaptive networks. In contrastto our bestguessat
Nature’s tricks, man-madesystemsfor patternrecognitionseemto require
nastyamountsof datafor training. In short, the designof massively paral-
lel systemsis limited by the numberof parametersthat canbe learnedwith
available training data. It is likely that the only way truly massive systems
canbe built is with the help of prior information,e.g., connectiontopology
andweightsthatneednot be learned[Feldmanet al., 1988]. Learningtheory
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[Valiant,1984;Pearl,1978]hasbegunto establishwhatis possiblefor trained
systems.Order-of-magnitudelowerboundshavebeenestablishedfor thenum-
berof requiredmeasurementsto trainadesiredsizefeedforwardnet[Baum&
Haussler, 1988]. Rulesof thumbsuggestingthenumberof samplesrequired
for specificdistributionscould be usefulfor practicalproblems.Widrow has
suggestedhaving atrainingsamplesizethatis 10 timesthenumberof weights
in a network (”Uncle Bernie’s Rule”) [Widrow, 1987].

In 1989we conductedanempiricalstudyof therelationof thenumberof
parametersin a feedforward net (e.g.,hiddenunits, connections,featuredi-
mension)to generalizationperformancefor datasetswith known discrimina-
tion complexity andSignal-to-NoiseRatio(SNR).In thisexperiment,weused
simulateddatasetswith controlledparameters,suchasthenumberof clusters
of continuous-valueddata. In a relatedpracticalexample,we have traineda
feedforward network on vectorquantizedmel cepstrafrom real speechsam-
ples. In eachcase,we usedthebackpropagationalgorithm[Rumelhartet al.,
1986a]to train thefeedforward net to discriminatein a multiple classpattern
classificationproblem. Our resultsconfirmedthat estimatingmore parame-
tersthantherearetrainingsamplescandegradegeneralization.However, the
peakin generalizationperformance(for thedifficult patternrecognitionprob-
lemstestedhere)canbe quitebroadif thenetworks arenot trainedtoo long,
suggestingthatpreviousguidelinesfor network sizemayhave beenconserva-
tive. Furthermore,cross-validationtechniques,which have alsoproved quite
usefulfor autoregressive modelorderdetermination,appearto improvegener-
alizationwhenusedasa stoppingcriterion for iteration,andthuspreventing
overtraining.

All of theseledto across-validationbasedtrainingprocedurethatwehave
usedthroughoutour recognitionresearch.As reportedin theearlierchapters,
this ideaappearsto have beeninstrumentalin ourachievementof goodrecog-
nition resultswith anHMM/MLP hybridstructure.

12.2 RandomVector Problem

12.2.1 Methods

Studiesbasedon synthesizeddatasetswill generallyshow behavior that is
different from that seenwith a real dataset. Nonetheless,suchstudiesare
usefulbecauseof theeasewith which variablesof interestmaybealtered.In
thiscase,theobjectwasto manufactureadifficult patternrecognitionproblem
with statisticallyregularvariability betweenthetrainingandtestsets.This is
actuallyno easytrick; if the problemis too easy, theneven very small nets
will be sufficient, andwe would not be modelingthe problemof doing hard
patternclassificationwith small amountsof training data. If the problemis
toohard,thenvariationsin performancewill belost in thestatisticalvariations
inherentto methodslike back-propagation,which userandominitial weight
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values.Randompointsin a 4-dimensionalhyperrectangle(drawn from a uni-
form probabilitydistribution) wereclassifiedarbitrarily into oneof 16classes.
This groupof pointswill be referredto asa cluster. This processis repeated
for 1-4 nonoverlappinghyperrectangles.A total of 64 pointswerechosen,4
for eachclass.All pointswerethenrandomlyperturbedwith noiseof uniform
densityandrangespecifiedby adesiredsignal-to-noiseratio(SNR).Thenoise
wasaddedtwice to create2 datasets,oneto beusedfor training,andtheother
for test.

Intuitively, onemight expectthat16-64hiddenunitswould berequiredto
transformthe training spacefor classificationby the output layer. However,
thevariationbetweentrainingandtestandtherelatively smallamountof data
(256numbers)suggestthat for large numbersof parameters(over 256) there
shouldbe a significantdegradingof generalization.Another issuewashow
performancein sucha situationwould vary over large numbersof iterations.
Simulationswererun on this datausingMLPs with 4 continuous-valuedin-
puts,16 outputs,anda hiddenlayerof sizesrangingfrom 4 to 128.Netswere
run for an SNR of 1.0 and2.0, wherethe SNR is definedasthe ratio of the
rangeof the original clusterpointsto the rangeof the addedrandomvalues.
Errorback-propagationwithoutmomentumwasused,with anadaptationcon-
stantof .25. For eachcase,the 64 training patternswereused10,000times,
andthe resultingnetwork wastestedon the seconddatasetevery 100 itera-
tionsso thatgeneralizationcouldbeobserved during the learning. Blocksof
ten scoreswereaveragedto stabilizethe generalizationestimate. After this
smoothing,thestandarddeviationof error(usingthenormalapproximationto
the binomial distribution) wasroughly 1%. Therefore,differencesof 3% in
generalizationperformancearesignificantata level of .001.Roughlyatrillion
floatingpointoperationswererequiredfor thestudy.

12.2.2 Results

Table12.1shows the testperformancefor a singleclusteranda SNR of 1.0.
Thechartshowsthevariationoverarangeof iterationsandnetwork size(spec-
ified bothasnumberof hiddenunits,andasratioof numberof weightsto num-
berof measurements,or ”weight ratio”). Note that thepercentagescanhave
finergradationthan1/64,dueto theaveraging,andthattheperformanceonthe
trainingsetis givenin parentheses.Testperformanceis bestfor thiscasefor 8
hiddenunits (24.7%),or a weight ratio of .62 (after2,000iterations),andfor
16 units(21.9%),or a weightratio of 1.25(after10,000iterations).For larger
networks, theperformancedegrades,presumablybecauseof theaddednoise.
At 2,000iterations,the degradationis statisticallysignificant,even in going
from 8 to 16 hiddenunits. Thereis further degradationout to the 128-unit
case.The surprisingthing is that, while this degradationis quite noticeable,
it is quitegracefulconsideringtheorderof magnituderangein netsizes.An
evenstrongereffect is thelossof generalizationpowerwhenthelargernetsare
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# weights/ % Test(Train)CorrectafterN Iterations
# inputs 1,000 2,000 5,000 10,000

.31 9.2(4.4) 21.7(15.6) 12.0(25.9) 15.6(34.4)

.62 11.4(5.2) 24.7(17.0) 20.6(29.8) 21.4(63.9)
1.25 13.6(6.9) 21.1(18.4) 18.3(37.2) 21.9(73.4)
2.50 12.8(6.4) 18.4(18.3) 17.8(41.7) 13.0(80.8)
5.0 13.6(7.7) 18.3(20.8) 19.7(34.4) 18.0(79.2)
10.0 11.6(6.7) 17.7(19.1) 12.2(34.7) 15.6(75.6)

Table12.1:Test (and training) scores: 1 cluster, SNR = 1.0.

# weights/ % Test(Train)CorrectafterN Iterations
# inputs 1,000 2,000 5,000 10,000

.31 18.1(8.4) 25.6(29.1) 32.2(29.8) 26.9(29.2)

.62 22.5(12.8) 31.1(34.7) 34.5(44.5) 33.3(62.2)
1.25 22.0(11.6) 33.4(32.8) 33.6(57.2) 29.4(78.3)
2.50 25.6(13.3) 33.4(35.2) 39.4(51.1) 34.2(87.0)
5.0 26.4(13.9) 36.1(35.0) 40.8(45.2) 33.6(86.9)
10.0 26.9(12.0) 34.5(34.5) 40.5(47.2) 28.1(91.1)

Table12.2:Test (and training) scores: 1 cluster, SNR = 2.0.

morefully trained. All of thenetsgeneralizedbetterwhenthey weretrained
to a relatively poordegree,especiallythelargerones.

Table 12.2 shows the resultsfor the same1-clusterproblem, but with
higherSNR data(2.0). In this case,a higher level of testperformancewas
reached,andit wasreachedfor a larger net with moreiterations(40.8%for
64 hiddenunitsafter 5,000iterations).At this point in the iterations,no real
degradationwasseenfor up to 10 timesthenumberof weightsasdatasam-
ples.However, somesignsof performancelossfor thelargestnetswasevident
after10,000iterations.Notethatafter5,000iterations,thenetworkswereonly
half-trained(roughly50%erroron thetrainingset).Whenthey were80-90%
trained,the larger netslost considerableground. For instance,the net with
128hiddenunits(containing���J¬ moreparametersthantrainingpatterns)lost
performancefrom 40.5%to 28.1%duringtheseiterations.It appearsthat the
highersignal-to-noiseof this examplepermittedperformancegainsfor even
higheroverparametrizationfactors,but thattheresultwasevenmoresensitive
to trainingfor toomany iterations.

Table12.3 shows the performancefor a 4-clustercase,with SNR = 1.0.
Smallnetsareomittedhere,becauseearlierexperimentsshowedthis problem
to be too hard. The bestperformance(21.1%) is for one of the larger nets
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# weights/ % Test(Train)CorrectafterN Iterations
# inputs 1,000 2,000 5,000 10,000

2.5 13.8(12.7) 18.3(23.6) 15.8(38.8) 9.4(71.4)
5.0 13.6(12.7) 18.4(23.6) 14.7(42.7) 18.8(71.6)
7.5 15.3(13.0) 21.1(24.7) 15.9(45.5) 16.3(78.1)
10.0 15.2(13/1) 19.1(23.8) 17.5(40.5) 10.5(10.9)

Table12.3:Test (and training) scores: 4 clusters, SNR = 1.0.

at 2,000iterations,so that thedegradationeffect is not clearlyvisible for the
undertrainedcase.At 10,000iterations,however, thelargernetsdopoorly.

Figure12.1 illustratesthis graphically. The “undertrained”caseis rela-
tively insensitive to thenetwork size,aswell ashaving thehighestraw score.
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Figure12.1:Sensitivityof MLP training to netsize.

12.3 SpeechRecognition

12.3.1 Methods

A Germanlanguagedatabase1 consistingof 100trainingand100testsentences
(bothfromthesamespeaker)wereusedfor trainingof amulti-layer-perceptron
(MLP) for recognitionof phonesattheframelevel, aswell asto estimateprob-
abilitiesfor usein thedynamicprogrammingalgorithmfor a discreteHidden

1SPICOS;seeearliertext (Section6.6.1).
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Markov Model (HMM) [Bourlard& Wellekens,1989c;Bourlardetal., 1990].
Vector-quantizedmelcepstrawereusedasbinaryinput to ahiddenlayer. Mul-
tiple frameswereusedasinput to provide context to thenetwork. While the
size of the output layer was kept fixed at 50 units, correspondingto the 50
phonemesto berecognized,thehiddenlayerwasvariedfrom 20 to 200units,
andthe input context waskept fixed at 9 framesof speech.As the acoustic
vectorswerecodedon the basisof 132prototypevectorsby a simplebinary
vectorwith a singlebit ’on,’ the input field contained�å¬��%Î&Õ¶�æ�&�%ç&ç units,
andthe total numberof possibleinputswasthusequalto �%Î&Õ�è . Therewere
26,767trainingpatternsand26,702,,independenttestpatterns.Of course,this
representedonlyaverysmallfractionof thepossibleinputs,andgeneralization
wasthuspotentiallydifficult. Trainingwasdoneby theclassical“error-back
propagation”algorithm,startingby minimizing anentropy criterion [Solla et
al., 1988] andthenan MSE. In eachiteration, the completetraining setwas
presented,and the parameterswereupdatedeachtraining pattern. To avoid
overtrainingof theMLP, (aswaslaterdemonstratedby therandomvectorex-
perimentdescribedabove), improvementonthetestsetwascheckedaftereach
iteration. If the classificationrateon the testsetwasdecreasing,the adapta-
tion parameterof thegradientprocedurewasdecreased;otherwiseit waskept
constant.In anotherexperimentthis approachwassystematizedby splitting
the datain threeparts: onefor the training, one for the testanda third one
absolutelyindependentof thetrainingprocedurefor validation.No significant
differencewasobservedbetweenclassificationratesfor thetestandvalidation
data.Otherthantheobviousdifferencewith thepreviousstudy(this usedreal
data),it is importantto noteanothersignificantpoint: in this case,we stopped
iterating(by any oneparticularcriterion)whenthatcriterionwasleadingto no
new testsetperformanceimprovement.While we hadnot yet donethesimu-
lationsdescribedabove, we hadobserved thenecessityfor suchanapproach
over the courseof our speechresearch.We expectedthis to amelioratethe
effectsof overparameterization.

12.3.2 Results

Table12.4shows thevariationin performancefor 5, 20, 50, and200hidden
units. The peakat 20 hiddenunits for test set performance,in contrastto
the continuedimprovementin training setperformance,canbe clearly seen.
However, the effect is certainlya mild onegiven the wide rangein network
size;using10 timesthenumberof weightsasin the“peak” caseonly causesa
degradationof 3.1%.Note,however, thatfor thisexperiment,themoresophis-
ticatedtrainingprocedurewasusedwhichhaltedtrainingwhengeneralization
startedto degrade.

For comparisonwith classicalapproaches,resultsobtainedwith Maximum
Likelihood(ML) andBayesestimatesarealsogiven. In thosecases,it is not
possibleto usecontextual information,becausethe numberof parametersto
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# hidden # parameters/ training test
# units # trainingpatterns

5 .23 62.8 54.2
20 .93 75.7 62.7
50 2.31 73.7 60.6
200 9.3 86.7 59.6

MLE .25 45.9 44.8
MAP .25 53.8 53.0

Table12.4: Test Run: Correct (phonemic) frame classification rate for
training and test sets.

belearnedwouldbe Ö��Ç¬Ý�%Î&Õ�è for the9 framesof context. Therefore,theinput
field wasrestrictedto a singleframe.Thenumberof parametersfor thesetwo
lastclassifierswasthen Ö��m¬à�%Î&Õé�Þ���>���&� , or a parameter/measurementratio
of .25. This restrictionexplainswhy theBayesclassifier, which is inherently
optimalfor a givenpatternclassificationproblem,is shown hereasyielding a
lowerperformancethanthepotentiallysuboptimalMLP.

12.4 Summary

While both studiesshow the expectedeffectsof overparameterization,(poor
generalization,sensitivity to overtrainingin thepresenceof noise),perhapsthe
mostsignificantresult is that it waspossibleto greatlyreducethe sensitivity
to thechoiceof network sizeby directly observingthenetwork performance
on an independenttestsetduring thecourseof learning(cross-validation). If
iterationsarenot continuedpastthis point, fewer measurementsarerequired.
This only makessensebecauseof theinterdependenceof thelearnedparame-
ters,particularlyfor theundertrainedcase.In any event,though,it is clearthat
addingparametersover thenumberrequiredfor discriminationis wastefulof
resources.Networkswhichrequiremany moreparametersthantherearemea-
surementswill certainlyreachlower levelsof peakperformancethansimpler
systems.For at leasttheexamplesdescribedhere,it is clearthatboththesize
of theMLP andthedegreeto which it shouldbetrainedareparameterswhich
mustbe learnedfrom experimentationwith thedataset. Furtherstudymight,
perhaps,yield enoughresultsto permitsomeruleof thumbdependentonprop-
ertiesof the data,but our currentthinking is that theseparametersshouldbe
determineddynamicallyby testingonanindependenttestset.
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Chapter 13

HMM/MLP AND
PREDICTIVE MODELS

It’ s hard to predict- especiallythefuture.
– Niels Bohr–

13.1 Intr oduction

HiddenMarkov modelsarewidely usedfor speechrecognition.However, as
shown in Chapter3, strongassumptionshave to bemadeto renderthemodel
computationallytractable.Oneof theseassumptionsis theobservation inde-
pendenceof theacousticvectors.Indeed,it is usuallyassumedthattheproba-
bility thata particularacousticvectoris emittedat a giventime only depends
on the currentstateand the currentacousticvector. As a consequence,this
modeldoesnot take accountof thedynamicnatureof thespeechsignal.1

Many authorshave tried to takeaccountof thedynamicsof thespeechsig-
nal. For instance,in [Furui 1986,1991;Gurgenet al., 1990] featuressuchas
the time-derivative of the acousticvectorshave beenintroduced.2 In [Deng,
1992a,b],the temporalevolution of theacousticfeatureinsidea stateis mod-
eledby a given function of time, i.e., a polynomial trendfunction of time ê
spentin thestate.In [Saerens,1992a],theacousticvectorsobserved on each
stateareassumedto be generatedby a continuous-timeMarkov modelor a
stochasticdifferential equation[Saerens,1992b]; reestimationformulaeare
derived for the Viterbi algorithm. In [Wellekens,1987], the emissionproba-
bility is explicitly assumeddependentnot only on thecurrentvectorbut also

1At leastdirectly. In fact,thecorrelationof theacousticvectorsis implicitly (but only partly)
takeninto accountvia theconstrainton thepossibleHMM statesequences.However, thetime
correlationof theacousticvectorsemittedona singleHMM stateis notused.

2Thishasledto significantimprovementsin recognitionrates,althoughthetheoreticalfoun-
dationsof this approachcouldbequestionable.
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on the last observed vector. In the caseof a correlatedGaussianprobability
distribution function, it is thenproved that theemissionprobabilitiesdepend
on thepredictionerrorof afirst orderlinearpredictor.

In orderto introducetimecorrelationbetweensuccessive acousticvectors,
someauthorshave consideredthe time seriesof observations(at the sample
level or at theacousticvectorlevel) to begeneratedby a hiddenlinearautore-
gressive model. In this case,standardemissionprobabilitydensityfunctions
associatedwith HMM statesarereplacedby linear autoregressive functions,
which resultsin the introductionof the predictionerrorsof theseautoregres-
sive functionsin thelikelihoods(i.e., emissionprobabilities).Along this line,
Poritz (1982),Juang(1984)andJuang& Rabiner(1985)(seealso[Kenny, et
al., 1990;Tishby, 1991;Woodland,1992])useGaussianautoregressive densi-
tiesperstateto modelthespeechdynamicsandtheBaum-Welchalgorithmis
appliedfor thereestimationof theparameters.In this case,it hasbeenshown
that theemissionprobabilitiesdependon thepredictionerrorof a linearpre-
dictor.

More recently, someauthorshave consideredthepossibilityof usingnon-
linear predictionmodels(essentiallymultilayer neuralnetworks) for speech
recognitionwith hiddenMarkov models[Tsubokaet al., 1990;Levin, 1990,
1993;Tebelskis& Waibel,1990;Tebelskiset al., 1991;Peteket al., 1992;Iso
& Watanabe,1990,1991; Denget al., 1991]. In this case,the acousticvec-
torsareassumedto begeneratedateachframeby adiscretenonlinearprocess,
differentfor everystate,corruptedby anadditive uncorrelatedGaussiannoise.

This leadsto anew family of hybridHMM/MLP systems,usuallyreferred
to aspredictive neuralnetworks. Although thesemodelshave alreadybeen
briefly discussedin Section6.8(in theframework of neuralnetworksandsta-
tistical inference),wereview herethebasicideasunderlyingthesemodelsand
we discusstheir advantages,drawbacksand relationshipswith standardau-
toregressive models. Also, their usein estimatinglikelihoodsor conditional
likelihoodsfor usein HMMs will bediscussed.

13.2 AutoregressiveHMMs

In linearandnonlinearpredictive (autoregressive) models,it is assumedthat,
for everyHMM state~%� ��� ���Z~� ��Y~ � �������Z�Y~�¡�¢ (seeChapter3 for notations),
the acousticvector �<� at time £ hasbeengeneratedby a linear or nonlinear
processcorruptedby additive noise,i.e.,�<���ëÄW��|³¹ � �  � �(ì ��í����ÂÆ\î �'ï � (13.1)

where¹ � �  � �(ì ���%�<� �(ì �������Z�S��� �<� �S��� �  �¢ representsthesequenceof the { pre-
viousacousticvectors(if { is thepredictionorder),and î �(ï � is theprediction
erroronstate~%� at time £ andis assumedto beanindependentandidentically
distributed (iid) randomvariablewith probability density function {�ðb|Oî9��ñ²�&�
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with parametersñ<� andzeromean.ÄW��|³¹ � �  � �(ì ��í���� is adeterministicfunction,
associatedwith state ~%� �ò� , of the last { acousticvectorsandparametersí9� , andcanbe linear [Makhoul, 1975] or nonlinear. Finally, the autoregres-
sive processassociatedwith state ~%� is entirely describedby two setswith
parameters:í9� , the parametersof the autoregressive function Ä}� and ñ²� the
parametersdescribingthedistribution of theresidualnoise.

From equation(13.1), the conditionalprobability densityof the observa-
tion {�ó�|³���J� ¹ � �  � �(ì �bôõ�&� ( ôõ�Ý�ö�9ñ²�'�Yí9�¥¢ beingthesetof parametersappearing
in thedistribution) is asfollows:{ ó |³� � � ¹ � �  � �(ì �bôõ�&�ë� { ð |³� �Ý÷ Ä}��|³¹ � �  � �(ì �Yí9������ñ<�&� (13.2)� {�ðB|Oî �'ï ����ñ<�&� (13.3)

This is simply because,from equation(13.1), the conditionaldistribution of
thestochasticvariable� giventhepastis thesameasthedistribution of î , but
with ashift in themeanvalue.

As donein Chapter3, given a sequenceof acousticvectors¹^�ö¹�ø  ��%�   �S� � �������%�S� � �������%�S� ø ¢ anda Markov model Í , training and recognition
arebasedon the MLE criterion, i.e., ùÅ|³¹�� Í�� . If ~ � representsthe HMM
state( �Ó� ) visited at time £ , we can definea path ú of length Ì in the
modelasanorderedsequenceû ø   ���Z~�üÔ��~%ý��Y~   �Y~ � �Â�����Z�<~ ø �Y~ ø ºW  �Ñ~%þÿ¢
of Ì statesenteringvia the (non-emitting)initial state~%ý andendingvia the
(non-emitting)final state~ þ of Í . As donein Section3.1.1,if � denotesthe
setof all possiblepaths ú in Í , theactualcalculationof ùÅ|³¹�� Í�� involves
summingtheprobabilitiesof all possiblepathsú � � , i.e.:ùÅ|³¹\� ÍÑ�Ç� ��� ùÅ|"úÜ�S¹\� ÍÑ�á� ��� ù |"û ø   �S¹�� Í�� (13.4)

Keepingin mindthatweareworking in aparticularMarkov model Í , wecan
omit Í in theconditionalandeachtermin (13.4)canbeexpressedas:ùÅ|"û ø   �S¹°�^� ùÅ|³¹ ø  ��û ø   ��ùÅ|"û ø   �� {}|³� ø � ¹ ø �    �bû ø   �¯{}|³� ø �  9� ¹ ø �<�  �bû ø   ������������O{}|³� � � �   �bû ø   �¯{}|³�   ��û ø   �¯{}|"û ø   � (13.5)

However, sincewe want to estimateeachfactor(local probability)of this ex-
pressionby a (linear or nonlinear)predictive modelof order { , we canonly
estimateprobabilitieslike {}|³���H� ¹ � �  � �(ì � andthe { first conditionalprobabilities
( £ ��������������{ ) cannotbeevaluatedbecauseof theproblemof theinitial condi-
tions.As aconsequence,thelikelihoodof anacousticvectorsequencealonga
particularstatesequenceis usuallyreplacedby theconditionallikelihoodthat
is definedas:ùÅ|³¹ øì ºW  �bû øì ºW  � ¹ ì   �bû ì   �^� {}|³� ø � ¹ ø �    �bû ø   �¯{}|³� ø �  9� ¹ ø �<�  �bû ø   ������������U{}|³� ì ºW Z� ¹ ì   �bû ø   �¯{�|"û øì ºW  ��û ì   � (13.6)



204 CHAPTER13. HMM/MLP AND PREDICTIVEMODELS

Sincetheprocess(13.1) is of order { , eachlocal probabilityof the total con-
ditional likelihoodonly dependson the { previousvectors.Moreover, we also
assumethat the emissionof acousticvectorsthroughthe processdefinedby
(13.1)only dependson thepresentstate,sothatùÅ|³¹ øì ºW  �bû øì ºW  � ¹ ì   �bû ì   �� ø���� ì ºW  {}|³�<�J� ¹ � �  � �(ì �Y~ � �¯{}|"û øì ºW  ��û ì   � (13.7)

Furthermore,sincethestatesequenceis generallyassumedto begeneratedby
afirst orderMarkov process,we canrewrite (13.7)asùÅ|³¹ øì ºW  �bû øì ºW  � ¹ ì   �bû ì   �� ø���� ì ºW  {�|³�<�H� ¹ � �  � �(ì �Y~ � � ø���� ì ºW  {�|�~ � � ~ � �   � (13.8)

where{}|�~ � � ~ � �   � arethetransitionprobabilities.
Given (13.2) it is thenclearthat the conditionallikelihoodfor the whole

utterancecannow beexpressedin termsof thepredictionerrorsof the(linear
or nonlinear)predictorsassociatedwith eachof theHMM-states,i.e.,ùÅ|³¹ øì ºW  �bû øì ºW  � ¹ ì   �bû ì   �� ø���� ì ºW  {�ðL|³�<� ÷ ÄW�	��|³¹ � �  � �(ì �Yí9�
����ñ<�
���S� ø���� ì ºW  {�|�~ � � ~ � �   � (13.9)

where �¥� representsthe index of the state ~%� at time £ along ú . Thereis
another, morestraightforward,way to obtainthesameresult.Indeed,thelike-
lihood of the parameters,given the valuesof |Oî ì ºW  �>î ì º � ��� � � �>î ø � (where î �
representsthepredictionerrorfor theHMM-statevisitedat time £ , given �<� )
andconditionedon thesequenceof statesisùÅ|Oî ì ºW  �>î ì º � �������%�>î ø � ~ ì ºW  �Y~ ì º � �������%�Y~ ø � (13.10)

and, sincethe Jacobianof the transformationfrom the �%� � ¢ to the ��î � ¢ is
unity, this joint probability functionalsorepresentsthe likelihoodfunctionof
theparametersgiven |³� ì ºW  �S� ì º � �������%�S� ø � . Equation(13.9)follows directly.

13.3 Full and Conditional Lik elihoods

Whathasbeenpresentedin theprevioussectiondoesnotrequireany particular
assumptionaboutthe predictor; this is valid for linear as well as nonlinear
predictive functionsprovidedthatwe restrictthelikelihoodof thesequenceto
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theconditionallikelihood.However, if thereis a largeamountof data,thiscan
have anegligible effect.

It is however interestingto observe thatit is possibleto computetheexact
total likelihoodin the linearautoregressive case:see[Box & Jenkins,1976];
in the context of speechrecognition,see[Juang,1984]. However, this is no
longervalid for nonlinearpredictors(and,consequently, neuralnetworks), in
which caseit is importantto keepin mind thatwe will alwaysberestrictedto
conditionallikelihoods.

Thesemethodshavebeenusedfor bothlikelihoodandViterbi trainingand
usinglinearor nonlinear(neuralnetwork) predictors.Also, themodelingcan
bedoneat thefeaturevectorlevel [Levin, 1990]or at thesamplelevel [Poritz,
1982].

13.4 GaussianAdditi ve Noise

13.4.1 Training

As alreadyshown in Chapter6, the parametersí9� of the AR functionsare
usuallytrainedby minimizing theMSE� � ¡� � �W  �ó ����
���� � �é÷ ÄW��|³¹ � �  � �(ì �Yí9��� � �
in theparameterspaceof í9� .

Thetrainingprocedureswill of coursedependonthekind of predictorand
on the assumptionsaboutthe noisedistribution. Of course,the moststudied
caseis theonefor which thenoiseis Gaussiandistributedwith zeromeanand
covariance� � , in whichcase(13.3)takestheform:{ ð |Oî �'ï �¨��ñ²�&�Ã� �� |OÕ�� ������� ��������� � ÷ î � �'ï � |!� �&� �   î �'ï �Õ " (13.11)

During Viterbi training [Levin, 1990], onehasto minimize the negative log
conditionallikelihoodwithin a constantterm:÷$#&%�')( ùÅ|³¹ øì ºW  �bû øì ºW  ��� ¹ ì   �bû ì  +*� �Õ ø���� ì ºW  î � �'ï � |!� � � � �   î �'ï �áÆ �Õ ø���� ì ºW  #&%�' ��� � � �÷ ø���� ì ºW  {}|�~ � � ~ � �   � (13.12)

By introducing the usualconstraintthat the transitionprobabilitiescoming
from the samestatesum to one, one can easily derive reestimationformu-
laefor thevariance-covariancematrixandthetransitionprobabilities.Mostof



206 CHAPTER13. HMM/MLP AND PREDICTIVEMODELS

theauthorsassume,however, thevariance-covarianceto betheidentitymatrix
(aswasdonein Chapter6).3

Forwhatconcernsthepredictorparametersí�� , for �Å�������������Y� , thetrain-
ing methodwill, of course,bedifferentfor linearandnonlinearpredictors.In
thelinearcase,bothstandardtechniquesfor theestimationof theparametersof
autoregressive processes(for Viterbi algorithm),andForward-Backwardalgo-
rithm [Poritz,1982;Juang,1984;Juang& Rabiner, 1985;Kenny et al., 1990;
Tishby, 1991;Woodland,1992] canbe used. In the nonlinearcase,gradient
descentis used,both for Viterbi algorithm[Levin, 1990,1993; Tebelskis&
Waibel,1990;Tebelskisetal.,1991;Peteketal.,1992;Iso& Watanabe,1990,
1991]andForward-Backwardalgorithm[Tsubokaetal., 1990].

13.4.2 Recognition

During recognition,if theViterbi criterionis used,thebeststatesequenceû ø  
giventheobservationsequence¹�ø  is theonethatmaximizesùÅ|"û ø   � ¹ ø  �v� ùÅ|³¹�ø  ��ûÔø  ��ùÅ|"ûÔø  �ùÅ|³¹ ø  � (13.13)

Maximizationof this lastexpression(within aninitializationconstraintrelated
to thefirst { acousticvectors)is equivalentto minimizationof (13.12),which
canbedoneby standarddynamicprogrammingin whichthelocaldistanceas-
sociatedwith state~%� andacousticvector ��� is nothingelsethantheprediction
error � �<� ÷ ÄW��|³¹ � �  � �(ì �Yí9��� � �
if the predictionerror is assumedto be Gaussianwith zeromeanandunity
variance,andthenormalizedpredictionerror( �<� ÷ Ä}��|³¹ � �  � �(ì �Yí9�&� * � |!� ��� �   ( ��� ÷ Ä}��|³¹ � �  � �(ì �Yí��&� *
if thepredictionerror is assumedto beGaussianwith zeromeanandcovari-
ancematrix � � .
13.4.3 Discussion

As alreadydiscussedin Section6.8, thesepredictive approacheshave been
testedonspeechrecognitionproblemsbut, to ourknowledge,never led to bet-
ter performance.Accordingto our experiencewith predictive networks (and
relatedapproacheslike theonepresentedin Section6.8.4),althoughvery at-
tractive in theory, theseapproachesalwaysled to significantlypoorerperfor-
mancethantheoneachieved with MLPs trainedin classificationmode. This
alsoseemsto corroborateresultsobtainedwith standard(linear)autoregressive
models[deLa Noueet al., 1989;Wellekens,1987].

Thereareseveralpotentialreasonsfor thisproblem:
3Althoughthis canbeexpectedto hurt recognitionperformance.
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trainedin classificationmode),AR (predictive)approachesarenolonger
discriminant.They are(potentially)betterin modelingthetime dynam-
ics of thesequencebut eachclass(e.g.,eachHMM state)is associated
with anAR modelor a neuralnetwork that is trainedindependentlyof
theothers.� In most of the work using predictive neuralnetworks, the covariance
matrixdescribingtheerrorpdf wasgenerallyassumedto beunity, which
obviously canhurtperformance.4� Linearmodelsaretoosmoothto representspeechdynamicsandnonlin-
earmodelsaredifficult to estimateproperly– seenext section.

13.5 Linear or Nonlinear AR Models?

Under the usualassumptionson the error prediction(i.e., Gaussianiid ran-
domvariable),standardlinearAR models[Makhoul,1975;Juang& Rabiner,
1985],aswell asnonlinear(MLP) AR modelswill resultin Gaussianlikeemis-
sion probabilities. However, it is clear that whenusingan MLP, ÄW��|³¹ � �  � �(ì �
will be nonlinearfunctionsandcanapproximatethe dynamicof the system
better. However, althoughthe theoryof AR models(linear andnonlinear)is
particularlyappealingto speechrecognition,it hasnot yet led to any signif-
icant improvementsover state-of-the-artapproaches.In caseswheredirect
comparisonsweredone,many researchershave observed lower performance
usingsomevariantof thisapproach,despitethepotentialadvantagesuggested
by theory. This is discussed,for example,in [de La Noueet al, 1989]where
it is shown that linear AR modelsdo not work well for speechrecognition,
althoughthey do for artificial AR speech.5

Therecouldbeseveralreasonsfor this, including:

1. Any (linear)autoregressive modelsassumesomekind of “smooth” dy-
namic,which is obviously wrong in speech(e.g.,plosives). Even for
nonlinearAR processes,mostunderlyingdynamicsaresmooth.How-
ever, therearesomenonlinearAR processes(evenwith low order)that
can generate“speech-like behaviors,” and which are no longer really
smooth[Priestley, 1991].

2. Thespeechdynamicis highly nonlinearand,in thiscase,it doesnothelp
to increasethe orderof linear AR modelsto improve performance.A
critical issueis thedeterminationof theorderof theunderlyingnonlin-
earpredictor. Viewing speechasachaotictimeseries,it hasbeenshown

4This is usuallynotoverlookedin linearAR models.
5Wouldn’t it beniceto beableto manufacturethedatato matchourmodels?Naturecanbe

somessy...
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that the underlyingfractal dimension(usually referredto as “correla-
tion dimension”or “embeddeddimension”)of speechsignalsis quite
low, and is typically estimatedto be between3 and 5 [Tishby, 1990;
Townshend,1991]. A theoremby Takens[1981] provesthat if , is the
correlationdimension,themaximumdimensionof theoptimal nonlin-
earpredictoris equalto Õ�,ÞÆ � . Evenif themodelorderwereprecisely
known, however, we would still needto know the nonlinearfunction
itself. The needto learnthis function is a goodmatchfor the training
capabilitiesof aneuralnetwork.

13.6 ARCH Models

As alreadymentionedbefore,the modelingcanbe doneat the samplelevel
or at the featurevector level. However, we have to keepin mind that, very
roughly, therearetwo kindsof variability in thespeechsignal: (1) realnoise
thataffectsthespeechsignalitself and(2) inter- andintra-speaker variability
that resultsin differentvocal tractshapesandarticulatorpositions,andthere-
foredifferenttransferfunctions,relatedto thesamephoneticunit. In [Saerens
& Bourlard,1993],amodelthattakesaccountof thetwo sourcesof variability
is introduced.Themain ideais to assumethat, in the linearcase,theautore-
gressive coefficients í9� in (13.1)arealsorandomvariables,subjectto fluctu-
ations. In fact, this is exactly whatwe aredoingwhenextractingLPC coeffi-
cientsandclusteringthemwith Gaussiandistributions. Theadvantagehereis
thatwedirectly introducethevariability at thesamplelevel. This leadsto pro-
cessesthatareknown asAutoregressive ConditionalHeteroscedastic(ARCH)
processes[Engle,1992;Gourieroux,1992]with nonconstantvariancescondi-
tional on thepast.

13.7 Summary

In this chapter, we reviewed the basicideasunderlyingthe useof predictive
modelsfor speechrecognitionwith hiddenMarkov models.Thesemodelsas-
sumethat the acousticvectorsaregeneratedby a linear or nonlinearprocess
corruptedby additive noise.Both linearandnonlinearmodelscanbeusedfor
prediction,andbothforward-backwardalgorithmandViterbi algorithmcanbe
usedfor training. If neuralnetworksareusedto estimatenonlinearfunctionsÄ}� , this leadsto a new kind of hybrid HMM/MLP approach.However, al-
thoughthis approachis ableto modelthetime dynamicsof thesequence(and
the correlationof the successive acousticvectors),it losesthe discriminant
characterthatwasoneof themainpropertiesof thegeneralmethodpresented
in this book.



Chapter 14

FEATURE EXTRACTION BY
MLP

Whentheonlytool youhaveis a hammer, everything
beginsto look like a nail.
– Lofti Zadeh–

14.1 Intr oduction

In theprecedingchapters,emphasiswasput on theuseof MLPs asdiscrimi-
nantpatternclassifiersfor speechrecognitionapplications.Althoughpattern
classificationplaysa crucial role, it is only partof thevastspeechrecognition
task. In spite of the spectacularprogressmadeover the last decade,unre-
strictedspeechrecognitionis still out of reach,andit is suspectedthatpartof
thedifficulty lies in theuseof inappropriatefeaturesfor recognizingspeech.A
priori phoneticknowledgeseemsof little practicalusein this respect.Theele-
mentarysoundscomposingspeechcanindeedbedescribedby placeandman-
nerof articulationfor instance,but it seemsdifficult to translatethisknowledge
to aprecisecharacterizationatthesignallevel. Ontheotherhand,onecancon-
siderthatthehiddenunitsof anMLP developaninternalrepresentationof the
input signalwhich is the mostappropriatefor the classificationtask. From
this point of view, the MLP performssometype of featureextractionwhich
is given by theactivity levels of thehiddenunits. This view of an MLP asa
trainablefeatureextractorfor speechprocessingwasdescribedin [Rumelhart
et al., 1986a],wassystematicallyinvestigatedin [Elman& Zipser, 1988],and
wasmoregenerallytheoriginalperspective in someof thework of Rosenblatt
andhis students.

In mostMLP architecturesusedfor featureextraction,thenumberof units
onthehiddenlayeris smallerthanontheinput layer. Consequently, thehidden
layer actsasa narrow-bandchannelandthusperformssomeform of dimen-
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sionalityreduction.Again, if thelearningprocedureof theMLP is successful,
onecould expect that this reductionextractsthe mostsalientfeaturesin the
signal.In view of thisobservation,theMLP canbeconsideredasanattractive
alternative for efficient speechcodingandimagecompressionasexaminedin
[Elman& Zipser, 1988]and[Cottrell etal., 1988].

Featureextractionanddimensionalityreductioncanbe learnedin many
waysbut themostefficient oneis to useteachingsignalswhich areidentical
to the input sincethis avoids explicit segmentationandlabelingof thesignal
and thusallows unsupervisedtraining of the MLP. For this particularmode
of operation,known asauto-associationor identity mapping,theoutputlayer
generallydoesnot containany nonlinearfunction (at leastfor real valuedin-
puts)sincetheoutputtarget is identicalto theinputpattern.

Of course,thereareothertechniquesby which datacompressionandfea-
tureextractioncanbeachieved.Most importantamongtheseis theKarhunen-
Loève or principalcomponentstransform,which is a purelylinearmethod,in
contrastwith thenonlinearoperationmodeof theMLP, dueto thesigmoidal
functionat thehiddenunits. In spiteof this opposition,it wasalreadyantici-
patedin [Cottrell et al., 1988]that theauto-associative MLP shouldsomehow
berelatedto moreclassicaltechniques,themoresothata linearversionof it
producedresultswhich werecompatiblewith the nonlinearversion. At this
point,however, theexactnatureof this relationshipwasnot fully understood.

The purposeof this paperis to show on a rigorousbasisthat an auto-
associative MLP with linear output units is nothing but an indirect way of
performingdatacompressionby a Karhunen-Lòeve transform[Bourlard &
Kamp,1988](atbest).Moreprecisely, it will beshown thattheoptimalweight
valuescanbederived by standardlinearalgebra,consistingin singularvalue
decomposition(SVD) thusmakingthenonlinearfunctionsat thehiddenlayer
unnecessary. Theadvantagesareobvious: thesolutionis obtainedexplicitly in
termsof thetrainingdata,whereastheEBPalgorithmgenerallyusedfor train-
ing MLPs proceedsiteratively andmaywell misstheoptimumsolutionsince
it reliesonagradienttechniqueandcangettrappedin localminima.Theanal-
ysispresentedbelow offers theadditionalbenefitthat theoptimalparameters
aregivenameaningfulinterpretationin termsof reconstructionof theaverage
valueandcovarianceof theinput patterns.

14.2 MLP and Auto-Association

Consideran MLP with a single hiddenlayer as representedin Figure 14.1
where { is the numberof hiddenunits. Whenusingthis type of network to
achieve dimensionalityreductionby auto-association,it is desiredthat thein-
put unitscommunicatetheir valuesto theoutputunits througha hiddenlayer
actingasa limited capacitybottleneckwhichmustoptimally encodetheinput
vectors.Thus,for this particularapplication,£.-Ã�3£ ü �Þ£ and{0/�£ . When



14.2. MLP AND AUTO-ASSOCIATION 211

no = ni output units

p hidden units

ni input units

Figure14.1:MLP with onehiddenlayer for auto-association.

enteringa £ -dimensionalreal input vector �t� ( � �p���>Õ����������YÌ ), the output
valuesof thehiddenunitsform a { -vectorgivenby1 ����ÄÅ|"Ð   �t� Æ32   �b� �m�����>Õ��������9�YÌ (14.1)

where Ðà  is the (input-to-hidden){�¬4£ weight matrix, 2õ  is a { -vectorof
biasesand the nonlinear(typically sigmoid) function Ä is operatedcompo-
nentwise. For mostapplicationsof MLPs, e.g.,for classification,thevalues
in the output layer are obtainedin a similar way. However, in the caseof
auto-association,theoutputvaluesshouldapproximatetheinputsascloselyas
possible.Consequently, in thecaseof realvaluedinputs,thenon-linearityat
theoutputmustberemovedandtheoutputvaluesform an £ -vectorgivenby4 ���3Ð � 1 � Æ52 � |O�Å�����>Õ����������YÌ°� (14.2)

where Ð � is the(hidden-to-output) £¸¬g{ weightmatrixand 2 � is an £ -vector
of biases.The problemis to find optimal weight matricesÐÉ  , Ð � andbias
vectors2õ  , 2 � minimizing themean-squareerror

� �76 ø� �W  � ��� ÷ 4 � � � ,which correspondsto thestandardoptimizationcriterionusedfor MLP train-
ing.

Let ¹ � ( �   �S� � �������%�S� ø * bethe £¶¬ Ì realmatrix formedby the Ì input
vectorsof thetrainingsetandlet 8 = [

1  %� 1 � �������Z� 1 ø ] andÀ = [ 4  %� 4 � �������Z� 4 ø ]
bethe { ¬·Ì and £4¬·Ì matricesformedby thecorrespondingvectorsof the
hiddenandoutputunits respectively. Given(14.1)and(14.2),theoutputma-
trix À of theauto-associative MLP is obtainedfrom theinput matrix ¹ asthe
resultof thefollowing sequenceof operationsillustratedby Figure14.2:9 �3Ðà ²¹�Æ:2õ <; � (14.3)
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Y

H

B

X

F

(W2|w2)

(W1|w1)

n x N matrix

p x N matrix

n inputs x N patterns

p x N matrix

X = n x N matrix

Figure14.2:Sequenceof operationsin theauto-associativeMLP.8@�½ÄÅ| 9 �á� (14.4)À��3Ð � 8�Æ:2 � ; � (14.5)

where
9

isa { ¬ Ì realmatrixand; isan Ì -vectorof ones.With thisnotation,
thesquarederrornorm

�
canberewrittenas� � � ¹ ÷ À � � (14.6)

where �>=?� now denotestheEuclideanmatrix-norm(or Frobeniusnorm).The
trainingproblemis tominimize

�
with respectto theparameterset Ðà ��bÐ � �+2õ %�+2 � .

14.3 Explicit and Optimal Solution

Using(14.5)thesquarederrornormcanberewritten as� � � ¹ ÷ Ð � 8 ÷ 2 � ; � � � (14.7)

and,in view of �A@B� � = ê�C¨| @D@ �}� , oneeasilyverifiesthatminimizationof
�

with respectto 2 � yields E2 � � �Ì |³¹ ÷ Ð � 8���; (14.8)

Substituting(14.8)in (14.7)oneobtainsfor thesquarederrornorm:� � � ¹GF ÷ Ð � 8HF � � (14.9)
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where¹ F �½¹�|JI ÷ ;K; �ML Ì�� and8 F �N8É|JI ÷ ;K; �OL Ì�� . In view of thefactthatÐ � normallyhasrank {P/È£ , expression(14.9)shows thattheproduct Ð � 8 F
minimizing

�
is thebestrank { approximationof ¹ F in Euclideannorm.This

is a standardproblemandcanbesolvedasfollows. ConsidertheSVD of ¹ F
[Golub& VanLoan,1983;Stewart,1973]:¹ F �RQ}�S�á�AT �� (14.10)

where QW�t|!T²��� is an £®¬é£ ( Ì ¬ £ ) matrix formedby thenormalizedeigenvec-
torsof ¹ F ¹ F � ( ¹ F � ¹ F ) associatedwith theeigenvalues ñ  VU ñ � U =W=W= U ñ �
andwhere � � = diag[XJ ��YX � �������Z�YX<� ] is a diagonalmatrix with X<-��[Z ñ\- . For
simplicity we will assumethat ¹ hasfull row rank ( X²�3Ò±� ). It is known
[Golub,1968;Stewart,1973]thatthebestrank { approximationof ¹ F is given
by ] Ð � E8HF¨�[Q ì � ì T �ì (14.11)

with � ì = diag [ XJ ��YX � ���������YX ì ] and where Q ì |!T ì � is formed by the first {
columnsin Q � |!T � � . Consequently]Ð � �RQ ì_^ �   � E8 F � ^ � ì T �ì (14.12)

wherê is anarbitrarynon-singular{g¬á{ matrixwhichwill subsequentlyplay
animportantroleasascalingmatrix.

Let uspausehereto commentontheresultsderivedsofarandto pointout
a few interestingpropertiesof theoptimally trainedauto-associative MLP.

Let `.a denotetheaverageof thetraininginputvectorsbdcfe+b)g�eWhWhWh�e+b?i i.e.,`.a = cikj[l andlet similarly `nm = ci3o5l betheaverageof theMLP output
vectors.Taking(14.5)and(14.8)into account,it follows thattheoptimalbias
vector pq g insures `nm5rs`.t (14.13)

or, in otherwords,thattheaverageinputandoutputvectorsareequal.Observe
alsothat, in thevery specialcasewhereall trainingvectorsareidentical,i.e.,j rs`.t lKu , thisvectoris exactlyreproducedattheoutput( o rs`nm lKu ) since
then jGv rNw andhencex y vg pz v rNw by (14.11).

If `d{ = ci z l denotestheaverageof thevectorsattheoutputof thehidden
units,thenthedefinitionsof jGv and

z v canberewritten as jHv r j}| `.t l u
and

z v r z | `d{ l<u which meansthat they representrespectively the input
andhiddenunit vectorsaftersubtractionof theiraveragevalue.Consequently,
the computationaleffect of the biasvector pq g is thus to reducethe training
problem(14.9)to zero-averagepatterns.

Finally, onecanshow thatthecovarianceof theoutputvectors~f��cWe<��g�eWhWhWhfe+��i��
is thebestrank� approximationof thecovarianceof theinputvectors~fbdcfe\b)g�eWhWhWhfe+b?iV�
and,in this sense,theauto-associative MLP is nothingbut anindirectway of
performingdatacompressionby aKarhunen-Lòeve transformonzero-average
data[Ahmed& Rao,1975]. Indeed,owing to (14.10),� t�r j v j v u rR�O�A� g� � u� (14.14)



214 CHAPTER14. FEATUREEXTRACTION BY MLP

On theotherhand,theoutputcovariancematrixdefinedas� m5r�� o[| `nm l u_� � o u |kl ` u m �
can,in view of (14.13),(14.5),(14.11)andorthogonalityproperties,berewrit-
tenas � m rR����� g� � u� (14.15)

andcomparisonof (14.15)with (14.14)terminatestheproof.
It is a remarkablefact that theoptimal expressionsin (14.8)and(14.12),

aswell asthe precedingproperties,have beenobtainedcompletelyindepen-
dentlyof theway in which

z v is producedby theMLP and,morespecifically,
independentlyof theparticularnonlinearfunctionusedattheoutputof thehid-
denunits. In the following section,we will first considerthecasewherethis
nonlinearfunction is absentwhich implies

z r7� . Next, we will show that
this optimalsituationcanbeapproximatedascloselyasrequiredevenwhena
sigmoidalfunctionis presentat theoutputof thehiddenunits,asis usuallythe
casein anMLP.

14.4 Linear Hidden Units

Since ��r z
, we have to prove that pz v as prescribedby (14.12) can be

generatedin accordancewith equation(14.3)by anappropriatechoiceof y5c
and q c . Multiplying both sidesof (14.3) by ( � |�lKlKu_��� ) we have thus to
solve thefollowing equationfor y5c and q c^ �M��� u� r�y c j v�� q c l u �J� |PlKl u ��� � (14.16)

In view of lKunl r � , thesecondtermontheright-handsidevanishes,showing
that q c is arbitrary. Next, taking (14.10)into account,the left-handsidecan
berewrittenas ^ � u� j v and(14.16)thenbecomeŝ � u� j v = y5c j v , sothatxy5c�r ^ � u� (14.17)

Finally, to find theoptimalvalueof thebiasvector q g , it is sufficient to elimi-
nate

z rN� from (14.8),via equation(14.3)andto incorporateresults(14.12)
and(14.17).Onefindspq g�r��J� | � � � u� � `.t | � � ^�� c q c (14.18)

Thus, for arbitrary q c , vector pq g should be adjustedaccordingto (14.18)
which, as observed before, insures ` t r�` m . In summary, after SVD ofjGv , equations(14.12),(14.17)and(14.18)give theoptimalsolutionsfor y3c ,y�g , q c and q g of the“linear” MLP.
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14.5 Nonlinear Hidden Units

Now considerthe casewherea nonlinearfunction � is presentat theoutput
of the hiddenunits. We will not needstrongassumptionsaboutthe particu-
lar form of this function except that, for small valuesof its argument,it can
be approximatedas closely as desiredby the linear part of its power series
expansion,i.e., � �¡b ��¢�£O¤ � £ cYb ¥¡¦�§�b©¨
ª¬«�­&­ (14.19)

with nonzero£ c . For theasymmetricsigmoid, � �¡b � = ® � � ® �k¯ �<° � , thisgives£O¤ r±® ��² and £ c>r±® �´³ ; whereasfor thesymmetricalsigmoid, � �¡b � = � ® |¯ �<° � � � ® �µ¯ �<° � , onehas £d¤ rNw , £ c�r¶® ��² .
We will now show that, within minor modifications,the optimal values

obtainedin theprevioussectionsstill producetheexpressionfor pz v required
by (14.12).If we take xy c r £ � cc ^ � u� (14.20)

we obtainby (14.3), p�·r £ � cc ^ � u� j � q c l u (14.21)

Obviously, if we want to useapproximation(14.19),then � shouldbe made
smallby actingon q c andon thearbitraryscalingmatrix ^ . This leavesstill
somefreedomon pq c which could e.g.,be chosenequalto zero. Anotherin-
terestingpossibility is to force `d¸Rr ci � l , the averagevectorof matrix �
definedin (14.3),to bezeroby selectingpq c¹r | £ � cc ^ � u� `.t (14.22)

In bothcases,º ^ º shouldbesufficiently smallbut nonsingular. With pq c as
givenin (14.22),onefinally obtainsp�·r £ � cc ^ � u� j v r £ � cc ^ �M��� u� (14.23)

andequation(14.4)yields pz r £O¤ lKlKu + £ c p� , leadingtopz r £d¤ l)l u � ^ � � � u� (14.24)

Since pz v hasbeendefinedby pz v =
z �J� |�l)l<u_��� � , thisgives,asdesired, pz v

= ^ � � � u� . As for theoptimalbias q g , it caneasilybecomputedfrom (14.8),
(14.12)and(14.24)as pq g>rs`.t | £d¤ � � ^�� c l (14.25)

Thus,in thecaseof a sigmoidalfunctionat thehiddenunits, theoptimal pa-
rametersof the MLP are given via the SVD of jGv by expressions(14.12),
(14.20),(14.22)and(14.25).
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It is not difficult to seethatessentiallythesameapproachcanbe usedin
thecaseof multiple hiddenlayers.Thekey operationremainstheSVD of jGv
andits rank � approximationwhere � is now given by the last hiddenlayer.
The freedomin the choiceof the weight matricesandbiasvectorsbecomes
thenevenwider.

Finally, when the units on the output layer containnonlinearfunctions,
thenof course,theapproachpresentedabove breaksdown. However, evenin
this case,someinterestingresultscanstill be derived by analyticalwaysand
areshown to becloselyconnectedwith low rankrealizationsof prescribedsign
matrices[Delsarte& Kamp,1988].

14.6 Experiments

A simpletrainingdatabasewascomposedof 60 vectorsin R c¼» (hencej is a®f½�¾¿½�w realmatrix). Thesewerecepstralvectorsobtainedfrom 10-msframes
of speechsignal and correspondedto the meanvectorsassociatedwith the
statesof phonemichiddenMarkov models[Bourlardet al., 1985]. In orderto
confirmthetheoreticalresults,wedeterminedby theSVD of j v andequations
(14.12),(14.20),(14.22)and(14.25),theoptimalweightmatricesy5c , y�g and
biasesq c , q g for arank5 approximation(correspondingto 5 hiddenunits)and
usedthesevaluesasinitialization of theEBPtrainingalgorithm. In thatcase,
the EBP wasunableto improve theparametersby reducingthe MSE (14.6).
Moreover, whenstartingtheEBPtrainingalgorithmseveraltimeswith random
weights,it alwaysgot stuckin local minima,giving highererrorvalues.This
illustratedthatthelinearapproachwaspreferable.

Onecould object that the MLP andthe associatedEBP algorithmallow
on-line learning,which is an importantadvantagewhenthenumberof train-
ing patternsbecomeslarge.However, theSVD algorithmalsohasasequential
version[Bunch& Nielsen,1978],sothis argumentdoesnot apply. Similarly,
while the MLP canbe implementedon fastparallelhardware, similar map-
pingscanbemadefor SVD.Perhapstheonly hardware-orientedargumentthat
mayfavor theMLP approachis thatMLP trainingcanbedonewith lowerpre-
cision(e.g.,16 bits for weightsand8 bits for activation),while SVD requires
moreprecision(typically 32-64bit floatingpoint is used).

It is also important to rememberthat the theoreticaldevelopmentspre-
sentedin this chapterareonly valid for theauto-associative MLP with linear
outputsandlinearor nonlinearhiddenunits,wherethenumberof hiddenunits
is smallerthanthenumberof input (andoutput)units. In thecasewherethe
(bottleneck)hiddenlayerwith �HÀµÁ hiddenunitsis precededandfollowedby
at leastoneadditionalhiddenlayerwith ÂÄÃµÁ units,thisnetwork will perform
a nonlinearexpansionof the input spacebeforedoingSVD in thatexpanded
space.In thiscase,anexplicit solutionby linearalgebrais no longerpossible.
However, thiskind of nonlinearpreprocessinghasbeenshown to leadto better
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classificationperformanceon somespeechrecognitionproblems[Nakamura
etal., 1991].

Somepartsof the theory developedin this chaptercan also be usedto
improve our understandingof hetero-associative MLPs usedfor classification
andtheir relationshipswith discriminantanalysis(see,e.g., [Webb& Lowe,
1989]). However, this will never enableus to find theoptimalsolutionfor all
theweightsof anMLP (asdoneherefor auto-association)exceptin somevery
particularcaseswhereall the hiddenandoutputunits have a linear transfer
function. In thiscase,of course,morestrictmathematicaltreatmentsaboutthe
absenceof localminima,thepresenceof saddlepoints,learningpropertiesand
relationshipswith principalcomponentanalysisis possible(see,e.g.,[Baldi &
Hornik, 1989;Baldi & Hornik, 1991]).

14.7 Summary

While thepreviouschaptersfocusedon theuseof MLPs asa particularmod-
uleof acompleteCSRsystem(i.e.,probabilityestimationof HMMs), wehave
investigatedherethe possibility to useMLP for anothersubtask,i.e., feature
extraction,which is morerelatedto thefront-endprocessingof a speechrec-
ognizer. In this case,MLPs working in “auto-association”modeareusually
usedto extractrelevant featuresfrom roughdata.Sucha network wasstudied
hereandit wasshown thatEBPcanbeavoidedby analyticallydeterminingthe
optimalparametersof thenetwork. It wasprovedthat theoptimalsolutionof
theMLP wasstrictly equivalentto thestandardsingularvaluedecomposition
(SVD) approachandthat, in this case,thenonlinearityin thehiddenunits is
theoreticallyof nohelp. It wasshown thatthenetwork actuallyprojectsthein-
putontothesubspacespannedby thefirst � principalcomponentsof theinput,
where� is thenumberof hiddenunits.

Althoughthisconclusionsoundsabit pessimistic,thisapproachhassome
merits:whileallowing abetterunderstandingof neuralnetwork processingand
its relationshipswith standardsignalprocessingtechniques,it alsoprovidesus
with anefficient parallelimplementationof theSVD algorithmwhich canbe
integratedeasily in a generalneuralnetwork framework. Sucha framework,
asnotedearlier, canbebasedon low or moderateprecisionhardware.
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Chapter 15

FINAL SYSTEM OVERVIEW

Weneedto saysomethingclever here.
– Hervé Morgan–

15.1 Intr oduction

In this book, several theoreticaland experimentaldevelopmentsrelatedto
HMMs, neuralnetworksandhybridHMM/MLP systemshavebeenpresented.
While oneof our goalswasto discussrelationshipsbetweenneuralnetworks,
statisticsand linear algebra,the main aim of this book was to presentthe
theories,experimentsand hardware that were requiredto develop our hy-
brid HMM/MLP approachto improving large vocabulary, continuousspeech
recognitionsystems.

For clarity’s sake, this chapterwill summarizethehybrid HMM/MLP ap-
proach(including training) that led to our basicsystem.This systemis now
thebasisfor extensionsthatarethesubjectof currentresearch.

15.2 SystemDescription

15.2.1 Network Specifications

Although we experimentedwith many systems,the ANN that we have ulti-
matelyadoptedasour coresystemwasa multilayer perceptronwith the fol-
lowing characteristics:Å FeedforwardMLP; i.e., without recurrence(feedback)– In Section6.3

the theorywas developedfor an MLP with feedbackfrom the output
to the input field. Thereit wasshown that, in theory, this network was
ableto generate“discriminant” probabilitiesthatwerea goodfit to the
framework of discriminantHMMs describedin Section7.2. However,

221
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becauseof themany problemswe encounteredon our way (dueto our
initial lack of understandingof basichybrid HMM/MLP systems,we
only focusedon feedforwardnetworksandstandardHMMs (i.e., using
discriminanttrainingbut likelihoodsduringrecognition).Now thatwe
believe that we understandthesesystemsbetter, we are interestedin
investigatingtherecurrentapproachagain.Å Discreteor continuousinputunitsrepresenting9 framesof 10-msacous-
tic vectors– Comparisonson severaldatabaseshave shown thattheuse
of continuousinputs led to significantlybetterperformance,but at the
costof moreprocessingtime duringboth trainingandrecognition.On
speechdatabasescontainingmorethana million traininginput patterns
andnetworks with a few thousandparameters,it waspossibleto train
MLPswith discreteinputsonstandardworkstations(SUNSparcStation
2). However, MLPswith continuousinputsrequiredthedevelopmentof
theRAP computer(seeChapter11) to obtainpracticaltrainingtimes.Å Hiddenunits – In the caseof discreteinputs, the architecturewith no
hiddenunitshadthebestperformance.This is probablydueto thefact
thathigh-dimensionalbinaryvectorsasusedin thiscase(typically 5,058
binaryinputunits)aremostlikely to belinearlyseparable.In thecaseof
continuousinputs(typically 234 input units), it wasshown experimen-
tally thatperformanceimprovedsignificantlyfor largerhiddenlayersup
to 1,000unitswide. Two kindsof hiddenunitshave beentestedon our
large databasesfor our state-of-the-artsystems:thestandardsigmoidal
hiddenunitsandRBF units. In spiteof someimprovementsof the the-
oretical formulationof the RBF approach(resolvingthe mismatchbe-
tweenlikelihoodsandposteriorprobabilities,outputvaluesconstrained
to be between0 and 1 and summingto one), we never succeededin
gettingimprovementsfrom RBFs.Å Outputunits– As many astherearedistinctHMM states(or observation
densities).Sincewe have generallyusedsinglestatephonemodels,we
typically had50-69outputs(correspondingto thenumberof phonemod-
els in the lexicon). In thecaseof ResourceManagement,for instance,
we used69 output units. In someexperimentswe addedmore units
for phoneoccurrencesin function words, and sometimesgot a small
improvement. In otherexperiments,we tried two- or three-statephone
models,andusedup to 200outputunits. In this casewe didn’t seeany
improvement,so the 69-outputnet remainedour standard.In caseof
context-dependentphonemodels,we developeda theoryto split there-
sultinglargenetwork into smalleroneswithout any majorassumptions.
Resultsof this approachhave not beenreportedexplicitly in this work.
A relatedsystemdevelopedatSRIprovidedsignificantimprovementsin
recognitionperformance[Cohenet al., 1992]. Recentimprovementsto
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our HMM recognizer1, donein collaborationwith researchersat Cam-
bridge University, UK, hasimproved our performancefor the simple
single-density-per-phone, context-independentsystemto be compara-
bleto thatof themorecomplex context-dependentmulti-state-per-phone
systems.However, sincesofarcontext dependencehasalwaysimproved
ourperformance,furtherwork is still requiredto improvecontext depen-
dentHMM/MLP approaches.

15.2.2 Training

Themaincharacteristicsof our trainingalgorithmarethefollowing:Å On-linetraining–StandardEBPalgorithmwith weightupdateaftereach
input trainingpattern.This leads(asis well known) to muchfastercon-
vergencethanis observedin off-line gradientapproaches.2Å Randomsamplingof the training data– Sincewe weredoing on-line
adaptation,we initially sortedacousticvectorsso that they were pre-
sentedto the network in sequenceby classnumber(e.g.,first a vector
from class0, thenavectorfrom class1, ...). Thiswasdoneto avoid over-
trainingthatcouldresultfrom successive presentationof severalvectors
correspondingto thesameclass.Thisalsospeededupthetraining.Later
on, it wasobserved that a randompresentationof the training patterns
led to slightly bettertrainingtime andclassificationperformance.Å Cross-validation – This was an important factor. Sincewe uselarge
networks(with hundredof thousandsof parameters),overtrainingwasa
real problem. As a consequencewe developeda simple(but efficient)
cross-validationtechnique.In earlywork, we split thetrainingdatainto
(roughly)2/3 for theactualtrainingand1/3 for cross-validation.3 After
eachcycleof MLP training(presentationof all thetrainingpatterns)we
testtheperformanceof theresultingsystemon thecross-validationdata
andcontinuethetrainingonly if theperformanceonthecross-validation
setimproves.Å Step-sizeadaptation–Thiswasalsoimportantin combinationwith cross-
validation.Startingwith agradientstep-sizesuchas.01(for thecontin-
uousinput data)eachtime theperformanceon thecross-validationdata

1Mainly correctingbugs!
2Speed-uptechniqueslike conjugategradientoptimizationcan also greatly improve the

speedof gradientsearch.We have not donea comparison,but we suspectthat the resultant
trainingtime is probablycloseto whatwe achieve with our simplertechnique.However, since
we routinelytrain our netsnow with only 5 passesthroughthedata,it is unlikely thata conju-
gategradientapproachwould befaster, andit requiresmorecomputationperpass.

3Ultimatelywefoundthattheapproachworkedaswell with muchlesscross-validationdata,
sowe endedupusing7/8 for training.
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degradedwe divided thegradientstep-sizeby 2 for thenext MLP iter-
ation. This processwasiterateduntil the step-sizewasso small that a
passthroughthe dataprovided no significantimprovement. This also
significantlyspeededuptrainingtime. In a laterrefinement,wedid only
onetrainingpassat eachnew learningrateafter thefirst, sincewe had
observedthatthesecondpassfor eachnew ratewasnever helping.This
changecut the convergencetime in half, while preservingthe perfor-
mance.Å Output nonlinearfunction – The standardsigmoid function hasbeen
successfullyused.This hastheadvantageof minimizing theclassifica-
tion error ratewhile forcing the outputvaluesto be between0 and1.
It hasbeenshown thatusinga linearoutputfunctiondegradedtheclas-
sificationperformance(even at the framelevel, i.e., without usingthe
outputvaluesasprobabilitiesyet). Lateron, it wasobservedthattheuse
of thesoftmaxfunction(insteadof asigmoid)slightly improvedconver-
gencetime andperformance(but notalwayssignificantly).Thishasthe
additionaladvantageof forcing theoutputvaluesto sumto one.Å Trainingcriterion– It hasbeenobserved that therelative entropy crite-
rion ledto fasterconvergence,especiallyat thebeginningof thetraining.
This canbeexplainedby the fact thatapplyingEBPrulesto this crite-
rion with a sigmoidfunctionat theoutputleadsto a correctionlinearly
proportionalto the error, which is not the casewith the standardLMS
criterion that saturates(even if the observed output is 0 for a desired
outputof 1). However, we alsosometimesobserved thatanLMS crite-
rion providedslightly betterclassificationperformanceat theendof the
training. As a consequence,we have beenusingbothcriteriaquitesuc-
cessfully:startingwith a relative entropy criterion,cross-validationand
step-sizeadaptationandshiftingto anLMS criterionwhenit wasimpos-
sibleto getany furtherimprovementswith therelativeentropy. Morere-
cently, we have usedtherelative entropy only andachievedcomparable
performance.4Å Betterinitialization of theoutputnodebiases– It hasbeenshown that,
sincetheoptimaloutputvaluesareestimatesof posteriorprobabilities,
theoutputnodebiases(beforetheoutputnonlinearity)shouldbeof the
sameorderof magnitudeasthe“log odds”of theclasspriors(in thecase
of sigmoidaloutput)or log priors(in thecaseof softmaxoutput).Since
we cancomputethe classpriors on our training data, it was possible
to initialize the outputnodebiasesto valuesvery closeto the optimal

4Comparisonis difficult sincemany aspectsof the systemhave changedover the last few
years.However, at thetimewe lasttrieddroppingtheLMS step,wedid sobecauseit no longer
seemedto beimproving performanceaftertheentropy-basedlearningwascompleted.
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solution.This significantlyreducedtrainingtime,andalsogave a small
performanceboost.Å Viterbi iteration– As was donewith standardHMM Viterbi training,
estimationof theprobabilitydensityfunctionparametershasto beem-
beddedin an iterative improvementof thesegmentationof the training
database.Thishasto bedonealsowhenusinganMLP to estimatethese
probabilities. The generalHMM/MLP Viterbi training schemeis then
thefollowing:

– Startwith a linearsegmentation(or any otherbettersegmentation)
of your training data. In practice,we have found that, when no
otherchoiceis available,a solutionbetterthanthe linearsegmen-
tationwasto startwith a segmentationin which the lengthof the
segmentsis proportionalto theaveragelengthof theconstituting
phonemes.Alternatively, you may startwith a pre-existing MLP
trainedup on a labeleddatabasesuchasTIMIT, andusetheMLP
to phoneticallylabelthenew databaseby aViterbi thatis forcedto
follow theknown word transcription.

– Giventhissegmentation,train theMLP accordingto thespecifica-
tionsgivenabove.

– Whencross-validationtells you to stop,usetheMLP probabilities
(afterdivision by priors;seenext sectionon recognition)to reseg-
mentthetrainingdataby Viterbi alignment.

– Retrainthe MLP anditeratewith the previous stepuntil the seg-
mentationdoesnot changeanymore.

15.2.3 Recognition

For recognition,thefollowing schemehasbeenused:Å MLP is usedto generateposteriorprobabilities– Each10-msof speech
we presentthecurrentacousticvectorwith 4 framesof left context and
4 framesof right context to theinput of thenetwork. RunningtheMLP
oncefor every time frame Á provides us with all the requiredposte-
rior probabilities�_�JÂ�ÆÈÇ bK� � for all HMM statesÂfÆ ( bK� representinga se-
quenceof 9 acousticvectors).Å Divisionby priors– SinceHMMs requirelikelihoodswe needto divide
eachof theMLP outputsby therelative classpriors to give usa scaled
likelihoodthatcanbeusedin HMMs for recognition.Å Optimizationof wordtransitioncosts–Whenusedfor continuousspeech,
it wasvery importantto optimizeby test-and-trial(onasetindependent
of thetestset)thewordtransitionprobabilities.This is averywell know
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requirement,even with standardHMMs (e.g.,whenusingtime deriva-
tive features).This is dueto thefact that (word) transitionprobabilities
arenondimensionalwhile theorderof magnitudeof theemissionprob-
abilitiesdependson theinput space.WhenusingMLPs this problemis
evenworsegiventhesizeof theinput space(this hasbeendiscussedin
Chapter7).

15.3 NewPerspectives

The previous sectionshave describedthe basicschemewe have developed.
Work at our institutions,aswell asat CambridgeUniversity5 andSRI Inter-
national6, is currentlyextendingtheseapproachesin continuingresearch.It is
beyondthescopeof thisbookto discussthiswork in any detail.However, here
is ashortlist of someof thetopicscurrentlyunderconsideration:Å Context DependentNeuralNetwork (CDNN) – asdiscussedin Chapter

9, this approachcanpotentially provide more detailedphonemodels.
Most of therecentwork on this topic hasbeendoneat SRI, wheresys-
temswith duplicatedoutput layers(andup to 1.5 million parameters)
andsystemswith binaryunitsrepresentingcontext have beentried.Å GenderDependentNeuralNetworks (GDNN) – at both SRI andICSI,
thesenetworks(obeying thesamefactorizationprinciplesastheCDNNs)
have beenfound to consistentlyprovide a smallperformanceimprove-
ment. In this case,thesideinformationprovided to thenet is a gender
labelfor thespeaker (known duringtraining,hypothesizedduringrecog-
nition). Furtherwork hasbeendoneto try othercategoriesthangender,
includingself-organizedclasses.Å Unnones– work by ChuckWootersat ICSI is currentlyfocusedon al-
tering the Viterbi training to be independentof a phonemicallybased
lexicon. Like theIBM fenones,this approachwoulddevelopsoundcat-
egoriesin aself-organizedprocedure.Unlikefenones,theapproachuses
anMLP for probabilityestimation,ashasbeenexplainedin thisbook.Å Recurrence– asnotedearlier, we areinterestedin returningto theorig-
inal form of MLP with feedbackfrom the output targets. We intend
to pursuethis. Additionally, T. Robinsonof CambridgeUniversity(UK)
hasdevelopedfor someyearsasystemsimilarto oursbasedonfeedback

5This collaborationis part of theEuropeanESPRITprojectWERNICKE (BasicResearch
Projectno. 6487), in which LHS andICSI arecollaboratingwith CambridgeandINESC of
Portugalto improve thebasesystem.

6Currentlythiscollaborationis fundedby ARPA contractMDA904-90-C-5253.
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from thehiddenlayer. Wearecurrentlyworking to bringoursystemsin
syncwith oneanothersothatwe canunderstandthedifferences.7Å Adaptation– Speakeradaptationis generallyviewedasthemodification
of a systemto provide betterperformancefor a singlespeaker given a
smallamountof new trainingdata.This is anissuewith ourhybridsys-
tem. A relatedissueis how to createa new, moregeneralsystemrather
thana morespecificone– how canwe integratethe new information
without forgettingtheold? This is acurrenttopic of research.Å Returnto prediction– Althoughwehavehaddifficultieswith predictive
networksin thepast,wearestill intrigued,andstill planto continuethis
research.

15.4 Summary

In thischapter, wehavetriedto summarizethemajorpointsthatwehaveended
upwith in ourstandardhybridHMM/MLP system.Hopefullybothweandour
readerscanusethisasastartingpoint for thenext stagesof our research.

7This is beingdonein theframework of anEspritproject(WERNICKE) - see[Robinsonet
al., 1993]
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Chapter 16

CONCLUSIONS

I standbyall themisstatementsI’ vemade.
– DanQuayle–

16.1 Intr oduction

As of this writing (1993),it is still too early to describethe long-termimpact
of neuralnetworkson futureASR systems.Many of ushave beenattractedto
ANNs at leastpartly becausethey oftenareusefulfor problemsin which we
have little prior knowledge.However, for aproblemthathasbeeninvestigated
for decadeslike speechrecognition,it is quite difficult to improve state-of-
the-artsystemswith sucha simpleapproach.We have yet to developspecific
instanceswheresuchacompletely“ignorance-based”approachcanbeusedto
successfullysolve difficult problems.However, we now have a numberof ex-
amples(in additionto theonedescribedin thisbook)in whichneuralnetwork
techniquesaresuccessfullyappliedto practicalproblemssuchasrecognizing
handwrittenpostalmail codesor predictingtimeseries.1 However, progressin
any of theseareasstill requiresanextensive knowledgeof relevantfields;we
cannotdisregardwhathasbeenachievedby moretraditionaltechniques.

In this bookwe have mainly beenconcernedwith improving state-of-the-
art continuousspeechrecognition(CSR)systemsby usingANN formalism.
We believe that today’s technologydoesnot permit a full (andsatisfactory)
ANN solutionto this problem. However, we have usednetworks to improve
thestatisticalpatternmatchingatthelocal(frames)andglobal(wordsandsen-
tence)level. Wehavealsoexaminedtheuseof networksfor featureextraction,
which at leastappearedto preserve performance.In this work we have tried

1As noted earlier in the book, studentsand colleaguesof Frank Rosenblattdeveloped
Perceptron-basedprocedures,including Multi-layered forms, that wereusedin the ’60s and
’70sfor anumberof practicalpatternrecognitiontasks.A numberof these,includingaerospace
andbiomedicalapplications,aredescribedin [Viglione,1970].

229
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to describethedifficulty of improving a systemcomposedof severalbuilding
blocks just by improving oneof them using ANNs. As we learnedhow to
make a successfulsystem,we gainedan increasedunderstandingof thebasic
principlesthatwe have attemptedto sharewith thereader.

AttackingCSRin thiswaypermitsusto compareour resultswith state-of-
the-artsystems,while generallyensuringthat we incrementallyimprove the
overall system.Thehopeis that this couldultimately leadto a “pure” neural
network formalismthatwouldmake furtherinteractionsbetweenthedifferent
modulesmucheasier. This is the approachwe have advocatedin this work.
Our main topic was improving the estimationof local probabilitieswith an
MLP trainedfor phoneticclassification.Additionally, we alsodiscussedthe
propertiesandlimitationsof usinganauto-associative MLP for featureextrac-
tion. This lattertechniquewasonly oneapproachoutof many in thisfield, but
it is onethat is particularlyinteresting,andwhich wasconducive to analysis
usinga linear algebraicperspective. In this case,we have not improved the
global performanceof the system;however at leastthis approachadopteda
compatible“neural” form.

Althoughthisbookfocusedonthespeechrecognitionapplication,mostof
theconceptsdiscussedin thiswork canbeusefulfor many patternrecognition
problems.2

16.2 Hybrid HMM/ANN Systems:Status

From Chapter6 to Chapter9 of this book,we have shown how MLPs could
improve HMM-basedCSRsystemsby overcomingsomeof their limiting as-
sumptions(e.g.,betterdiscrimination,betterestimationof theprobabilityden-
sity functionsandsomemodelingof thecorrelationbetweenacousticvectors).
Accordingly, we have shown thatMLPs, whenappropriatelyused,could im-
prove standardclassifiersat thelocal level (whenusedasstandardstaticclas-
sifiers)aswell asthegloballevel (whenusedin conjunctionwith higher-level
systemssuchas HMMs). However, in this latter case,many modifications
to the initial schemewerenecessaryto get demonstrableandsystematicim-
provements.This requiredthatwe greatlyincreaseourunderstandingof some
fundamentalissuesthatarediscussedin thisbook.Amongthesewere:statisti-
cal interpretationof theMLP outputsbothin termsof aposterioriprobabilities
andlikelihoods, goodgeneralizationpropertiesof largeneuralnetworks(over-
training),andcorrectinterfacewith HMMs.

The proposedapproachhasbeendevelopedand testedon several refer-
encedatabasesusedfor mediumvocabulary (around1,000words),speaker-
dependentandspeaker-independent, continuousspeechrecognitionsystems.
Initial comparisonshavebeendonewith simpleHMM systemsthatwereequiv-
alent (in termsof topology and complexity) to our hybrid HMM/MLP ap-

2We hope.



16.3. FUTURERESEARCHISSUES 231

proach,andthe latter consistentlyled to betterperformance.The hybrid ap-
proachhasalsobeenintegratedinto oneof the full-scalestate-of-the-artrec-
ognizers[Murveit et al., 1989],andsignificantlyimprovedtheglobalsystem.
Also, we have begun to seea shrinkingof the differencein performancebe-
tweenour simplestHMM/MLP hybrid andthis full-scalestate-of-the-artsys-
tem [Renalset al., 1992]. Throughsomerecentsystemimprovements3 the
recognitionperformancefor asimplehybridsystem(with acontext-independent,
single-density-per-phone HMM) appearsto be competitive with much more
complex (state-of-the-art)systems[Robinsonetal.,1993].This is impressive4

consideringthatthemorecomplex HMM approacheshave beenoptimizedfor
morethan10years,while westartedimplementingourtechniquesonly 5 years
ago.

Naturally, wehopethatthisis justthebeginning;thecollaborative research
betweentheauthors,aswell asthework at otherresearchsites,mayopenthe
door to many new directionsof enquiry, using new researchparadigms. In
fact, if we don’t try somethingnew, we areabandoningthe future to boring
andincrementalimprovementsthatmaynever convergeto any realsolution.

16.3 Futur eResearch Issues

16.3.1 In Hybrid HMM/ANN Approachesfor CSR

Thereare still many issuesin the hybrid HMM/MLP approachthat require
furtherresearch.Amongtheseare:Å It is now clearthathybrid HMM/MLP approachesusinga feedforward

network with contextual input can improve recognitionperformance;
this is unsurprisingsinceoneknows thatdiscriminationandcontextual
informationaretwo importantfeaturesfor goodphonemerecognition.
Similar approachesusingMLPs with partial (hidden)feedback(but no
contextual inputs) also appearto be at leastas good as the approach
presentedin this work. However, we feel that both approachesshould
be complementary, andthat it is probablyworth goingbackto the ini-
tial theory(presentedin Chapter7) dealingwith HMMs andMLPswith
feedbackandcontextual input (to take therecentpastonbothstatesand
observationsinto account).This is oneof the goalsof a new collabo-
rative project (a EuropeanESPRITproject referredto as“Wernicke”)
betweenCambridgeUniversity (UK), INESC (Portugal),ICSI (Berke-
ley, CA), & L&H SpeechProducts(Belgium)[Robinsonetal., 1993].Å Althoughwe believe we have gainedsomeinsightinto therelationships
betweenANNs andconventionalstatistics,therearestill several prob-

3Primarily finding morebugs!
4At leastwe’re impressed...
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lemsthatareunderstoodquitewell in conventionalparametricstatistics,
but thatneedto beinvestigatedin ANNs. A few examplesare:

– How can we combineneuralnetworks? This is a problemthat
is easyto solve for examplein the caseof Gaussianclassifiers:
Given two Gaussianpdfs (asdefinedby the meanandvariance)
trainedon two different training sets,it is easyto combinethem
into a single(Gaussian)densityif we just rememberthe number
of patternsthatwerepresentin eachof thetrainingsets.Is it also
possibleto do it properlywith ANNs? As an example,this is an
importantissuewhenonewantsto dospeakeradaptationor, better,
to train speaker-independent systemsthat automaticallyimprove
whengettingmoredata(without forgettingwhatthey haveseenin
thepast).

– How shouldANNs dealwith undersampledtrainingdata?Å How can we optimize the acousticfeaturesas an integral part of the
wholerecognitionsystem?Å How can we extend this approachto truly dynamicalsystems,using
differentstrategies(includingdifferentfeaturesandvariableframerates)
over time accordingto theincomingdataandperformingsomekind of
“assumption-free”integrationover time?

16.3.2 In General

Westill have to improveourunderstandingof neuralnetworksin severalways
[Morgan& Scofield,1991],someof whichare:Å Developmentof themeansof recognizing(andproducing)sequencesof

temporalpatterns;so far, we still do not have any cluesabouthow the
brainsolvesthis problem. We have a few ideasaboutthe functionality
of different“processingcenters,” but wedonotknow at this timehow to
piecethemtogetherto completethefigureof humanspeechperception.Å Betterunderstandingof why ANN algorithmsperformsowell oncertain
typesof problemswhile they completelyfail onothers.This is probably
anissueasimportantastheunderstandingof ANNs themselvesaswell
astheir training algorithms.This wasadvocatedin [Minsky & Papert,
1969]andis still reasonable.Å Learning how to use modular networks composedof multiple inter-
connected“subnetworks” associatedwith differentsources(andtypes)
of knowledge(e.g., low-level and high-level) and performingspecific
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tasks.5 It canbeassumedthatthiswill beamustfor any complex pattern
recognitiondevice. For example,at the low level of thehumanspeech
recognitionprocess,it is known that theauditorypathway is composed
of different“groups”of neuronsperformingdifferentauditoryfunctions.Å How to have an efficient interactionbetweenthesenetworks. Ideally,
activationof thesenetworksshouldbedatadriven.Also, thesenetworks
(composedof anumberof sub-networks)shouldbeableto modify auto-
maticallytheirbehavior or their connectivity (by trainingor adaptation)
to externalstimuli.Å Defininginput featuresandinternaldatarepresentationsbettersuitedto
specifictasks,andto develop networks that incorporate(someof) the
featuresfoundin biologicalsystems.Å Hybridsystemscombiningneuralnetworksandconventionalapproaches
of patternrecognition,controltheory, informationtheory, etc.Å For speechrecognitionin particular, it is alsoimportantto improve our
modelsto bettertake into accountthedynamicalpropertiesof thespeech
process.In this framework, methodsshouldbe developedto usemore
contextual information for classification. Also, (nonlinear)dynamical
systemsshouldbe investigatedfurther in differentways,including: (1)
addressingtheproblemsof dimensionalityreductionandtemporalvari-
ability by usingnonlineardynamicmethods[Tishby, 1990; Farmer&
Sidorowitch, 1987],and(2) finding how to make predictive approaches
discriminant.

16.4 Concluding Remark

In this book we have discusseda few techniquesthat can improve state-of-
the-artCSRsystems.Thesealsohave the potentialadvantageof leadingto
simpler systems(in termsof complexity of the underlyingHMM topology,
speechunits, andnumberof parameters).As a consequence,thesesystems
couldalsobeeasierto integrateinto morecomplex systemsto furtherimprove
their performance.While our systemshows promise,it is still very primitive
anddoesnot “solve” speechrecognition.Despiteall efforts to thecontrary, we
have left somespacefor improvement. In fact, we have the naggingfeeling
thatsomethingfundamentalis still escapingus...

5We have beensurprisedby the sizeof the networks that we wereable to usefor the re-
searchdescribedin this book.This usedoesnotmeanthatwe opposetheuseof modularANN
structures.However, in somecasesthemodulesmaybelarge.
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NATO ASI Series,pp.217-226.

[36] Bourlard,H. & Wellekens,C.J.(1990).Links BetweenMarkov Models
andMultilayer Perceptrons,IEEE Trans.on PatternAnalysisandMa-
chineIntelligence, vol. 12,no.12,pp.1167-1178.

[37] Bourlard,H. & Morgan,N. (1990).A ContinuousSpeechRecognition
SystemEmbeddingMLP into HMM, in Advancesin Neural Informa-
tion ProcessingSystems2, D. Touretzky (ed.),SanMateo,CA: Morgan
Kaufmann,pp.186-193.

[38] Bourlard, H. & Morgan, N. (1991). Merging Multilayer Perceptrons
andHiddenMarkov Models: SomeExperimentsin ContinuousSpeech
Recognition,in NeuralNetworks: AdvancesandApplications, pp. 215-
239,E. Gelenbe(ed.),North-Holland.

[39] Box, G.E. & Jenkins,G.M. (1976).Time SeriesAnalysis,Forecasting
andControl, RevisedEdition,Holden-Day.

[40] Bridle, J.S.,Brown, M.D. & Chamberlain,R.M. (1982).An Algorithm
for ConnectedWord Recognition,IEEE Proc. Intl. Conf. on Acoustic,
Speech,andSignalProcessing, pp.899-902,Paris.

[41] Bridle, J.S.(1990a).ProbabilisticInterpretationof FeedforwardClassifi-
cationNetwork Outputs,with Relationshipsto StatisticalPatternRecog-
nition, in Neurocomputing:Algorithms,ArchitecturesandApplications,
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adverseconditions,7
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ARCH models,251
ARMA models,149
ASR,3
autoregressive (AR) modeling,see

HMMs
artificial neuralnetwork, seeANN

backwardprobability, 34,41
backwardrecursion,41
Baum-Welchalgorithm,seeforward-

backward
Bayes’DecisionRule,19
Bayesprobability, 19
Bayes’rule,19

for speech,31

CDNN, 202
CentralLimit Theorem,21
cepstrum,77
classifier, 17
CNS-1,229
codebook,39
conditionallikelihood,246
conditionaltransitionprobabilities,

160
confusability, 6
conjugategradientlearning,72

connectionistsystem,87
context, acoustic,106
context-dependentneuralnetworks,

202
implementation,207

continuousspeech,5
continuousspeechrecognition,see

CSR
cross-validationimproving general-

ization,241
CSR,6

DECIPHER,195
deltafeatures,28
discriminantdistance,78
discriminantfunction,17
discriminantMarkov models,158
discriminative training and priors,

181
divisionby priors,168
DRAM accesstime,effectontrain-

ing, 224
dynamicprogramming,43

one-stage,52

E set,7
earlyfailures,165
EM algorithm,22,seeforward-backward
emissionprobabilities,37
emission-on-transitionprobabilities,

36
errorback-propagation,68

backwardrecurrence,70
secondordermethods,71
weightupdate,70

estimate-and-maximize,seeEM
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featuredependence,139
featureextraction,16
first-orderMarkov models,36
forwardprobability, 34,41
forwardrecursion,34,41
forward-backwardalgorithm,41,45

Gaussianmixtures,21
GDNN, 273
gender-dependentneuralnetwork,

seeGDNN
generalization,empiricalstudyof,

234
globaloptimization,104

hiddenlayer, 64
HiddenMarkov Model,seeHMM
HMM, 4, 15,27

autoregressive, 148,245
linearor nonlinear, 250
with Gaussianadditivenoise,

248
continuousdensity, 38
decoding,50
definition,28
discretedensity, 39
estimationproblem,32
figure,29
re-estimation,45
training,44
threeproblems,32
weaknesses,155

hybridANN/DTW, 101
hybridsystem

MLP architecture,267
MLP training,269
recognition,272

isolateddigits,9
isolatedwords,5

jackknife,23

keyword spotting,seeKWS
KWS, 6

learningrate,68
leastmeansquarecriterion,61
likelihoodratio,20
linearclassifier(whenoptimal),22
lineardiscriminant,60
local contribution,35
log odds,127
loopedphoneticmodel,55

MaeWest,83
MAP constraint,159
MAP criterion,31
mappingacousticvectorsto words,

77
mappingphonemicstringstowords,

76
Markov chains,27
maximumlikelihoodcriterion, 45,

50
maximummutualinformation,see

MMi
meansquarederror, seeMSE
MLE criterion,32
MLP, 15,59

advantages,156
for ASR,88

auto-associative, 255
linearhiddenunits,259
nonlinearhiddenunits,260

bufferedinput,90
earlyapplications,63
for discriminantHMMs, 163
outputs,

asposteriors,118
usedin Viterbi search,157

properties,66
tappeddelaylines,91
training,

cross-validation,132,166
learningheuristics,168
outputbiases,167
randompatternpresentation,

167
relative entropy, 167
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with acousticcontex, 128
MMI criterion,55
MSE,62
Multilayer Perceptron,seeMLP

NETtalk,92
normaldistribution,20

observation independence,36
off-line training,73
on-linetraining,73

patternclassification,16,18
perceptron,61

singlelayer, 65
PerceptualLinearPrediction,seePLP
perplexity, 7
PLP, 188
posteriorprobability, 31
predictive neuralnetworks,149

alternative approach,150
controlinput,150

prior probability, 18
priors,andMLP outputbias,127

quadraticdiscriminant,63
quasi-stationarityof speech,27

radialbasisfunctions,seeRBFs
RAP, 226

comparisonwith Cray, 225
RASTA, 189
RBFs,140

for MAP estimation,143
trainingequations,145

readspeech,8
RecurrentNetwork, 93

ASR,95
Elman,94
Jordan,95
outputfeedback,121
phonemerecognition,95

relative entropy, 119
ResourceManagement,seeRM
Ring Array Processor, seeRAP

RM, 140
robustspeechrecognition,8

segmentationof trainingdata,170,
175

self-organizedfeaturemap,105
semi-continuousHMMs, 40,142
sigmoidfunction,65

utility for output,138
signal-to-noiseratio,seeSNR
SNR,234
softmax,125
speaker adaptation,5
speaker dependent,5
speaker independent,5
SPERT, 228
spontaneousspeech,6, 8
stackdecoding,50
statetying, 37
stochasticgradientlearning,73
systemtradeoffs

continuousHMM, 218
discreteHMM, 216

TDNN, 97
temporalflow model,93
tiedGaussianmixtures,142
timedelayneuralnetwork,seeTDNN
TIMIT, 187
transitionprobabilities,36

conditional,160
triphoneprobabilities,204

unfoldingof time,93

Viterbi criterion,43
Viterbi network, 100

word transitioncosts,168
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Acronyms

AI: Artificial Intelligence

AR: Autoregressive (model)

ARCH: Autoregressive ConditionalHeteroscedastic(model)

ARMA: Autoregressive Moving Average(model)

ANN: Artificial NeuralNetwork

ASR: AutomaticSpeechRecognition

CDNN: Context-DependentNeuralNetwork

CSR: ContinuousSpeechRecognition

DP: Dynamicprogramming

DTW: DynamicTimeWarping

EBP: ErrorBack-Propagation

EM: Expectation-Maximisation, or Estimate-and-Maximize(algorithm)

FIR: Finite ImpulseResponse(filter)

GDNN: Gender-DependentNeuralNetwork

HMM: HiddenMarkov Model

iid: independent,identicallydistributed(randomvariables)

IIR: Infinite ImpulseResponse(filter)

LMS: LeastMeanSquare(criterion)

MAP: MaximumA Posteriori(probability)

MLE: MaximumLikelihoodEstimate
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MLP: Multilayer Perceptron

MSE: MeanSquareError

MMI: MaximumMutual Information

pdf: probabilitydensityfunction

RAP: RingArray Processor

RBF: RadialBasisFunction

RM : ResourceManagement(DARPA database)

TDNN: TimeDelayNeuralNetwork
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Don’t follow leaders; watch yourparkingmeters.
– Bob Dylan–


