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ABSTRACT

In this papet, we discussthe rationalebehind multi-

channeprocessingsappliedto multi-streamautomaticspeech

recognition(ASR). In this frameawork, we will developdif-
ferentmathematicamodelsanddiscussomeinterestinge-
lationshipswith psycho-acoustievidence.

In the caseof multi-channelprocessingijt is assumed
that the speechsignalis processedy different“experts”,
eachexpertfocusingon a differentcharacteristiof the sig-
nal, andthat the differentchannel$are combinedat some
(temporal)stageto yield a global recognitionoutput. Al-
thoughwe believe that the discussionbelow is valid for
numerousmulti-channelproblems(e.g., audio and visual
streamsjn the caseof audio-visualASR), the presentpa-
perwill mainly discussthe possiblecombinationstratejies
(with applicationto multi-bandASR) andtheirrelationships
with differentmathematicamodels. Finally, we will shav
thatthe proposedapproachesould provide us with a new
paradigmfor noiserobustandadaptve ASR.

1. MULTI-CHANNEL PROCESSINGIN ASR

We havent the mongy, sowe've gotto think.
Neversay ‘l tried it onceandit did notwork’.
(ErnestRutherford, 1871-1937).

Currentautomaticspeecltrecognitionsystemsarebasecdn
(contet-dependenbr contet-independentphonemodels
describedn termsof a sequencef hiddenMarkov model
(HMM) states,whereeachHMM stateis assumedo be
characterizedy a stationaryprobability densityfunction.
Furthermoretime correlation,and consequentlyhe dyna-
mic of thesignal,insideeachHMM stateis alsousuallydis-
regarded(althoughthe useof deltaanddelta-deltefeatures
can capturesomeof this correlation). Consequentlyonly
medium-termdependencieare capturedvia the topology

1Keynotepaperpublishedn the Proceedingsf the Workshopon “Ro-
bust Methodsfor SpeechRecognitionin AdverseConditions, pp. 1-10,
May 25-26,1999, TampereFinland

2sometimeslsoreferredto as“multiple cues”[22].

of theHMM model,while short-termandlong-termdepen-
denciesareusuallyvery poorly modeled® Ideally, we want
to designa particularHMM ableto accommodatenultiple
time-scalecharacteristicso that we can capturephonetic
propertiesaswell assyllablestructureswhich seento have
mary attractve propertieq8], includinginvariantsthatare
morerobustto noise.For example,acoustideaturesuchas
the modulationspectrograrhexhibit somecorrelationwith
syllabicfeaturesandcanbeusedto improve state-of-the-art
ASR systemq30]. It is, however, clearthat thosediffer-
enttime-scalefeatureswill alsoexhibit differentlevels of
stationarityand will requiredifferentHMM topologiesto
capturetheirdynamics.

Thereare mary potentialadvantaged¢o sucha multi-
channelpproachincluding:

1. Thedefinitionof a principledway to memge different
temporalknowledgesourcesuchasacousticandvi-
sualinputs, even if the temporalsequencesre not
synchronousand do not have the samedatarate —
seg[26] and[27] for furtherdiscussioraboutthis.

2. Possibilityto incorporatemultipletimeresolutiongas
partof a structurewith multiple unit lengths,suchas
phoneandsyllable).

3. Multiband-based®SR [5, 13] involving theindepen-
dentprocessingandcombinationof partialfrequengy
bandss averyparticularcaseof multi-channetecog-
nition. Althoughthis will notbe explicitly discussed
here therearemary potentialadvantageso thismulti-
bandapproachincluding(i) betterrobustnesso speech

3This problemis not specificto the fact that phonemodelsare gener
ally used. Whole word models,or syllablemodels,built up assequences
of HMM stateswill suffer from exactly the samedravbacks, the only
potentialadwantageof moving towards“larger” units beingthat one can
thenhave moreword (or syllable)specificdistributions (usuallyresulting
in more parametergindan increasedisk of undersampledraining data).
Consequentlybuilding an ASR systemsimply basedon syllabic HMMs
will notalleviatethelimitationsof thecurrentrecognizersincethosemod-
elswill still be basedon the short-termpiecavise stationaryassumptions
mentionedabore.

“Initially proposedasaway to assessoomacousticg15].



impairedby narrovbandnoise,and(ii) possibilityto
applydifferenttime/frequeng tradeofs anddifferent
recognitionstrat@iesin the subbands.

In thefollowing, we will not discussthe underlyingal-
gorithms (“complex” variantsof Viterbi decoding,if one
wantsto take the possibleasynchrow into account),nor
detailedexperimentalresults(see[10] for recentresults).
Instead,we will mainly focuson the combinationstrateyy
and discussdifferent stratgies pointing towardsthe same
formalism.

2. PSYCHO-ACOUSTIC EVIDENCE

It seemdo methat whatcan happenin thefutureis... that
experimentgyet harder and harder to make, more andmore
expensive. andscientificdiscoserygetsslowerandslower
(RichardFeynman,1918-1988,The Character of Physical
Law, CambridgeMA, p.172.)

2.1. Product of errors rule and its inter pretation

The work of Fletcherand his colleaguegqseethe insight-
ful review of his work in [1]) suggestghat humandecod-
ing of the linguistic messagés basedon decisionswithin
narrav frequeny subbandshat are processedjuite inde-
pendentlyof eachother Combinationof decisionsfrom
thesesubbandds doneat someintermediatelevel andin
sucha way that the global error rateis equalto the prod-
uct of error ratesin the subbands.In otherwords, if we
have two frequeny bands(channels); andcs, andeach
of themis respectrely yielding a probability of error (error
rate)e; (¢;|z') ande2(g;|2?) for a particularclassg; and
aninput patternz = {z', 22}, wherez! andz? represent
the outputfeaturesof thetwo (frequeng) channeld, theto-
tal errorrateer(g;|z*, z*) resultingfrom the simultaneous
useof thetwo channelss givenby:

er(g;lat, 2*) = e (gj|z")ea(q;|2%) 1)

Although this conclusionis often questionecy the scien-
tific community?, it is probablynot worth arguingtoo long
aboutit sinceit is prettyclearthat(1) is anywaytheoptimal
ruleto obtainthebestperformanceut of a (possiblynoisy)
multi-channelsystem(but requiringthe perfectknowledge
of the noisy channel).Moreover, a similar rule canusually
explain someof the empiricalobsenationsin audio-visual
processindsee.e.g.,[22] and[18]).

5Sincewe decidednot to dealwith thetemporalconstraintsthis nota-
tion is over-simplified. In the caseof temporalsequencesz! andz? will
be sequencefossiblyof differentlengthsanddifferentrates)of features,
andg; will beanHMM.

6Sincethe relevant Fletcherexperimentswere done(i) with nonsense
syllablesonly, and(ii) usinghigh-passor low-passfilters (i.e., two chan-
nels)only, it is not clearwhetheror not this is an accuratestatementor
disparatébandsin continuousspeech.

Although pretty simple, rule (1) is not always easyto
interpret(andevenlessto engineer!).Soletushave acloser
look atit. Sincethe probability of beingcorrectwhenever
we assigna particularobsenationz to a classg is equalto
the a posteriori probability P(g|z) (i.e., the probability of
erroris equalto 1 — P(q|x), se€[7], pagel2)’, rule (1) can
alsobewritten as:

er(gjle',2*) = (1 — Pi(gjlz"))(1 — Pa(gj|2?))
=1-0, Pelgsle®) + TThey Pelgslo*) ()

where Py (g;|z*) denotesthe classposteriorprobabilities
obtainedfor the k-th input channel.Rewriting (2) in terms
of (total) correctrecognitionprobability (Pr(g; |z, z?) =
1 —er(g;|zt, ?)), we have:

2

2
Pr(g;lz*,2%) = ) Pi(gsla®) = T] Prelgsl=*)  (3)
k=1

k=1

In thecaseof K channelsit is easyto seethattheabove ex-
pressionwill have2X terms,containingall possiblechannel
combinations.
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Figure 1. “Optimal” classification strategy based on

two (independentpbservationchannelsyielding posterior
probabilities P (¢;|z') and P»(g;|2?). Thegrey level rep-
resentghe “total” probability of correctrecagnition (with

white correspondingo the maximumprobability), and the
differentcurvesrepresentthe equalrecaynition probability
curves(asa functionof P, and P,) abovewhich the proba-
bility of correctrecanitionwill behigherthana prescribed
value

Theseexpressionsare quite reasonablesincethey also
reflecta standardpropertyof probabilitiesof joint events®

7SeeSection3 for furtherevidence.
8Theprobabilityof unionof two eventsP(A or B) = P(A)+P(B)—



Actually, this productof errors rule tells us that the prob-
ability of correctclassificationron humanfull-band hearing
is equalto the probabilitythatthereis correct(humanjclas-
sificationin any subband. Consequentlythis also means
thathumanhearingseemscapableof processinghumerous
bandsandselectingthe onethatgivescorrectrecognition.

Theresulting(very simplebut nonlinear)productof er
rorsfunctionis illustratedin Figurel for all possiblevalues
of Pi(g;|z") (horizontalaxis)and P, (g;|z?) (verticalaxis).
From this figure, it is interestingto note how much flexi-
bility an“optimal” multi-channelsystempotentiallyhasin
keepingthe (total) probability of correctrecognitionabove
acertainthresholdevenif oneof thechannelds extremely
noisy (andyielding high error rates). This canindeedbe
measuredby thearea(in the { P;, P»} plane)above agiven
equalrecognitionrate curve. For example,for Pr = 0.9,
nearlyonethird of thespacds available! It is clearthatthis
propertycannotbe achieved by usingthe usualproductof
likelihoods?

This conclusionremainsvalid for morethantwo chan-
nels. Actually, it caneven be shovn thatthe areaabore a
given equalerror rate (multi-dimensional)surfaceis grow-
ing exponentiallywith thenumberof channelsTo makethe
link easiemvith whatwill comein the sequebf this paperit
is easyto shaw that,in the caseof threeinput channels(3)
becomes:

PT(qj|a:1,x2,:c3)

3 3
> Pu(gsla®) + ] Pelasl=*)
k=1 k=1
3

- Y Pulgle)Pulglet) @)

{>k=1

Obviously, this reflectsa “perfect” world. In actualengi-
neeringsystemshoughtheposteriomprobabilitiesP; (¢;|z*)
will have to be estimatednthe basisof a setof parameters
0, and,in the caseof two channels(3) shouldbewritten:

Pr(gjlz',2*,©)
2 2
= Plglz*,0) - [] Pelg;la*,©) (5)
k=1 k=1

Figure 1 doesnot change put the positionin the spacede-
pendson O, aswell ason the differentchannelfeatures.
Ideally, robusttrainingandadaptatiorshouldbe performed
in the ® spaceto guaranteg¢hat Pr(g;|z*, 22, ©) is always

P(A, B), whichis alsoequalto P(A) + P(B) — P(A)P(B) if eventsA
andB areindependentindeed in estimatingheproportionsof asequence
of trialsin which A and B occur respectiely, onecountstwice thosetrials
in which bothoccur

90ntop of thefactthatit is usuallydifficult to compare/combinéke-
lihoods computedfrom featuresin differentspacespossiblyof different
dimensiong(sincelikelihoods,as usually computed(assumingGaussian
densitieswith diagonalcovariancematrices),are “dimensional”,i.e., de-
pendson thedimensionof thefeaturespace.

above acertainthresholdprto directly maximize(5). In the
following, we discussapproachegoingin thatdirection.

2.2. Discussion

Theabove analysisallows usto draw afew conclusionsand
to designthefeaturesof an“optimal” ASR system:

1. Human hearingperformscombinationof frequengy
channelsaccordingto the productof errorsrule dis-
cussedabove. In this case(and assumingthat the
subbandsare independent)correct classificationof
ary subbands empirically equivalentto correctfull-
bandclassification. In subband-baseASRsystems,
this meanshat we shoulddesignthe systemand the
training criterion to maximizethe classificationper-
formanceon subbandswhile also makingsure that
thesubbancerror ratesare independent.

2. As a directconsequencef the above, it is alsoob-
vious that the more subbandsve use,the higherthe
full-band correctclassificatiorratewill be. As done
in humarhearing ASRsystemshouldthususealarge
numberof subbandgo have a better chanceto in-
creasaecognitionrates.lt is interestingto notehere
thatthis trendhasrecentlybeenfollowedin [14].

3. In orderto estimatethe reliability of eachchannel,
ASRsystemshouldbeableto estimatesubbandoos-
teriorsasaccumatelyaspossible We will shaw in the
next sectionthatthisis notimpossible.

4. If ASRsystemganreliably estimatdocal posteriors,
we canimplementthe productof errorsrule, which
shouldguaranteg¢he minimumof errors(if theabove
conditionsare satisfied). Furthermoregachtime we
improve the classificationrate in any subband,the
recognitionrateshouldimprove.

3. ESTIMATING POSTERIORS

The purposeof modelsis not to fit the data but to sharpen
thequestions(SamueKarlin, 1923-,11thR.A. FisherMemo-
rial Lecture,Rayal Society 20 April 1983.)

From the discussionabove, it seemsclearthat we should
work onthe basisof a posterioriprobabilities®. Giventhat
we oftenwork in the framework of hybrid HMM/ANN sys-
tems[4] using artificial neural networks (ANN) for esti-
matinglocal posteriorprobabilitiesusedasHMM emission
probabilities, and althoughsomeof the argumentsbelow

will alsobe valid for likelihood-basedystemswe will fo-

cusour discussioron posteriors.

10Which areknown, aryway, asyielding the minimum error rate solu-
tion.
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Figure?2: It is possibleto genemte“good” posteriorprob-
abilities out of a neural network,andtheseare indeedgood
measues of the probability of being correct. This plot
was geneited on real speeb data by collecting statistics
over the acoustic parametes from 1750 Resouce Man-
agementspealer-independentraining sentencegnd 500
cross-validationsentencegnot usedfor training, but for
which correctclassificationwasknown).

As initially reportedin [4], Figure2 illustratesthe fact
thatANN canreliably estimatdocal posteriomprobabilities
P(g;|z). Indeed recallingthe propertiesof posteriorprob-
abilities discussedn the previous section,good estimates
of posteriorprobabilitiesshouldalso be a measureof the
fraction of correctclassification.Consequentlywhenrep-
resentingthe correctclassificationrate asa function of the
posteriomprobabilitiesasestimatedat the outputof aneural
network, theideal Bayes(posteriorbased)lassifierwould
yield adiagonalwhichis quitethecaseor boththetraining
dataandthe cross-walidationdata(not usedfor training, but
for which correctclassificationvasknown).

Dividing thesdocal posteriomprobabilitiesinto theprior
probabilitiesP(g;) asestimatedon the training set, yields
scaledocallikelihoodsthatcanbeused[11] to compute

P(M;|X)
P(M;)

P(X|M;)
P(X)

(6)

whereM; represents.completeHMM (modelinga partic-
ular sub-unit,aword, or a sentence)and X anobsenation
sequencassociateavith A/;. This canthenbesimply mul-
tiplied (asin usualHMMs) by P(A/;) to include external
knaNIedgesources(suchasaIanguagemodel)

4. MULTI-STREAM AND MIXTURE OF EXPERTS

Fromanengineeringperspectie, oneway to introducethe
multi-strearmformalismin apatternclassification(ASR) task
is to usethe approachof mixture of experts,as proposed

in the framework of neuralnetworks[3]. Thegeneralidea
of mixture of expertsis to processhe (same)input space
accordingto differentlinear or nonlinear(neuralnetwork)

functions (“experts”), andto combinethe outputsof each
expertaccordingto aweightedsum,andwherethe weights
alsoresultfrom a (linearor nonlinear)functionof theinput

patternz.

P(M;|X)
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Figure 3: Posteriorbasedmixture of experts. Each expert
(e.0., a neural network)is extracting their own posterior
estimateswhich are then combinedthrough weightsalso
estimatedbythe’ * gatingnetwork”) fromthe data. These
weightscouldalsobe adaptedonline

Typically, this approachlasfor HMMs) canbe formu-
latedin termsof latentvariablegwherethemissingvariable
is the expert sequence) As illustratedin Figure 3, let M;
representshe hypothesizednodel(HMM) associatedvith
aninputsequenceX. If £ = {E,...,E,...,Ex} rep-
resentsa setof mutuallyexclusiveand exhaustivesxperts?
(andwhere P(E},) is definedasthe probability that £, is
the mostreliableexpert), P(M;|X) canthenbe estimated
as:

P(M;|X) =

ZP

& By | X)

= ZP(Mj|Ek7X)P(Ek|X)

K
~ 3 PMAXMP(EIX) ()
k=1

whereX* representtherespectieinputsof expert/function
Ey given X atits input'?, M} the modelfor the speech
unit M; usedto processX*, and P(Ey|X) the (relative)
reliability of expert E;, given the whole input!® The ap-

11as discussedater, the initial multi-channelapproach(Section5.1)
wasnotusingstrictly exhaustve expertssincethey did notcover all possi-
ble channelcombinationsThefull combinationapproachasdiscussedn
Section5.3, will actuallyuseall possiblecombinations.

12| the caseof multi-channelinputs, X* will typically be a subsetf
X (containingthefeaturegelative to Ey,).

135ince,asillustratedin Figure4, eachsequenceX * will be processed
with adifferent/specifitHMM.



proximationsin (7) resultfrom the assumptionshat (i) the

probability of a model M; given a particularexpert Ey, is

only estimatedrom the sub-modeli\/.f;c associateavith the

expert, and (ii) that expert-specificmodelis only looking

atits specificinput features.The segment-basegosteriors
in (7) canbecomputedasbriefly recalledin Section3.

® = Recombination at the sub-unit level

Figure4: Generl form of a K -streamsrecagnizerwith an-
chor points betweenspeeb units (to force syndirony be-
tweenthe different streams). Notethat the modeltopolagy
is not necessarilthe samefor the differentsub-systems.

Ideally, asdiscussedh [5, 13, 27] andillustratedin Fig-
ure 4, the expertcombinationpresentedbove shouldtake
placeat the level of M, i.e., atthe level of the particular
(non-emitting)statesdenoted“ ®”. However, this is not
trivial andwill oftenrequirea significantadaptatiorof the
recognizer It is only in the caseof segmentlikelihoods
combination(by products}thatonecandevelopatractable
solutionto this optimizationproblem. Indeed,in this par
ticular case|t is easyto shav thatthe productof segment-
basedexpert-specificlik elihoodscandedistributedthrough
local likelihood productsof an equivalentlstorderHMM,
possiblyafter somemodificationof the transitionprobabil-
ities [29]. This algorithm,referredto as“HMM combina-
tion”, is an adaptationof the HMM decompositioralgo-
rithm presentedn [28].

In the caseof more complex (non linear) combination
criteria, like in the caseof mixture of expertsor the ap-
proachdiscussedelon (relatedto the mixture of experts
modelandthe psycho-acoustievidencediscussedn Sec-
tion 2), HMM combination/decompositiois no longera
tractablesolution. Other approachedasedon the 2-level
dynamicprogrammingalgorithmor using(7) to rescorean
N-bestlist of hypothesegproviding uswith asetof possible
segmentation/anchguoints)have thento beused.

Althoughit is clearthat:

1. Theempiricalresultsdiscussedn Section2 wereob-
tainedonthebasisof segmentgnon-senssyllables),

2. onlythesegmentievel combinatiorcanallow for asyn-
chrory betweerthestream¥’,

14Although not using the nonlinear(optimal?) combinationfunctions
discussedn this papey preliminaryresultspresentedn [5, 13] suggested
thatasynchrog was not a major factor— see,though,[19] and[27] for
furtherdiscussioraboutthis.

we will mainly focus, in the sequelof this paper on the
combinationatthe statelevel.

5. MULTIBAND-BASED ASRWITH LATENT
VARIABLES

5.1. General Formalism

As a particularcaseof the multi-streamparadigmwe have
beeninvestigatingan ASR approactbasedon independent
processingand combinationof frequengy subbands. The
generalidea, asillustratedin Fig. 5, is to split the whole
frequeng band(representeth termsof critical bands)into
afew subband®nwhich differentrecognizerareindepen-
dently applied. The resulting probabilitiesare then com-
binedfor recognitionlaterin the processat somesegmen-
tal level. Startingfrom critical bands,acousticprocessing
is now performedindependentlyfor eachfrequeng band,
yielding K input streamsgachbeingassociatedvith a par
ticularfrequeng band.

Acoustic Processirf HMM/ANN
Frequency band 1 Sub-Recognizer
Recombined
Acoustic > Acoustic Processirfg HMM/ANN recombinatioh Recor
Sub-Recognizer
Frequency band
Acoustic Processir} HMM/ANN
Frequency band Sub-Recognizer

Figure 5: Typical multiband-basedASRarchitecture. In
multi-bandspeeb recanition, the frequencyange is split
into several bands,and informationin the bandsis used
for phonetigorobability estimatiorbyindependentodules.
Theseprobabilitiesare thencombinedor recanition later
in theprocessat someseggmentallevel.

In this caseeachof the K sub-recognizefchannel)is
now usingtheinformationcontainedn a specificfrequeny
bandX* = {z¥ 2k, ... 2k ... 2%}, whereeachz® rep-
resentsthe acoustic(spectral)vectorat time n in the k-th
stream.In (7), P(M}|X*) representshe a posterioriprob-
ability of asub-unitmodeIMJ’-c (k-th frequeny bandmodel
for sub-unit)/;) andcanbeestimatedrom local posteriors
P(q} ,|y,) (e.g.estimatecat the outputof anANN), where
q¥ , denotesastateM ). P(Ey|X ) representthe ‘reliabil-
ity” of expert Ey,, working on the k-th frequeng band,and
canbeestimatedn differentways(e.g.,basedn SNR).

As discussedh the previoussection,combinatioratthe
segmentlevel accordingto thecriteriadiscussedhereis not
easy However, combinationat the HMM-state level, by
combininglocal posteriorsP (g} ;| ) canbedonein mary
ways|[5], including: untrainedinearor trainedlinear (e.g.,
asa function of automaticallyestimatedocal SNR) func-
tions, aswell astrainednonlinearfunction (e.g., by using
a neuralnetwork). Thisis pretty simpleto implementand



amountgo performingastandard/iterbi decodingn which

local (log) probabilitiesare obtainedfrom a linear or non-

linear combinationof the local subbandprobabilities. For

example,in theinitial subband-basedlSR, local posteriors
(or scaledlikelihoods)P(g;|x,) wereestimatedaccording
to:

K
P(gjlzn) = > wiP(g;|zh, Ok) (8)
k=1

where,in our case eachP(g;|z%, ©}) is computedwith a
band-specifi@NN of parameter®; andwith z* (possibly
with temporalcontext) atits input. The weightingfactors
canbe assigned uniform distribution (alreadyperforming
verywell [5]) or beproportionato theestimatedSNR.Over
thelastfew years severalresultswerereportedshowving that
sucha simple approachwas usually more robust to band
limited noise.

In Section5.3 below, we discussa new approachthat
wasrecentlydevelopedat IDIAP, and presentedn [2, 10,
21], andshow (i) how it significantlyenhanceshebaseline
multi-band approach,and (ii) how it relatesto the above
discussiongandpsycho-acoustievidence).

5.2. Motivations and Drawbacks

The multi-bandapproachhasseveral potentialadvantages,
which arebriefly discussedhere.

Better robustnesgo band-limited noise— Thesignalmay
be impaired(e.qg., by noise,channelcharacteristicstever-
beration,...)only in somespecificfrequeny bands.When
recognitionis basedon severalindependentlecisiondrom
differentfrequeny subbandsthe decodingof a linguistic
messagaeednot be severely impaired,aslong asthe re-
maining clean subbandssupply sufficiently reliable infor-
mation. This was confirmedby several experiments(see,
e.g.,[5]). Surprisingly evenwhenthe combinationis sim-
ply performedat the HMM statelevel, it is obsened that
themulti-bandapproachs yielding betterperformancend
noiserobustnesshana regularfull-bandsystemt®

Similar conclusionswere also obsened in the frame-
work of the missingfeaturetheory[17, 20]. In this casejt
wasshown that, if oneknowsthe positionof the noisyfea-
tures significantly betterclassificationperformancecould
be achievedby disrggardingthe noisy data(usingmaminal

151t could however be arguedthat, in this case the multi-bandapproach
boils down to a regular full-band recognizeiin which several likelihoods
of (assumedindependenteaturesareestimatecandmultiplied togetherto
yield local likelihoods(since,in likelihood basedsystems gexpectedval-
uesfor thefull-bandis the samethanthe concatenateexpectedvaluesof
subbands).This is however not true whenusing posteriorbasedsystems
(suchashybrid HMM/ANN systemsherethe subbandsrepresentedo
differentnetsthatareindependentlyrainedin a discriminantway on each
individual subband. Finally, asdiscussedn this paper we also believe
thatthe combinationcriterion shouldbe differentthana simpleproductof
(scaled)ikelihoodsor posteriors.

distributions) or by integrating over all possiblevaluesof
the missingdataconditionallyon the cleanfeatures— See
Section5.3 for further discussioraboutthis. In the multi-
bandapproachwe do nottry to explicitly identify thenoisy
band(andto disregardit). Insteadwe processll the sub-
bandsindependentlyto avoid “spreading”the noiseacross
all component®sf thefeaturevectororin thelocal probabil-
ity estimate)andrecombinethemaccordingto a particular
weightingschemehat shouldde-emphasizéor cancelout)
thenoisybands.

Better modeling — As for a regular full-band system,it
was shown in [5] that all-pole modelingwas significantly
improving the performanceof multi-bandsystems. How-
ever, asanadditionaladvantageof the subbandapproachit
canbeshawn or amguedthat:

1. This all-pole modeling may be more robust if per
formedonseveralsubbands,e.,in lowerdimensional
spacesthanon thefull-bandsignal[25].1¢

2. Sincethe dimensionof each(subbandfeaturespace
is smallerit is easietto estimateeliablestatisticqre-
sultingin amorerobustparametrization).

Channelasynchrony — Transitionsbetweermorestation-
ary segmentsof speectdo notnecessarilypccuratthesame
time acrosghedifferentfrequeng bandg19], whichmakes
the piecavise stationaryassumptiomrmorefragile. The sub-
bandapproachmay have the potentialof relaxingthe syn-
chrory constraintnherentin currentHMM systems.

Channel specific processingand modeling — Different
recognitionstratgiesmight ultimately be appliedin differ-
entsubbands.For example,differenttime/frequeng reso-
lution tradeofs could be chosen(e.g.,time resolutionand
width of analysiswindow dependingon thefrequeng sub-
band).Finally, somesubbandsnaybeinherentlybetterfor
certainclasse®f speectsoundghanothers.

Major objectionsand drawbacks — Therearea few, re-
lated,dravbacksto this multi-bandapproacH19]:

1. Oneof the commonobjectionsto this separatenod-
eling of eachfrequengy bandhasbeenthat impor-
tant informationin the form of correlationbetween
bandsmay be lost. Although this may be true, sev-
eralstudieq19], aswell asthegoodrecognitionrates
achieved on small frequeng bands[9, 14], tendto
shav that most of the phoneticinformationis con-
tainedin eachfrequeny band(possiblyprovidedthat
we have enoughtemporalinformation)’.

18Which could alsoprovide the previous footnotewith anadditionalar-
gument!

17And, indeed, the discussionin Section2, as well as mary other
psycho-acoustiexperimentsseento suggesthathumanhearingcanac-
tually extractalot of phonetic/syllabianformationfrom bandlimited sig-
nals.



2. Todefineandindependentlprocessrequeng bands,
it is obviously necessaryo startfrom spectralcoef-
ficients (critical bands),which, however, are not or-
thogonalanddo not permitcompetitive performance
for cleanspeech. In standardASR systems,these
coeficientaretypically orthogonalizedusinga DCT
(cepstral)itransformation.Evenin the caseof ANN
probabilityestimation(whereANN is supposedo ex-
tractandmodelthe correlationacrosscoeficients),it
hasbeenobsenred that orthogonalizatiorof the fea-
turesstill helpeda bit. However, in the caseof nar
rowbandadditive noise, we obviously want to sub-
tractasmuchaspossibleof the noisebeforethe DCT
transformto avoid spreadinghe noiseacrossall the
featurecomponents. For subbandASR systems,a
partial but effective, solutionto this problemconsists
in performinganindependenDCT in eachsubband5s,
24].

Alternative solutionsto this problem have recently
beenproposedin which it is attemptedto decorre-
late as much as possiblethe filter-bank enegies —

seee.q.,[16, 6, 23]. Thisis usuallyobtainedby per

forming somekind of temporalfiltering (and, con-
sequentlyspreadinghe possiblenoiseover time in-

steadof overfrequeng).

3. As opposedto the empirical evidencediscussedn
Section2 the initial subband-baseASR systemdid
not make useof all possiblesubbandcombinations.
Thiswill befixedby the methodpresenteahext.

5.3. Full Combination Subband ASR

Following theaboredevelopment@anddiscussionst seems
reasonabldéo assumethat a subbandASR systemshould
simultaneouslydeal with all the L = 2% possiblesub-
band combinationsS* (with ¢ = 1,...,L, and alsoin-
cluding the empty set®) resultingfrom an initial setof K
frequeng (critical) bandsz*. However, while it is pretty
easyto quickly estimateary subbandik elihoodor mamginal
distributionwhenworkingwith Gaussiaror multi-Gaussian
densitieg17], thisis harder(lesstractablevhenusingANN
to estimateposteriorprobabilities. In this latter case,in-
deed,it would be necessaryo train (andrun, duringrecog-
nition) 2% neuralnetworks,whichwould becomeveryquickly
intractable.

In thefollowing, we briefly presenthesolutionrecently
proposedn [10, 21], anddiscussits relationshipswith the
themedevelopedin the currentpaper

18which would correspondo the casewhereall the bandsareunreali-
able.n this casethebestposteriorestimates theprior probability P(g; ),
andone of the L termsin the following equationswill containonly this
prior information.

Ideally, we would thus like to computethe posterior
probabilitiesfor eachof the L = 2% possiblecombina-
tions.S¢ (includingall possiblesinglebands pairsof bands,
triples, etc) of the K subbandg . Indeed sincewe do not
know a priori wherethe noiseis located,we shouldinte-
grateover all possiblepositions®. Usingthe formalismof
mixture of experts,we canthuswrite:

L

ZP(C]J',EAJITL,@)

Zzl

> P(q;1SE, ©0) P(Edlzs)  (9)

=1

P(qj|xn7 @) =

where © representshe whole parametespace,while 0,
denotegshe setof (ANN) parametersisedto computethe
subbandposteriors. Of course,implementing(9) requires
thetraining of L neuralnetworksto estimateall the poste-
riors P(g;|S%,©,) thathave to be combinedaccordingto
aweightedsum,with eachweightrepresentinghe relative
reliability of a specificsetof subbandsIn the caseof sta-
tionary interferencethis reliability could be estimatedon
the basisof the average(local) SNRin the consideredset.
Alternatively, they couldalsobeestimatedistheprobability
thatthe local SNRis above a certainthreshold,andwhere
the thresholdhasbeenestimatedo guarantee prescribed
recognitionrate (e.g.,lying above a certainequalrecogni-
tion ratecurvein Figurel) [2].

Typically, training of the L. neuralnetswould be done
onceand for all on cleandata, and the recognizerwould
then be adaptedon line simply by adjustingthe weights
P(E;|zy) (still representing: limited setof L parameters)
to increasethe global posteriors. This adaptatiorcould be
performedby online estimationof the SNR or by anonline
versionof the EM (deleted-interpolationgalgorithm. Al-
thoughthis approachis not really tractable,it hasthe ad-
vantageof avoiding theindependencassumptiorbetween
the subband®f a sameset, aswell asallowing ary DCT
transformationof the combinationbeforefurther process-
ing. Consequentlythis combination,referredto as Full
Combination was actually implemented[9] for the case
of four frequeng subbandgeachcontainingsereral criti-
calbands)thusrequiringthetrainingof 16 neuralnets,and
usedasan“optimal” referencepoint.

An interestingapproximatiorto this “optimal” solution
thoughconsistsn simply usingtheusualK neuralnetsthat
areavailable,andto approximatell theothersubbanaom-
bination probabilitiesdirectly from these. In otherwords,
re-introducingheindependencassumptioff betweersub-

19This amountsat assuminghat the position of the noiseor, in other
words, the position of the reliable frequeng bands,is a hidden (latent)
variableon whichwe will integrateto maximizethe posteriorprobabilities
(in the spirit of the EM algorithm).

20Actually, it is shawn in [9, 10] thatwe only needto introducea weak



bands subbandccombinationposteriorsvould be estimated
as[9, 10}

P(q;|zk,04)
P(q5)

Experimentakesultsobtainedfrom this Full Combina-
tion approacthin differentnoisyconditionsarereportedn [9,
10], wherethe performanceof this abore approximation
wasalsocomparedo the“optimal” estimatorg9). Interest-
ingly, it wasshown that this independencassumptiordid
not hurt us muchandthat the resultingrecognitionperfor
mancé! wassimilar to the performancebtainedby train-
ing andrecombiningall possibleL nets(and significantly
betterthanthe original subbandapproach).In both cases,
therecognitionrateandtherobustnesso noiseweregreatly
improved comparedo the initial subbandapproach.This
further confirms that we do not seemto lose “critically”
importantinformationwhen neglectingthe correlationbe-
tweenbands.

Finally, it is particularlyinterestingto noteherethatus-
ing (10) in (9) yields somethingvery similar to the “opti-
mal” productof errorsrule (4) obsenedempirically:

P(q;|S5,00) = P(g;) |] (10)

keS?t

L
Plgsla, ©) = 3 PEE) TT gt 00) (1)

=1 ¢ keS!t

with C, = P(m~1)(g;), andn, beingthe numberof sub-
bandsin S¢. In [9], it is shavn thatthis normalizatiorfactor
is importantto achieve good performance This Full Com-
binationrule thustakesexactlythesameform thantheprod-
uctof errorsrule [suchas(4) or (5)], apartfrom thefactthat
the weighting factorsare different. In (11), the weigthing
factorscanbe interpretedas (scaled)probabilitiesestimat-
ing therelative reliability of eachcombinationwhile in the
productof errorsrule theseare simply equalto +1 or —1.

Anotherdifferences thattheproductof errorsruleinvolves
2K _ 1 termswhile the Full Combinationrule involves2X

terms,oneof themrepresentinghe contribution of the prior
probability.

In the future, we intendto investigatethis analogyfur-
ther We alsointendto usetheweightingfactorsto automat-
ically adapta multi-bandsystemtrainedon cleanspeectto
noisy conditions. Typically, this will be doneby an (on-
line) EM algorithmoptimizingthe productof errorsrule or
maximizingthe globalposteriomprobability.

(conditional)independencassumption.

210btainedon the Numbers'95databasegontaining telephone-based

spealer independenfree format numbers,on which NOISEX noisewas
added.

6. CONCLUSIONS

In this paperwe have discussedhe rationalebehindmulti-
bandASR, its commonassumptionspotentialadvantages,
andits links with somewell known psycho-acoustievi-
dence.

From all this discussionandthe corvergenceof inde-
pendentexperiments,we candraw the following prelimi-
nary conclusions:

1. Multi-band ASR doesnot seemto be inherentlyin-
ferior to a full-band approachalthoughsomecorre-
lation informationis lost due to the division of the
frequeny spaceinto subbandg? Furthermorejt is
not cleareitherthathumanhearingis usingthis kind
of correlationinformation.

2. Whentraining subbandsystemswe shouldnot aim
at maximizingthe classificationperformancdor ev-
ery subbandWhenusingtheright combinatiorrule,
it shouldbebetterto increaseéhenumberof subbands
while makingsurethat at ary time at leastone sub-
bandwill beguessingheright answer?

3. Doing this, we shouldalsolook at the potentialfor
improvementin subbandnodelingwhencombining
longertime-scaleénformationstreamgtradingfrequ-
eng informationfor temporalinformation).

4. Thereis an interestingrelationshipbetweenthe full
combinationsubbandapproactandtheproductof er
rors merging rule derived from psycho-acoustievi-
denceandthis needgo beinvestigatedurther.

5. This full combinationapproachhasthe potential of
providing us with new adaptatiorschemesn which
only thecombinatiorweightsareautomaticallyadapted
(e.g.,accordingto anonline EM algorithm).

Finally, it is clearthat several key problemsremainto be
addressedncluding:

1. Needfor improvedexpertweighting

2. Needfor methodswhich arerobustto noisebut still
performwell for cleanspeech.

22probably becausethe advantagesof subbandbasedASR can out-
weightthe slight problemdueto independenprocessingf subbands.

23This conclusionis very similar to what is proved mathematically
in [3], p. 369,para.l (alsop. 424).
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