
NON-STATION ARY MULTI-CHANNEL (MULTI-STREAM) PROCESSINGTOWARDS
ROBUST AND ADAPTIVE ASR
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ABSTRACT

In this paper1, we discussthe rationalebehindmulti-
channelprocessingasappliedtomulti-streamautomaticspeech
recognition(ASR). In this framework, we will developdif-
ferentmathematicalmodelsanddiscusssomeinterestingre-
lationshipswith psycho-acousticevidence.

In the caseof multi-channelprocessing,it is assumed
that the speechsignal is processedby different “experts”,
eachexpertfocusingona differentcharacteristicof thesig-
nal, and that the differentchannels2arecombinedat some
(temporal)stageto yield a global recognitionoutput. Al-
though we believe that the discussionbelow is valid for
numerousmulti-channelproblems(e.g., audio and visual
streams,in the caseof audio-visualASR), the presentpa-
perwill mainly discussthepossiblecombinationstrategies
(with applicationto multi-bandASR)andtheirrelationships
with differentmathematicalmodels.Finally, we will show
that the proposedapproachescould provide us with a new
paradigmfor noiserobustandadaptiveASR.

1. MULTI-CHANNEL PROCESSINGIN ASR

We haven’t themoney, sowe’vegot to think.
Never say, ‘I tried it onceandit did not work’.
(ErnestRutherford,1871-1937).

Currentautomaticspeechrecognitionsystemsarebasedon
(context-dependentor context-independent)phonemodels
describedin termsof a sequenceof hiddenMarkov model
(HMM) states,whereeachHMM stateis assumedto be
characterizedby a stationaryprobability densityfunction.
Furthermore,time correlation,andconsequentlythe dyna-
mic of thesignal,insideeachHMM stateis alsousuallydis-
regarded(althoughtheuseof deltaanddelta-deltafeatures
cancapturesomeof this correlation). Consequently, only
medium-termdependenciesare capturedvia the topology

1Keynotepaperpublishedin theProceedingsof theWorkshopon“Ro-
bust Methodsfor SpeechRecognitionin AdverseConditions,” pp. 1-10,
May 25-26,1999,Tampere,Finland

2Sometimesalsoreferredto as“multiple cues”[22].

of theHMM model,while short-termandlong-termdepen-
denciesareusuallyvery poorly modeled.3 Ideally, we want
to designa particularHMM ableto accommodatemultiple
time-scalecharacteristicsso that we can capturephonetic
properties,aswell assyllablestructures,whichseemtohave
many attractive properties[8], including invariantsthatare
morerobustto noise.For example,acousticfeaturessuchas
themodulationspectrogram4 exhibit somecorrelationwith
syllabicfeaturesandcanbeusedto improvestate-of-the-art
ASR systems[30]. It is, however, clear that thosediffer-
ent time-scalefeatureswill alsoexhibit different levels of
stationarityand will requiredifferentHMM topologiesto
capturetheirdynamics.

Thereare many potentialadvantagesto sucha multi-
channelapproach,including:

1. Thedefinitionof a principledway to mergedifferent
temporalknowledgesourcessuchasacousticandvi-
sual inputs, even if the temporalsequencesare not
synchronousand do not have the samedata rate –
see[26] and[27] for furtherdiscussionaboutthis.

2. Possibilityto incorporatemultipletimeresolutions(as
partof a structurewith multiple unit lengths,suchas
phoneandsyllable).

3. Multiband-basedASR [5, 13] involving theindepen-
dentprocessingandcombinationof partialfrequency
bandsisaveryparticularcaseof multi-channelrecog-
nition. Althoughthis will not beexplicitly discussed
here,therearemany potentialadvantagesto thismulti-
bandapproach,including(i) betterrobustnesstospeech

3This problemis not specificto the fact thatphonemodelsaregener-
ally used.Wholeword models,or syllablemodels,built up assequences
of HMM stateswill suffer from exactly the samedrawbacks, the only
potentialadvantageof moving towards“larger” units beingthat onecan
thenhave moreword (or syllable)specificdistributions(usuallyresulting
in moreparametersandan increasedrisk of undersampledtrainingdata).
Consequently, building an ASR systemsimply basedon syllabic HMMs
will notalleviatethelimitationsof thecurrentrecognizerssincethosemod-
els will still be basedon the short-termpiecewise stationaryassumptions
mentionedabove.

4Initially proposedasaway to assessroomacoustics[15].



impairedby narrowbandnoise,and(ii) possibility to
applydifferenttime/frequency tradeoffs anddifferent
recognitionstrategiesin thesubbands.

In thefollowing, we will not discusstheunderlyingal-
gorithms(“complex” variantsof Viterbi decoding,if one
wants to take the possibleasynchrony into account),nor
detailedexperimentalresults(see[10] for recentresults).
Instead,we will mainly focuson the combinationstrategy
anddiscussdifferentstrategiespointing towardsthe same
formalism.

2. PSYCHO-ACOUSTIC EVIDENCE

It seemsto methat whatcanhappenin thefuture is... that
experimentsgetharderandharder to make, moreandmore
expensive... andscientificdiscoverygetsslowerandslower.
(RichardFeynman,1918-1988,TheCharacterof Physical
Law, Cambridge,MA, p.172.)

2.1. Product of errors rule and its interpretation

The work of Fletcherandhis colleagues(seethe insight-
ful review of his work in [1]) suggeststhat humandecod-
ing of the linguistic messageis basedon decisionswithin
narrow frequency subbandsthat areprocessedquite inde-
pendentlyof eachother. Combinationof decisionsfrom
thesesubbandsis doneat someintermediatelevel and in
sucha way that the global error rate is equalto the prod-
uct of error ratesin the subbands.In other words, if we
have two frequency bands(channels)��� and ��� , andeach
of themis respectively yielding a probabilityof error(error
rate) � ���	��

� � ��� and � ������
�� � ��� for a particularclass ��
 and
an input pattern������� ��� � ��� , where � � and � � represent
theoutputfeaturesof thetwo (frequency) channels5, theto-
tal errorrate ��� �	��

� � � � � � � resultingfrom thesimultaneous
useof thetwo channelsis givenby:

��� ����
�� � � � � � � � � ���	��
�� � � � � ���	��
�� � � � (1)

Although this conclusionis often questionedby the scien-
tific community6, it is probablynot worth arguingtoo long
aboutit sinceit is prettyclearthat(1) is anywaytheoptimal
rule to obtainthebestperformanceoutof a(possiblynoisy)
multi-channelsystem(but requiringthe perfectknowledge
of thenoisychannel).Moreover, a similar rule canusually
explain someof theempiricalobservationsin audio-visual
processing(see,e.g.,[22] and[18]).

5Sincewe decidednot to dealwith thetemporalconstraints,this nota-
tion is over-simplified. In thecaseof temporalsequences,�
� and ��� will
besequences(possiblyof differentlengthsanddifferentrates)of features,
and  "! will beanHMM.

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

Although pretty simple, rule (1) is not always easyto
interpret(andevenlessto engineer!).Solet ushaveacloser
look at it. Sincethe probability of beingcorrectwhenever
we assigna particularobservation � to a class� is equalto
the a posteriori probability # ���$� � � (i.e., the probability of
erroris equalto %'&(# �	�$� � � , see[7], page12)7, rule (1) can
alsobewrittenas:

� � ��� 
 � � ��� � ��� �)� %*&+# � �	� 
 � � �,�-� � %.&/# � ��� 
 � � �0�1�� %*&32 �4�5 � # 4 ����

� �
4 �7698 �4�5 � # 4 ����
�� �

4 �
(2)

where # 4 ����
�� �
4 �

denotesthe classposteriorprobabilities
obtainedfor the : -th input channel.Rewriting (2) in terms
of (total) correctrecognitionprobability ( #7� �	��

� � ��� � ��� �%*&+�0� �	��

� � ��� � ��� ), we have:

# � �	� 
 � � � � � � � �
�;4�5 � #

4 ��� 
 � � 4 � &
�<4�5 � #

4 �	� 
 � � 4 � (3)

In thecaseof = channels,it is easyto seethattheaboveex-
pressionwill have >�? terms,containingall possiblechannel
combinations.
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Figure 1: “Optimal” classification strategy based on
two (independent)observationchannelsyielding posterior
probabilities # ������
�� � ��� and # �@�	��
�� � ��� . Thegrey level rep-
resentsthe “total” probability of correct recognition (with
white correspondingto the maximumprobability), and the
differentcurvesrepresenttheequalrecognition probability
curves(asa functionof # � and # � ) abovewhich theproba-
bility of correctrecognitionwill behigherthana prescribed
value.

Theseexpressionsarequite reasonablesincethey also
reflecta standardpropertyof probabilitiesof joint events.8

7SeeSection3 for furtherevidence.
8Theprobabilityof unionof twoeventsA'BDCFE�G�HJILKMA'BNCOI�PQA'BRHJITS



Actually, this productof errors rule tells us that the prob-
ability of correctclassificationon humanfull-bandhearing
is equalto theprobabilitythatthereis correct(human)clas-
sification in any subband. Consequently, this also means
thathumanhearingseemscapableof processingnumerous
bandsandselectingtheonethatgivescorrectrecognition.

Theresulting(verysimplebut nonlinear)productof er-
rorsfunctionis illustratedin Figure1 for all possiblevalues
of # ������

� � �,� (horizontalaxis)and # ������

� � �0� (verticalaxis).
From this figure, it is interestingto notehow muchflexi-
bility an “optimal” multi-channelsystempotentiallyhasin
keepingthe (total) probabilityof correctrecognitionabove
a certainthreshold,evenif oneof thechannelsis extremely
noisy (and yielding high error rates). This can indeedbe
measuredby thearea(in the � # � � # � � plane)abovea given
equalrecognitionratecurve. For example,for # � �VU$W X ,
nearlyonethird of thespaceis available! It is clearthatthis
propertycannotbe achievedby usingthe usualproductof
likelihoods.9

This conclusionremainsvalid for morethantwo chan-
nels. Actually, it caneven be shown that the areaabove a
givenequalerror rate(multi-dimensional)surfaceis grow-
ing exponentiallywith thenumberof channels.To makethe
link easierwith whatwill comein thesequelof thispaper, it
is easyto show that,in thecaseof threeinput channels,(3)
becomes:

#Y� ����

� � � � � � � �LZ � � Z;4�5 � #
4 �	��
[� � 4 �\6 Z<4�5 � #

4 ����
�� � 4 �

& Z;
]_^ 4�5 � #

4 �	��
�� � 4 � # ] ����

� � ] � (4)

Obviously, this reflectsa “perfect” world. In actualengi-
neeringsystemsthoughtheposteriorprobabilities# 4 ��� 
 � �

4 �
will haveto beestimatedon thebasisof a setof parameters`

, and,in thecaseof two channels,(3) shouldbewritten:

#Y� ����
�� � � � � � � ` �
� �;4�5 � #

4 ��� 
 � � 4 � ` � &
�<4�5 � #

4 ��� 
 � � 4 � ` � (5)

Figure1 doesnot change,but thepositionin thespacede-
pendson

`
, as well as on the different channelfeatures.

Ideally, robusttrainingandadaptationshouldbeperformed
in the

`
spaceto guaranteethat #Y� �	��
�� � � � � � � ` � is alwaysA'BNCba"HJI , which is alsoequalto A'BNCOI�PcA'BDHbI0SdA'BNCOIeA'BDHbI if events C

and H areindependent.Indeed,in estimatingtheproportionsof asequence
of trials in which C and H occur, respectively, onecountstwicethosetrials
in whichbothoccur.

9On top of thefact that it is usuallydifficult to compare/combinelike-
lihoodscomputedfrom featuresin differentspaces,possiblyof different
dimensions(sincelikelihoods,as usually computed(assumingGaussian
densitieswith diagonalcovariancematrices),are“dimensional”, i.e., de-
pendson thedimensionof thefeaturespace.

aboveacertainthreshold,or to directlymaximize(5). In the
following, wediscussapproachesgoingin thatdirection.

2.2. Discussion

Theaboveanalysisallowsusto draw afew conclusionsand
to designthefeaturesof an“optimal” ASRsystem:

1. Humanhearingperformscombinationof frequency
channelsaccordingto the productof errorsrule dis-
cussedabove. In this case(and assumingthat the
subbandsare independent),correctclassificationof
any subbandis empiricallyequivalentto correctfull-
bandclassification. In subband-basedASRsystems,
this meansthat weshoulddesignthe systemandthe
training criterion to maximizethe classificationper-
formanceon subbands,while also makingsure that
thesubbanderror ratesare independent.

2. As a direct consequenceof the above, it is alsoob-
vious that the moresubbandswe use,the higherthe
full-bandcorrectclassificationratewill be. As done
in humanhearing,ASRsystemsshouldthususea large
numberof subbandsto have a betterchanceto in-
creaserecognitionrates.It is interestingto notehere
thatthis trendhasrecentlybeenfollowedin [14].

3. In order to estimatethe reliability of eachchannel,
ASRsystemsshouldbeableto estimatesubbandpos-
teriorsasaccuratelyaspossible. Wewill show in the
next sectionthatthis is not impossible.

4. If ASRsystemscanreliablyestimatelocalposteriors,
we canimplementthe productof errorsrule, which
shouldguaranteetheminimumof errors(if theabove
conditionsaresatisfied).Furthermore,eachtime we
improve the classificationrate in any subband,the
recognitionrateshouldimprove.

3. ESTIMATING POSTERIORS

Thepurposeof modelsis not to fit the databut to sharpen
thequestions.(SamuelKarlin, 1923-,11thR.A.FisherMemo-
rial Lecture,Royal Society, 20 April 1983.)

From the discussionabove, it seemsclear that we should
work on thebasisof a posterioriprobabilities10. Giventhat
weoftenwork in theframework of hybridHMM/ANN sys-
tems [4] using artificial neuralnetworks (ANN) for esti-
matinglocalposteriorprobabilitiesusedasHMM emission
probabilities,and althoughsomeof the argumentsbelow
will alsobevalid for likelihood-basedsystems,we will fo-
cusourdiscussionon posteriors.

10Which areknown, anyway, asyielding theminimum error ratesolu-
tion.
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Figure2: It is possibleto generate“good” posteriorprob-
abilitiesoutof a neural network,andtheseare indeedgood
measures of the probability of being correct. This plot
wasgeneratedon real speech data by collectingstatistics
over the acousticparameters from 1750 Resource Man-
agementspeaker-independenttraining sentencesand 500
cross-validationsentences(not usedfor training, but for
which correctclassificationwasknown).

As initially reportedin [4], Figure2 illustratesthe fact
thatANN canreliably estimatelocal posteriorprobabilities# �	��
�� � � . Indeed,recallingthepropertiesof posteriorprob-
abilities discussedin the previous section,goodestimates
of posteriorprobabilitiesshouldalso be a measureof the
fraction of correctclassification.Consequently, whenrep-
resentingthe correctclassificationrateasa functionof the
posteriorprobabilitiesasestimatedat theoutputof a neural
network, the idealBayes(posterior-based)classifierwould
yield adiagonal,whichis quitethecasefor boththetraining
dataandthecross-validationdata(notusedfor training,but
for whichcorrectclassificationwasknown).

Dividing theselocalposteriorprobabilitiesinto theprior
probabilities # ����
 � asestimatedon the training set,yields
scaledlocal likelihoodsthatcanbeused[11] to compute

# �"f 
 � g �# �"f(
 � � # �	g9� f 
 �
# �eg � (6)

where f(
 representsa completeHMM (modelinga partic-
ular sub-unit,a word,or a sentence),and g anobservation
sequenceassociatedwith f 
 . Thiscanthenbesimplymul-
tiplied (as in usualHMMs) by # �"f 
 � to includeexternal
knowledgesources(suchasa languagemodel).

4. MULTI-STREAM AND MIXTURE OF EXPERTS

Fromanengineeringperspective,oneway to introducethe
multi-streamformalismin apatternclassification(ASR)task
is to usethe approachof mixture of experts,asproposed

in the framework of neuralnetworks [3]. Thegeneralidea
of mixture of expertsis to processthe (same)input space
accordingto different linear or nonlinear(neuralnetwork)
functions(“experts”), and to combinethe outputsof each
expertaccordingto a weightedsum,andwheretheweights
alsoresultfrom a (linearor nonlinear)functionof theinput
pattern� .

hji hlk m1n hlolp q�rm1n s0t p hjiDu q�r

q

v1wNx y ze{}|,~�x �1�����

m1n s t p q�r

m1n s0t p hlkDu�q�r

Figure3: Posterior-basedmixture of experts. Each expert
(e.g., a neural network) is extracting their own posterior
estimates,which are then combinedthrough weightsalso
estimated(by the‘ ‘ gatingnetwork”) fromthedata.These
weightscouldalsobeadaptedonline.

Typically, this approach(asfor HMMs) canbe formu-
latedin termsof latentvariables(wherethemissingvariable
is the expert sequence).As illustratedin Figure3, let f/

representsthehypothesizedmodel(HMM) associatedwith
an input sequenceg . If � ���0�c� � W�W,W � � 4 � W,W�W � � ? � rep-
resentsa setof mutuallyexclusiveandexhaustiveexperts11

(andwhere # ��� 4 � is definedasthe probability that � 4 is
the mostreliableexpert), # �"f(
@� g � canthenbe estimated
as:

# �"f(
�� g � � ?;4�5 � # ��f/
 � �
4 � g �

� ?;4�5 � # ��f/
�� �
4 � g � # �	� 4 � g �

� ?;4�5 � # ��f
4
 � g 4 � # �	� 4 � g � (7)

whereg
4

representstherespectiveinputsof expert/function� 4 given g at its input12, f
4
 the model for the speech

unit f 
 usedto processg
4
, and # �	� 4 � g � the (relative)

reliability of expert � 4 given the whole input.13 The ap-
11As discussedlater, the initial multi-channelapproach(Section5.1)

wasnotusingstrictly exhaustive expertssincethey did notcover all possi-
ble channelcombinations.Thefull combinationapproach,asdiscussedin
Section5.3,will actuallyuseall possiblecombinations.

12In the caseof multi-channelinputs, ��� will typically bea subsetof� (containingthefeaturesrelative to � � ).13Since,asillustratedin Figure4, eachsequence� � will beprocessed
with adifferent/specificHMM.



proximationsin (7) resultfrom theassumptionsthat (i) the
probability of a model f(
 given a particularexpert � 4 is
only estimatedfrom thesub-modelf

4
 associatedwith the
expert, and (ii) that expert-specificmodel is only looking
at its specificinput features.Thesegment-basedposteriors
in (7) canbecomputedasbriefly recalledin Section3.

Mj
k

1
jM

Mj
K

Mj+1
1

Mj+1
k

Mj+1
K

= Recombination at the sub-unit level

Figure4: General form of a = -streamsrecognizerwith an-
chor points betweenspeech units (to force synchrony be-
tweenthe differentstreams).Notethat themodeltopology
is not necessarilythesamefor thedifferentsub-systems.

Ideally, asdiscussedin [5, 13, 27] andillustratedin Fig-
ure 4, the expert combinationpresentedabove shouldtake
placeat the level of f 
 , i.e., at the level of the particular
(non-emitting)statesdenoted“ � ”. However, this is not
trivial andwill often requirea significantadaptationof the
recognizer. It is only in the caseof segment likelihoods
combination(by products)thatonecandevelopa tractable
solutionto this optimizationproblem. Indeed,in this par-
ticular case,it is easyto show that theproductof segment-
based,expert-specific,likelihoodscandedistributedthrough
local likelihoodproductsof an equivalent1storderHMM,
possiblyaftersomemodificationof thetransitionprobabil-
ities [29]. This algorithm,referredto as“HMM combina-
tion”, is an adaptationof the HMM decompositionalgo-
rithm presentedin [28].

In the caseof morecomplex (non linear) combination
criteria, like in the caseof mixture of expertsor the ap-
proachdiscussedbelow (relatedto the mixture of experts
modelandthe psycho-acousticevidencediscussedin Sec-
tion 2), HMM combination/decompositionis no longer a
tractablesolution. Other approachesbasedon the 2-level
dynamicprogrammingalgorithmor using(7) to rescorean
N-bestlist of hypotheses(providinguswith asetof possible
segmentation/anchorpoints)havethento beused.

Althoughit is clearthat:

1. Theempiricalresultsdiscussedin Section2 wereob-
tainedonthebasisof segments(non-sensesyllables),

2. only thesegmentlevelcombinationcanallow for asyn-
chrony betweenthestreams14,

14Although not using the nonlinear(optimal?) combinationfunctions
discussedin this paper, preliminaryresultspresentedin [5, 13] suggested
that asynchrony wasnot a major factor— see,though,[19] and[27] for
furtherdiscussionaboutthis.

we will mainly focus, in the sequelof this paper, on the
combinationat thestatelevel.

5. MULTIBAND-BASED ASR WITH LATENT
VARIABLES

5.1. GeneralFormalism

As a particularcaseof themulti-streamparadigm,we have
beeninvestigatinganASR approachbasedon independent
processingand combinationof frequency subbands.The
generalidea, as illustratedin Fig. 5, is to split the whole
frequency band(representedin termsof critical bands)into
a few subbandsonwhichdifferentrecognizersareindepen-
dently applied. The resultingprobabilitiesare then com-
binedfor recognitionlater in the processat somesegmen-
tal level. Startingfrom critical bands,acousticprocessing
is now performedindependentlyfor eachfrequency band,
yielding = inputstreams,eachbeingassociatedwith a par-
ticular frequency band.

Recombined
Result

HMM/ANN
Sub-Recognizer

HMM/ANN
Sub-Recognizer

HMM/ANN
Sub-Recognizer

Acoustic Processing

Acoustic Processing

Acoustic Processing

RecombinationAcoustic

Frequency band K

Frequency band 1

Frequency band k

Figure 5: Typical multiband-basedASRarchitecture. In
multi-bandspeech recognition, thefrequencyrange is split
into several bands,and information in the bandsis used
for phoneticprobabilityestimationbyindependentmodules.
Theseprobabilitiesare thencombinedfor recognition later
in theprocessat somesegmentallevel.

In this case,eachof the = sub-recognizer(channel)is
now usingtheinformationcontainedin aspecificfrequency
band g

4 �)��� 4� � � 4� � W�W,W � � 4� � W,W�W � �
4� � , whereeach�

4
� rep-

resentsthe acoustic(spectral)vectorat time � in the : -th
stream.In (7), # �"f

4
 � g 4 � representsthea posterioriprob-
ability of asub-unitmodel f

4
 ( : -th frequency bandmodel
for sub-unit f 
 ) andcanbeestimatedfrom localposteriors# �	�

4
-� ] � � 4� ) (e.g.estimatedat theoutputof anANN), where� 4
_� ] denotesastatef
4
 ). # �	� 4 � g � representsthe“reliabil-

ity” of expert � 4 , working on the : -th frequency band,and
canbeestimatedin differentways(e.g.,basedon SNR).

As discussedin theprevioussection,combinationat the
segmentlevel accordingto thecriteriadiscussedhereis not
easy. However, combinationat the HMM-state level, by
combininglocalposteriors# ���

4
-� ] � � 4� � canbedonein many
ways[5], including: untrainedlinearor trainedlinear(e.g.,
asa function of automaticallyestimatedlocal SNR) func-
tions, aswell as trainednonlinearfunction (e.g.,by using
a neuralnetwork). This is prettysimpleto implementand



amountsto performingastandardViterbidecodingin which
local (log) probabilitiesareobtainedfrom a linear or non-
linear combinationof the local subbandprobabilities. For
example,in theinitial subband-basedASR, localposteriors
(or scaledlikelihoods)# �	� 
 � � � � wereestimatedaccording
to:

# �	��
�� � � � � ?;4�5 �[�
4 # ����
�� �

4
� � ` 4 � (8)

where,in our case,each # �	��
�� �
4
� � ` 4 � is computedwith a

band-specificANN of parameters̀
4

andwith �
4
� (possibly

with temporalcontext) at its input. The weightingfactors
canbeassigneda uniform distribution (alreadyperforming
verywell [5]) or beproportionalto theestimatedSNR.Over
thelastfew years,severalresultswerereportedshowing that
sucha simple approachwas usually more robust to band
limited noise.

In Section5.3 below, we discussa new approachthat
wasrecentlydevelopedat IDIAP, andpresentedin [2, 10,
21], andshow (i) how it significantlyenhancesthebaseline
multi-bandapproach,and (ii) how it relatesto the above
discussions(andpsycho-acousticevidence).

5.2. Moti vationsand Drawbacks

The multi-bandapproachhasseveral potentialadvantages,
which arebriefly discussedhere.

Better robustnessto band-limited noise— Thesignalmay
be impaired(e.g.,by noise,channelcharacteristics,rever-
beration,...)only in somespecificfrequency bands.When
recognitionis basedon several independentdecisionsfrom
different frequency subbands,the decodingof a linguistic
messageneednot be severely impaired,as long asthe re-
maining cleansubbandssupply sufficiently reliable infor-
mation. This wasconfirmedby several experiments(see,
e.g.,[5]). Surprisingly, evenwhenthecombinationis sim-
ply performedat the HMM statelevel, it is observed that
themulti-bandapproachis yieldingbetterperformanceand
noiserobustnessthana regularfull-bandsystem.15

Similar conclusionswere also observed in the frame-
work of themissingfeaturetheory[17, 20]. In this case,it
wasshown that, if oneknowsthepositionof thenoisyfea-
tures, significantlybetterclassificationperformancecould
beachievedby disregardingthenoisydata(usingmarginal

15It couldhowever bearguedthat,in this case,themulti-bandapproach
boils down to a regular full-band recognizerin which several likelihoods
of (assumed)independentfeaturesareestimatedandmultipliedtogetherto
yield local likelihoods(since,in likelihood basedsystems,expectedval-
uesfor thefull-bandis thesamethantheconcatenatedexpectedvaluesof
subbands).This is however not true whenusingposteriorbasedsystems
(suchashybridHMM/ANN systems)wherethesubbandsarepresentedto
differentnetsthatareindependentlytrainedin a discriminantwayon each
individual subband. Finally, as discussedin this paper, we also believe
thatthecombinationcriterionshouldbedifferentthana simpleproductof
(scaled)likelihoodsor posteriors.

distributions) or by integratingover all possiblevaluesof
themissingdataconditionallyon thecleanfeatures— See
Section5.3 for further discussionaboutthis. In the multi-
bandapproach,wedonot try to explicitly identify thenoisy
band(andto disregardit). Instead,we processall thesub-
bandsindependently(to avoid “spreading”thenoiseacross
all componentsof thefeaturevectoror in thelocalprobabil-
ity estimate)andrecombinethemaccordingto a particular
weightingschemethatshouldde-emphasize(or cancelout)
thenoisybands.

Better modeling — As for a regular full-band system,it
wasshown in [5] that all-pole modelingwassignificantly
improving the performanceof multi-bandsystems.How-
ever, asanadditionaladvantageof thesubbandapproach,it
canbeshown or arguedthat:

1. This all-pole modelingmay be more robust if per-
formedonseveralsubbands,i.e.,in lowerdimensional
spaces,thanon thefull-bandsignal[25].16

2. Sincethedimensionof each(subband)featurespace
is smaller, it is easierto estimatereliablestatistics(re-
sultingin a morerobustparametrization).

Channelasynchrony — Transitionsbetweenmorestation-
arysegmentsof speechdonotnecessarilyoccurat thesame
timeacrossthedifferentfrequency bands[19], whichmakes
thepiecewisestationaryassumptionmorefragile. Thesub-
bandapproachmayhave the potentialof relaxingthe syn-
chrony constraintinherentin currentHMM systems.

Channel specific processingand modeling — Different
recognitionstrategiesmight ultimatelybeappliedin differ-
ent subbands.For example,differenttime/frequency reso-
lution tradeoffs could be chosen(e.g., time resolutionand
width of analysiswindow dependingon thefrequency sub-
band).Finally, somesubbandsmaybeinherentlybetterfor
certainclassesof speechsoundsthanothers.

Major objectionsand drawbacks — Therearea few, re-
lated,drawbacksto this multi-bandapproach[19]:

1. Oneof thecommonobjectionsto this separatemod-
eling of eachfrequency bandhasbeenthat impor-
tant information in the form of correlationbetween
bandsmay be lost. Although this may be true, sev-
eralstudies[19], aswell asthegoodrecognitionrates
achieved on small frequency bands[9, 14], tend to
show that most of the phoneticinformation is con-
tainedin eachfrequency band(possiblyprovidedthat
we haveenoughtemporalinformation)17.

16Which couldalsoprovide thepreviousfootnotewith anadditionalar-
gument!

17And, indeed, the discussionin Section 2, as well as many other
psycho-acousticexperiments,seemto suggestthathumanhearingcanac-
tually extracta lot of phonetic/syllabicinformationfrom bandlimited sig-
nals.



2. Todefineandindependentlyprocessfrequency bands,
it is obviously necessaryto start from spectralcoef-
ficients(critical bands),which, however, arenot or-
thogonalanddo not permitcompetitive performance
for cleanspeech. In standardASR systems,these
coefficient aretypically orthogonalizedusinga DCT
(cepstral)transformation.Even in the caseof ANN
probabilityestimation(whereANN issupposedto ex-
tractandmodelthecorrelationacrosscoefficients),it
hasbeenobserved that orthogonalizationof the fea-
turesstill helpeda bit. However, in the caseof nar-
rowbandadditive noise,we obviously want to sub-
tractasmuchaspossibleof thenoisebeforetheDCT
transformto avoid spreadingthe noiseacrossall the
featurecomponents. For subbandASR systems,a
partialbut effective,solutionto this problemconsists
in performinganindependentDCT in eachsubband[5,
24].

Alternative solutionsto this problem have recently
beenproposedin which it is attemptedto decorre-
late as much as possiblethe filter-bank energies—
see,e.g.,[16, 6, 23]. This is usuallyobtainedby per-
forming somekind of temporalfiltering (and, con-
sequently, spreadingthepossiblenoiseover time in-
steadof over frequency).

3. As opposedto the empirical evidencediscussedin
Section2 the initial subband-basedASR systemdid
not make useof all possiblesubbandcombinations.
Thiswill befixedby themethodpresentednext.

5.3. Full Combination Subband ASR

Following theabovedevelopmentsanddiscussions,it seems
reasonableto assumethat a subbandASR systemshould
simultaneouslydeal with all the � � >�? possiblesub-
band combinations� ] (with � � % � W�W,W � � , and also in-
cluding the emptyset18) resultingfrom an initial setof =
frequency (critical) bands�

4
. However, while it is pretty

easyto quickly estimateany subbandlikelihoodor marginal
distributionwhenworkingwith Gaussianor multi-Gaussian
densities[17], thisisharder(lesstractable)whenusingANN
to estimateposteriorprobabilities. In this latter case,in-
deed,it would benecessaryto train (andrun,duringrecog-
nition) >�? neuralnetworks,whichwouldbecomeveryquickly
intractable.

In thefollowing,webriefly presentthesolutionrecently
proposedin [10, 21], anddiscussits relationshipswith the
themesdevelopedin thecurrentpaper.

18Which would correspondto thecasewhereall thebandsareunreali-
able.In thiscase,thebestposteriorestimateis theprior probability A'BD �!,I ,
andoneof the � termsin the following equationswill containonly this
prior information.

Ideally, we would thus like to computethe posterior
probabilitiesfor eachof the � � >�? possiblecombina-
tions � ]� (includingall possiblesinglebands,pairsof bands,
triples,etc)of the = subbands�

4
� . Indeed,sincewe do not

know a priori wherethe noiseis located,we shouldinte-
grateover all possiblepositions19. Using the formalismof
mixtureof experts,we canthuswrite:

# �	��
�� � � � ` � � �;] 5 � # ����

� � ] � � � � ` �

� �;] 5 � # ��� 
 � �
]� � ` ] � # ��� ] � � � � (9)

where
`

representsthe whole parameterspace,while
` ]

denotesthe setof (ANN) parametersusedto computethe
subbandposteriors.Of course,implementing(9) requires
the trainingof � neuralnetworks to estimateall theposte-
riors # ����
�� � ]� � ` ] � that have to be combinedaccordingto
a weightedsum,with eachweightrepresentingtherelative
reliability of a specificsetof subbands.In the caseof sta-
tionary interference,this reliability could be estimatedon
the basisof the average(local) SNR in the consideredset.
Alternatively, they couldalsobeestimatedastheprobability
that the local SNR is above a certainthreshold,andwhere
the thresholdhasbeenestimatedto guaranteea prescribed
recognitionrate(e.g.,lying above a certainequalrecogni-
tion ratecurvein Figure1) [2].

Typically, training of the � neuralnetswould be done
onceand for all on cleandata,and the recognizerwould
then be adaptedon line simply by adjustingthe weights# �	� ] � � � � (still representinga limited setof � parameters)
to increasethe global posteriors.This adaptationcouldbe
performedby onlineestimationof theSNRor by anonline
versionof the EM (deleted-interpolation)algorithm. Al-
thoughthis approachis not really tractable,it hasthe ad-
vantageof avoiding the independenceassumptionbetween
the subbandsof a sameset,aswell asallowing any DCT
transformationof the combinationbeforefurther process-
ing. Consequently, this combination,referredto as Full
Combination, was actually implemented[9] for the case
of four frequency subbands(eachcontainingseveral criti-
calbands),thusrequiringthetrainingof 16neuralnets,and
usedasan“optimal” referencepoint.

An interestingapproximationto this “optimal” solution
thoughconsistsin simplyusingtheusual= neuralnetsthat
areavailable,andto approximateall theothersubbandcom-
binationprobabilitiesdirectly from these. In otherwords,
re-introducingtheindependenceassumption20 betweensub-

19This amountsat assumingthat the positionof the noiseor, in other
words, the position of the reliable frequency bands,is a hidden(latent)
variableonwhichwewill integrateto maximizetheposteriorprobabilities
(in thespirit of theEM algorithm).

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



bands,subbandcombinationposteriorswould beestimated
as[9, 10]:

# ����
�� � ]� � ` ] � � # ����
 ��<4��@��� # �	� 
 � �
4
� � ` 4 �# �	� 
 � (10)

Experimentalresultsobtainedfrom this Full Combina-
tionapproachin differentnoisyconditionsarereportedin [9,
10], where the performanceof this above approximation
wasalsocomparedto the“optimal” estimators(9). Interest-
ingly, it wasshown that this independenceassumptiondid
not hurt us muchandthat the resultingrecognitionperfor-
mance21 wassimilar to theperformanceobtainedby train-
ing andrecombiningall possible� nets(andsignificantly
betterthanthe original subbandapproach).In both cases,
therecognitionrateandtherobustnessto noiseweregreatly
improved comparedto the initial subbandapproach.This
further confirms that we do not seemto lose “critically”
importantinformationwhenneglectingthe correlationbe-
tweenbands.

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

# �	��
�� � � � ` � ���;] 5 � #
�	� ] � � � �� ] <40�@� � # �	��
�� �

4
� � ` 4 � (11)

with
� ] � #�� � �_  �1¡ �	� 
 � , and � ] beingthe numberof sub-

bandsin � ] . In [9], it is shown thatthisnormalizationfactor
is importantto achieve goodperformance.This Full Com-
binationrulethustakesexactlythesameform thantheprod-
uctof errorsrule [suchas(4) or (5)], apartfrom thefactthat
the weightingfactorsaredifferent. In (11), the weigthing
factorscanbe interpretedas(scaled)probabilitiesestimat-
ing therelative reliability of eachcombination,while in the
productof errorsrule thesearesimply equalto

6 % or &F% .
Anotherdifferenceis thattheproductof errorsrule involves>�?¢&£% termswhile theFull Combinationrule involves >�?
terms,oneof themrepresentingthecontributionof theprior
probability.

In the future,we intendto investigatethis analogyfur-
ther. Wealsointendto usetheweightingfactorsto automat-
ically adapta multi-bandsystemtrainedon cleanspeechto
noisy conditions. Typically, this will be doneby an (on-
line) EM algorithmoptimizingtheproductof errorsrule or
maximizingtheglobalposteriorprobability.

(conditional)independenceassumption.
21Obtainedon the Numbers’95database,containingtelephone-based

speaker independentfree format numbers,on which NOISEX noisewas
added.

6. CONCLUSIONS

In this paper, we have discussedtherationalebehindmulti-
bandASR, its commonassumptions,potentialadvantages,
and its links with somewell known psycho-acousticevi-
dence.

From all this discussion,andthe convergenceof inde-
pendentexperiments,we can draw the following prelimi-
naryconclusions:

1. Multi-band ASR doesnot seemto be inherentlyin-
ferior to a full-bandapproach,althoughsomecorre-
lation information is lost due to the division of the
frequency spaceinto subbands.22 Furthermore,it is
not cleareitherthathumanhearingis usingthis kind
of correlationinformation.

2. Whentraining subbandsystems,we shouldnot aim
at maximizingthe classificationperformancefor ev-
ery subband.Whenusingtheright combinationrule,
it shouldbebetterto increasethenumberof subbands
while makingsurethat at any time at leastonesub-
bandwill beguessingtheright answer.23

3. Doing this, we shouldalso look at the potentialfor
improvementin subbandmodelingwhencombining
longertime-scaleinformationstreams(tradingfrequ-
ency informationfor temporalinformation).

4. Thereis an interestingrelationshipbetweenthe full
combinationsubbandapproachandtheproductof er-
rors merging rule derived from psycho-acousticevi-
dence,andthisneedsto beinvestigatedfurther.

5. This full combinationapproachhasthe potentialof
providing us with new adaptationschemesin which
only thecombinationweightsareautomaticallyadapted
(e.g.,accordingto anonlineEM algorithm).

Finally, it is clear that several key problemsremainto be
addressed,including:

1. Needfor improvedexpertweighting

2. Needfor methodswhich arerobust to noisebut still
performwell for cleanspeech.

22Probablybecausethe advantagesof subbandbasedASR can out-
weighttheslightproblemdueto independentprocessingof subbands.

23This conclusionis very similar to what is proved mathematically
in [3], p. 369,para.1 (alsop. 424).
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