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Abstract

This paperdescribestheJacobianapproachto simulta-
neouslyadaptingacousticmodelsto unknown noise,chan-
nelandvocaltractlengthfromasupervisedadaptationdata.
As hasbeenboth theoreticallyandexperimentallyshown,
Jacobianadaptationis one of most efficient methodsfor
modeladaptationif thetargetconditionis closeto theinitial
condition. It utilizes thelinearrelationshipin theneighbor
of the initial condition which in turn can be usedin de-
compositionof multiple factors. The analyticrelationship
betweennoise,channel,vocaltractlengthandtheobserved
cepstrumis linearizedusing the Jacobianmatrices. Least
squaresfit givesthe estimatesof noise,channelandvocal
tract stretchparameters.Experimentalevaluationgave a
significantimprovementto therecognitionaccuracy.

1 Introduction

Jacobianapproach[4,5] (first conceived in 1992, experi-
mentally evaluatedin 1995,andpresentedin Japanesein
1996)is amethodof adaptinginitial acousticmodelsunder
an initial condition, � , to a target condition, � , assuming
that thedifferencebetweenthe two conditionsis relatively
small. This framework is motivatedby speakeradaptation
from theinitial speaker, � (or speaker-independent),to the
targetspeaker, � . Basedon this idea,we introducedanap-
proachthatusesaJacobianmatrix. Beingastraightforward
linearcomputation,Jacobianadaptationis computationally
very efficient andis oneof mostsuitablesolutionsin prac-
tical applicationsof speechrecognitionwhereenvironmen-
tal conditionsvary from time to time (e.g.,mobile appli-
cations)or with eachusage(e.g., telephoneapplications)
andcauseacousticmodelmismatchresultingin a serious
degradationof performance. Retrainingacousticmodels
usingthe actualnoiseenvironmentis not feasiblein most
casesin termsof training dataamountandcomputational
timeconstraint.Composingmathematicallyanoisyspeech
modelfrom acousticmodelsof cleanspeechandnoisesuch
asParallelModel Composition(PMC)[1] andNoise-Voice
Composition(NOVO)[2] is often computationallytoo ex-
pensive to follow in real-timetheinstantaneouschangesin
noisespectrumandlevel.

In recentfurther researchresultsusingJacobianadap-
tationsuchasinitial modelselection[6] andtransformation
of Jacobianmatrices[7,8], thisapproachhasbeenmadenot
only morecomputationallyefficientbut alsomoreeffective
in its performanceto a givennoisycondition.

DifferentialapproachincludingJacobianadaptationhas
a high potentialin modeladaptation.It canbe appliedto
any factorswhoserelationshipto thefeaturevectorsis ana-
lytically known. If theinitial andtargetconditionsareclose
enoughfor goodlinearapproximation,this approachis ap-
plicable to an arbitrary function, not being limited within
a specificfunction suchas in the VectorTaylor Series[3]
which is relatedto Jacobianadaptationin a sensethatfirst-
orderapproximationof Taylor seriesis Jacobian.The Ja-
cobianapproachopensup a new non-parametricanalytic
paradigmof acousticmodeladaptationotherthanexisting
probabilistic(e.g.,Bayesianapproaches)or parametricap-
proaches(e.g.,MLLR). In addition,by introducingany para-
metric model,Jacobianapproachturnsto be a parametric
adaptationmethod.

In this paper, we discussan extensionof the Jacobian
approachto simultaneousadaptationto unknown noiseand
channel,andalsoto adaptationto vocal tractlength.

If thereis a smallchangein linearchannelcharacteris-
tics, this approachis alsoeasilyapplicable.Givena small
changeincludedin theadaptationproblem,it is alsosolved
in thesameway asin thenoisecase.It is furtherextended
to adaptationto vocal tractlengthchangessincethereis an
analyticrelationshipbetweenvocaltract lengthstretchand
theresultedspectrum.

It is oftenthecasethatchannelandnoisechangesimul-
taneouslyandcannot beobservedseparately. Thisarouses
a joint estimationproblemof channelandnoise.This may
be solvedwith a computationallyexpensive iterative algo-
rithm. If, however, thechangesof channelandnoisechar-
acteristicsbetweentheinitial andtargetconditionsaresmall,
Jacobianapproachcanmaketheproblemlinearsothatsim-
ple leastsquaresfit givesa computationallyefficient algo-
rithm.

In this paper, we extendthe formulationto includethe
channelproblem. We alsodiscussthe future directionsof
this approach.

2 Jacobian Adaptation to Noise and
Channel

2.1 Formulating Jacobian Adaptation

If a vector variable, 	�
 , is an analytic function of other
variables,	����	� and 	� , namely,

	�
�������	����	����	����� (1)
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Figure1: Themodelof speech,noiseandchannel.
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regardlessof themeaningof variables	����	� and	&� . We

call
" �" 	&� �

" �" 	� and
" �" 	'� Jacobianmatriceswhose �)(��+*,�

componentis the derivative of the ( th componentof � in

respectto the * th componentof 	 , i.e.,
".-0/
"2143 .

Theabove mathematicalrelationshipholdsif 5 -dimen-
sional vectors 6 , 7 , 8 , and 9 representscleanspeech
spectrum,additive noisespectrum,multiplicative channel
characteristics(transferfunction in the power spectraldo-
main),andtheresultedcompositespeechspectrum,respec-
tively, and 	 � ��	 � ��	 � and 	 
 representtheircorrespond-
ing cepstrumvectors.

Whennoiseandchannelconditionsrepresentedby 	�
and	&� (“Condition � ”) changeinto 	�:$  	#� and	&��$ 	 � (“Condition � ”) with thespeechspectrumfixed, the
compositecepstrumalsochangesinto:

	�
&$  	�
��;����	&���&	�0$  	'���&	�0$  	'��� (3)

where
 	#� is given by Eq.(2)and

 	<�=�?> . This is the
basicideaof Jacobianadaptationto a new condition.

2.2 Jacobian for Noise and Channel

Therelationshipamong5 -dimensionalvectors, 6 , 7 , 8 ,
and 9 shown in Fig. 1 is givenby

9@�A8B��6A$C7B� (4)

in thelinearspectraldomain.Theserelationsalsohold in a
particularcasewhere	 � , 	 � , 	 � and	 
 representcepstra
of speech,noise,channelandresultedcompositesignal,re-
spectively, asshown in In thelinearspectraldomain,holds
Equivalently, in thecepstraldomain,we have1

	!
��EDGF HJILK MONQP&�RD%	�&�S$�MTNUP#��D%	�V� $C	&� (5)

where D is the Fourier transformmatrix2 and D F is the
transposedcomplex conjugateof D that DGF�DW��X .

The signal-to-noiseratio is not treatedseparately;the
noisepower is includedin 7 . Sincethesecepstraarere-
latedto therespective spectraby

HYILKZ9[�&D\	 
 �]HJILK!6^�&D_	 � �
HJILKZ7`�&D\	 � �_HYILKZ8a�&D_	 � (6)

1For vectorsb and c , we define bdcfehgjilknmOk�o�pqp+p�oRisrOmtrUu�v , bxwyc]egji,k�wxmzk�oqp+pqp�oYiLrzw�m�rQunv , {q|O}'b\e~g�{q|O}�i�k�o�p+p�p�oR{�|O}SisrQunv , and � ���#b\eg�������ilk�o�p�p+p�o)������i r u v . Onecanregardvectorsasdiagonalmatricesfor
consistencywith matrixarithmetic.

2Fourier transformmatrix, � , is not necessarilya squarematrix. It
dependson theresolutionof frequencyandthenumberof cepstralpoints
(quefrencies).

It shouldbe notedthat the Fourier transformis essentially
thecosinetransformin realsymmetricspectrumcases,namely,� / 3 �A�TIL� �

/ 3q�
� andthecomputationamountcanbereduced

to onequarterby handlingthepositive frequency only. One
implementationis

� /Y� �A�TIL� (T����$G>,� ���Y�� (7)

where
�

standsfor thenumberof frequency points. Cep-
strumcanbe simply replacedby MFCC in the above for-
mulationwherethecorrespondingspectrumis replacedby
mel-frequency warpedspectrum.

If thesechangesaresmall, the resultedchange,
 	�
 ,

is  	 
 �
" 	 
" 	^�

 	 � $  	 � (8)

accordingto Eq. (2).
The Jacobianmatrix is easily calculatedat the initial

conditionA:

����� " 	 
" 	^� �
" 	 
" HYILKZ9

" HJILK^9" 9
" 9" 7

" 7" HJILKZ7
" HYILKZ7" 	'�

� DGF X
8���6:$�7�� 8�7aDW�ADGF 7

6h$�7 D (9)

Thus,if differencesbetweentheinitial andobservedcondi-
tions,A andB, is foundin thecepstrumdomain,i.e.,

 	#�
and

 	#� , thecompositecepstrum,	�
V$  	�
 , is approx-
imatelycomputedby Eq. (8).

Eq.(9)implies thatany analyticrelationshipcanbede-
composedintoaproductand/orsumof simpleJacobianma-
trices.Justlike Bayesiannetworks,wecanconsider“Jaco-
bian newtworks” which includemultiple causesandinter-
mediateresultsconnectedin a networkstructure.

2.3 Least Mean Squares Estimation

Noise and channeldifferences,however, can not be ob-
servedseparatelyin mostcasessuchasin telephonespeech
recognition.It is thereforenecessaryto simultaneouslyes-
timate the noiseandchannelspectralcharacteristicsfrom
theobservedspeechsignal.

Supposethatwe observe noisyspeechcontainingmul-
tiple phonemesthrougha channel.NotethatEq. (4) com-
monly holds at all different 6 correspondingto multiple
phonemes. If � hiddenstatesof the model are aligned
(e.g., by Viterbi algorithm) to the input speech,we have
a set of � different simultaneousrelationsderived from
Eq. (4). Assumingthat the targetconditionB is relatively
closeto the initial conditionA, we have a setof � linear
equationswith additionalerrorsderived from Eq. (8) as
follows:

 	A� ���
 � � � ����  	 � $  	 � $�� � �n� 	 � ���
 � � � ����  	#��$  	#��$�� � ���
... 	 ��� �
 � � ��� ��  	#��$  	#��$�� �j� �

(10)

Thus,if asmallamountof inputspeechwith unknownnoise
andchannelis given with its phoneticaltranscription,we
canobtainthe joint estimateof

 	#� and
 	#� by simple
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Table  1: Experimentalconditionsfor noiseandchannelsi-
multaneousadaptaion.

SpeechDB ATR SpeechDB A-set(5240words)
Speakers MAU (male),FFS(female)
Training 2650words(odd-numbered)
Testing 655words(from even-numbered)
Features 13 MFCCs+ 13

 
MFCCs

Models 3-state,4-mixture,CD phoneHMMs
NoiseA Exhibition Hall (10dBSNR)
NoiseB Crowd (0, 10,20,30 dB)
ChannelA Flat

ChannelB Simulated
(shown right)
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Figure 2: A typical example of simultaneousnoise and
channeladaptationof 10-dB SNR initial modelsto given
noiseandchannelconditions.

leastsquaresestimationminimizing the sumof squaresof
error terms, Ô � �

/ � Ô � . This procedurecanbe iteratedfor
moreaccurateViterbi alignmentusingtheadaptedmodels.

Thisprocessestimatesonly twovectors,
 	#� and

 	#� ,
andis advantageousfrom thestatisticalestimationpoint of
view. Oncethe lineardecompositioninto

 	 � and
 	 �

areestimated,Eq. (8) is appliedto all meanvectorsof the
modelfor adaptingthewholemodel.

2.4 Experimental Evaluation

For experimentalevaluationof simultaneousadaptationto
noiseandchannel,speaker-dependentisolated-wordrecog-
nition wasperformedwith artificially addedenvironmental
noiseandsimulatedchannelunderconditionsshown in Ta-
ble1. A typical resultis shown in Fig. 2. Table2 shows the
averagedresultsfrom adaptationexperimentsacrossdiffer-
entnoisesourcesandSNRsrangingfrom 0dB to 30dB.A
significanterrorreductionaround10%is observedfor only
8 wordsgiven for supervisedadaptation,while moredata
do not give more improvement. This is due to the quite
limited numberof free parametersto estimatein the least
squaresfit in thelineardecompositionof mixedfactors.

Table 2: Simple averagerecognitionand error reduction
ratesin simultaneousadaptationacrossmismatchednoise
conditions.

Adapt.DataSize(wds) 0 8 16 32 64

Ave. Recog.Rate(%) 33.6 40.6 40.9 40.3 40.0
ErrorReduc.Rate(%) —— 10.6 10.6 10.1 9.8
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Figure 3: Resultedspectrumof the cepstral-domainfre-
quency stretchingby Jacobianapproximation

3 Jacobian Adaptation to Vocal Tract
Length

3.1 Vocal Tract ü -stretched Cepstrum

The Jacobianapproachcan be extendedto include some
aspectsof speakerdifferences.If thevocal tract lengthbe-
comesý -timeslonger, thecorrespondingspeechspectrum
changesfrom þ �)ÿ�� into þ � ý ÿ�� . Wecanagaincalculatethe
Jacobianmatrix

���
of resultedcepstrumin respectto ý .

(This matrix hasonly onecolumnandappearslike a vec-
tor.)

Combiningnoise,channel,andvocal tract length fac-
tors, we can expressthe small changesin the composite
cepstrumasfollowsusingsmallchangesin noisecepstrum,
channelcepstrum,andthevocal lengthstretchcoefficient: 	 
�� � �  	#��$  	#��$ � �  ý (11)

In Eqs.(6),if we replacetheFourierTransformD with
a ý -stretchedFouriertransformD

�
, or, if we use

� �/Y� �A�TIL� ý (T���!$�>,� �2�)�� (12)

insteadof Eq.(7),the ý -stretchedspeechspectrum
�6 is given

by
HYIÇK �6;�AD

�
	 � � (13)

The ý -stretchedcepstrum
�	C� is thusexpressedas�	C���ED � � D

�
	&� (14)

whose( -th componentis givenby

�1 � / �
�
3�� �

� � �/ 3 �
� � �

� �3 � 1 � � (15)

from which the ( -th componentof its Jacobianin respectto
ý is derivedby differentiatingit by ý as

� � / �
�
3�� �

� � �/ 3 �
� � �

� *l����$�>,� ���Y�� 	 3 � 1 � � (16)
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wherematrix 	 representsthesinetransform.
Fig. 3 shows the spectraldomaindisplay of cepstral-

domainfrequency stretchingwith Jacobianlinearapproxi-
mationby

� �  ý . Fromthisfigure,we canunderstandthat
theapproximationworksonly near ý ��
d� > but hasa limi-
tationas ý leaves 
d� > .
3.2 Joint Adaptation to Three Factors

As preliminaryevaluationof frequency stretching,we cal-
culatedappropriate��������� valuesby comparingspectral
peak frequenciesof initial model (condition � ) and tar-
get (condition � ) spectraderived from observed cepstra.
Amongseveralwaysof findingandapplying ý valuesto the
adaptationprocedurein a speakeradaptationexperiments
across4 speakers,averagedý valuesextractedfrom vowels
andappliedto all phonemesyielded4% recognitionerror
reductionwith 2 training wordsand5% with 4, 8, and16
words.

In joint adaptationto noise,channeland speaker, the
following procedurewastaken:

� Preparation(beforeadaptation):

1. Train theinitial noisemodel(	 �� )
2. Train thenoisyspeechmodel(	 �
 )
3. CalculateJacobianmatrices(

� � � ��� )
� Adaptation(supervised):

4. Train the target noisy speechmodel (	 �
 ) us-
ing a small amountof supervisedtrainingdata
throughViterbi time alignment.

5. Observe thedifference(
 ��	 �
 ) betweencondi-

tions � and � .
6. LMS-estimatethedifferencesof noiseandchan-

nel (
 	 � ,

 	 � ) between� and � .
7. Find

 ý by comparing	 �
 and	 �
 .

8. Calculate
 �	 


�
using

 ý and
���

.
9. Obtaintheadaptedmodel(

�	!
 � ) combiningthe
changes

 	 � �  	 � and
 	 � .

� Recognition:

10. Recognizethespeechdatain condition � using
theadaptedmodel.

A typical resultsof applyingthis joint adaptationtech-
nique to differentnoise,channelandspeakeris shown in
Fig. 4 where16 LPC cepstrumcoefficientsandtheir time
derivatives were usedas features. It was experimentally
foundthatjoint adaptationgivesmoreeffective resultsthan
thesumof separateadaptationto separatefactors.A possi-
ble explanationis thatspeakerdifferencesincludenot only
vocal tractlengthstretchbut alsomultiplicative (andpossi-
bly additive)spectrumdifferences,andthatthemixedprob-
lemof noise,channelandspeakeradaptationis bettersolved
by joint adaptationin respectto all of threefactors.

4 Conclusion

This paperintroducedlinear decompositionof noiseand
channeldifferencesin mismatchedcondisionsusinga Ja-
cobianformulation. Jointadaptationto noise,channeland

55

60

65

70

0 2 4 8 16 2 4 8 16

Size of Adaptation Data [words]

W
or

d 
R

ec
og

ni
tio

n 
R

at
e[

%
]

Figure4: A typicalresultsof wordspeechrecognitionof no
adaptation(left), joint adaptationto additive (noise),mul-
tiplicative (channel)factors(center)andadaptationto ad-
ditive, multiplicative andfrequency stretching(vocal tract
length)factors. Initial condition(A): modelsweretrained
with 3 speakers(mht,mms,mmy),flat channel,30dBSNR
noise“in factory”; Testingcondition (B): speaker“mau”,
low-passchannel,10dBSNRnoise“crossroads”.

vocal tract length (frequency stretching)mismatchesand
demonstratedwith experimentalresultswasalsodiscussed.
Futureworks includeoverall leastmeansquaresjoint esti-
mationof noise,channel,andvocal tractlengthformulated
in asimilarwayasdescribedfor thenoiseandchannelcase.
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