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ABSTRACT

When there is a mismatch between training and testing conditions,
statistical speech recognition algorithms suffer from severe degra-
dation in recognition accuracy. The mismatch could be dueto the
interference from acoustical environmentswhere systemsare actu-
ally used or from speakersthemselves. In this paper, aneural net-
work based transformation approach is studied to handle the data
distribution mismatches between training and testing conditions.
Theconditional probability that comesfrom hidden Markov model
(HMM) based recognizersis used for the objective function of a
neura network. It maximizesthelikelihood of the datafrom atest-
ing environment, and alows global optimization of the network
when used with HM M -based recognizers. Thenew objectivefunc-
tion can be used to transform speech feature vectors, or the mean
vectors and covariance matrices of arecognizer. The proposed al-
gorithm is evaluated on a noisy distant-talking version of the Re-
source Management database.

1. INTRODUCTION

When there is convolutional and additive noisein atesting envi-
ronment, the observed featurevalue, z ), in alinear frequency do-
mainis

2 = GO zW —l—b(f) , 1)
wheree) andb') are someconstants, and z' isthe correspond-
ing clean speech feature value, and f represents a frequency bin.
This relation becomes non-linear in logarithm domain (e.g., cep-
strum domain) as follow;
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The additive term inside the logarithm, 547/, is not equiva-
lent to some multiplicative term, log ¢!, outside the logarithm.
Since a neural network, especially multi-layer perceptron (MLP),
is known to be able to approximate any function [4][5], it can be
used to establish the non-linear relation between clean speech and
degraded speech in cepstrum domain [11]. In this paper, a neu-
ral network is applied to the parameter adaptation of HMM-based
recognizers. The conditional probability of adaptation data for a
given recognizer is used for an objective function of a neural net-
work [10][13]. Since the likelihood of the data is maximized by
the neural network, it iscalled maximum/likelihood neural network
(MLNN). The advantagesof neural network based transformation
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methods are as follows. It avoids retraining of a speech recog-
nizer, whichisan expensivetask interms of training datacollection
and computation time. By using a neural network, the adaptation
process requires a small amount of adaptation data. Without any
knowledgeabout the distortion in an environment, it automatically
learns the mapping function between training and testing environ-
ments from examples. It can handle ambient noise, reverberation,
channel mismatches, and their combinations[9].

Neural networks have been used in conjunction with speech
recognizersin variouswaysfor robust speech recognition. Tamura
and Waibel [8] are one of the first to use neural networks to re-
duce noise in noisy speech signals. Bengio et al. [1], Biem et
al. [2], and Rahim et al. [6] used neural networks as front-end for
HM M -based speech recognizersfor feature transformation. Previ-
ously [10][13], the MLNN isused for mean vector transformation.
Inthispaper, it isextendedto variancetransformation and unsuper-
vised speaker adaptation. In Section 2, the motivation behind the
MLNN isdescribed. In Section 3 and 4, it is applied to the trans-
formation of mean vectors and covariance matrices to best match
the testing environment. The experimental results are analyzedin
Section 6.

2. MAXIMUM LIKELIHOOD NEURAL NETWORK

The error criterion of neural networksiis traditionally represented
by a mean squared error (MSE) [7]. The feature transformation
neural network [11], which transforms distorted feature vectors to
the corresponding clean speech vectors, istrained to minimize the
mean squared error E,

1 _ 2
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which is the summation of the squared difference between the i-th
dimensiontarget value, z; (i.e., clean speech), and the correspond-
ing network output, z; (i.e., approximated clean speech). On the
other hand, continuousspeechrecognition isaccomplishedby find-
ing the word sequence, U, which gives the highest probability for
the given feature vector sequence X ;

U = arg érg%}(* P(U|X) (6)
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where P(X |U) isthe acoustic score of the vector sequence X for
the given word sequence U, P(U) is the score for the word se-
quence, which is usually computed independently using a stochas-
tic language model. The likelihood P(X|U) is the only term in
equation (8), which can be affected by a feature or model transfor-
mation. The acoustic score of aword sequenceis the product of



each individual word acoustic score. In continuous speech recog-
nition, the likelihood of the best word sequenceis usually approx-
imated by the likelihood of the best state sequence using a Viterbi
algorithm [12];
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where S* isall the possiblestate sequencesfor the given utterance
U, P(X, S|U) isthe acoustic score of X, coming from the state
sequence S, for the given utterance U. Equation (12) is aresult of
thefirst-order dependency of anHMM; i.e., acurrent scoredepends
ononly onepreviousstate. P(s|$) isthestatetransition probability
fromthe state § to the state s, where $ isthe predecessor of the state
s in the state sequence S. Assuming that the state transition prob-
abilities are not changing, the feature or model transformation af-
fectsonly P(z|s), whichisthelikelihood of the observation vector
z giventhe state s. P(z|s) isusually represented using amixture
of Gaussian distributions with diagonal covariances,
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wherec, , isthe p-th distribution weight, and m, , ; and v, , ; are
the ¢-th dimension mean and variance, respectively, inthep-th dis-
tribution of state s. Minimizing the mean sgquared error in equa-
tion (5) does not necessarily means maximizing the likelihood in
equation (13).

Oneway to increase the likelihood in equation (13) isto train
a feature transformation neural network to maximize the likeli-
hood [10][13]. The probability density function of equation (13)
can be directly used as an objective function of the neural net-
work. Using the modified version of the error back-propagation
(EBP) agorithm [7], the weights of the network, w, are updated
at each training iteration to increase the conditional probability of
each state;

P(z|s) =

(14)
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Thistype of network may suffer from trainability problem[9]; i.e.
it may not learn anextremely complexinversefunctionusingonly a
limited amount of training data. In thispaper, the conditional prob-
ability is used to transform the parameters of a speech recognizer
instead of speech feature vectors. The HMM-base speech recog-
nizers that use mixture Gaussian distributions have three types of
parameters; state transition probabilities (including weights of the
PDF sin amixture distribution), mean vectors, and covariancema-
trices. In the next sections, the MLNN is applied to mean and vari-
ance transformations.

3. MEAN TRANSFORMATION MLNN

A model transformation may be an easier function than a feature
transformation becauseit doesnot invert distorted speech back to

clean speech. Instead, it transforms clean speech mean vectors to
the corresponding distorted speech mean vectors to approximate
matched training and testing conditions. The conditional probabil-
ity, P(«|s), can be used for the mean transformation aswell asthe
feature transformation. For mean transformation, the observation
z; isfixed, andthemeanm , , ; becomesavariable (i.e., input and
output of the neural network). For an output layer’s weight update
rule, thelogarithm of equation (13) isdifferentiated with respect to
the output neuron’ sweight w; ;;
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wheres, ; isaninput to the sigmoid function of the ¢-th neuronfor
thep-th PDF. Notethat o isdependent on p becauseeach meanvec-
tor of the state s is provided to the network sequentially, producing
adifferent o valuefor each PDF. The weight updaterule for a hid-
den layer can be derived by first expressing the likelihood P(z|s)
interms of hidden layer’'s weight, w; x, then differentiating it with
respect to the weight;
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where h,; ; is the output of j-th hidden node for the p-th PDF.
Note that &, ; is a function of hidden layer’s weights. Equa-
tion (18) and (20) are plugged into equation (17) to complete the
weight update rule for mean transformation MLNN. Thefirst term
of equation (18) and (20) can berewritten asfollowsfor adiagonal
covariance matrix case;
dln P(z|s) _ P(z|s,p) mspi— zi ‘ 1)
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The amount of the weight change is then proportional to how
important the PDF is, i.e., P(z|s,p)/P(z|s), a current itera-
tion, and how far the current mean is from the observation, i.e.,

(ms,p,i — ©i)/vs p,i, in Mahalanobis distance space.

It can be considered that there is a separate network for each
PDF, andtheir weights are shared among them. Thisis mathemat-
ically equivalent to feeding the mean vector of each PDF sequen-
tially and update the weight according to the accumulated weight
change. The mean transformation MLNN can be used where the
inverse function may not be physically realizable or wherethe net-
work can not be well-trained with alimited amount of data.

; (20)

4. VARIANCE TRANSFORMATION MLNN

The conditional probability, P(z|s), canalso be applied to avari-
ancetransformation. Following the same procedureasin the mean
transformation case, the weight update rule can be derived for the
output layer’s Wei ghts asfollows;
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and for the hidden layer’sweights;
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where the first term of equation (22) and (24) becomes as follows
for the diagonal covariance case;
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Note that the variable is now v, , ;. Equation (22) and (24) are
substituted into equation (17) for the weight update rule of vari-
ance transformation MLNN. Even though one neural network can
be used to transform both mean and variance, separate neural net-
work is used for each transformation in this paper. The variance
transformation is done after mean vectors are transformed.

5. HYBRID NEURAL NETWORKS

When model parameters are adapted to match the current adverse
environment, it suffersfrom alower performanceupper boundthan
feature adaptation approaches. When only alimited amount of data
isavailable, thefeature transformation MLNN fails becauseit may
not learn complex inverse function from a small amount of exam-
ples[9]. Inorder to overcomethis difficulty aswell asthe anomaly
of mean squared error criterion described in Section 2, ahybrid ap-
proach is proposed, which is the combination of the feature trans-
formation neural network that uses stereophonically collected data
and the model transformation MLNN. Figure 1 showsthe combi-
nation of these two types of neural networks. The stereo data used
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Distorted Neural I Speech
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Figure 1: Combination of feature transformation and model transforma-
tion neural networks.

totrain the featuretransformation network can also be usedto com-
pute the Viterbi path for the model transformation MLNN.

6. EXPERIMENTAL RESULTS

The proposed a gorithms have been evaluated on a noisy distant-

talking version of Resource Management database [9]. The SNR
of thisdatabaseisabout 20dB, and the distancefrom amicrophone
and a speaker is about 5.4-5.8 meters. Figure 2 showsthe empiri-

cal and transformed distributions of asound“g”. Thedistributions
are plotted using amiddle state of atriphone model of which base
phoneis“g”. Only the first dimension of mel-frequency cepstral

coefficients (MFCC) is shown in the figure. Figure 2 (a) isaclean
speechdistribution. Figure 2 (b) isfor the same sound after the cep-
stral mean normalization (CMN). It can be seen that the mean of
the distribution is shifted. Figure 2 (c) and (d) are the transformed
distributions by the mean transformation MLNN and the variance
transformation MLNN, respectively. The variance transformation
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Figure2: Empirical & transformed distribution of clean speechsound“g”.

MLNN isapplied after themean transformation MLNN. In thisex-
ample, the variance becomes smaller, producing sharper distribu-
tion for the sound “g”. Figure 3 is a hoisy distant-talking speech
distribution of the samesound. Figure 3 (@) isbeforethe CMN and
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Figure 3: Distributions of noisy distant-talking sound “g” .

Figure 3 (b) is after the CMN. Figure 3 (c) is the result of several
iterations of the Baum-Welch reestimation algorithm starting from
Figure 3 (b). It can be observed in these figures that the original
clean speech distribution, Figure 2 (b), is successfully convertedto
Figure 2 (d) which looks more similar to the noisy distant-talking
speech distribution, Figure 3 (c).

Figure 4 shows the example of transformed distributions by
the hybrid neural networks. The distorted speech, Figure 3 (c), is
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Figure 4: Transformed distributions by the hybrid neural networks.

transformed to an intermediate distribution (Figure 3 (d)) by the
feature transformation network that uses stereo data (the first net-
work in Figure 1). Thisintermediate distribution isto approximate
the clean speech distribution, Figure 3 (8). Then, the statistics of
a speechrecognizer is transformed to match this distribution. Fig-
ure 4 (a) is the result of mean transformation, and Figure 4 (b) is
theresult of mean and variancetransformation. It can be seen that
the final output of the hybrid model transformation, Figure 4 (b),
and the output of feature transformation, Figure 3 (d), are quite
matched. Thesedistributions are more similar to the original clean
speech distribution, Figure 2 (@), than Figure 2 (d) or Figure 3 (¢).

Table 1 compares the word recognition accuracy of various
adaptation approaches. Except in the retraining case, a clean
speechrecognizer is used for testing, and 5 minutes of datais used
for adaptation. The feature transformation neural network using
stereo data and M SE as its objective function boosts the perfor-
mance from 23.7% to 64.3%. The feature transformation MLNN
(45.8%) doesnot work better than the onesthat make use of stereo
data. However, the mean transformation MLNN (63.7%) is quite
comparable. Thevariancetransformation ontop of the meantrans-
formation further improvesthe recognition accuracy to 77.4%. The
tandem use of M SE network and MLNN improvestheword recog-
nition accuracy to 73.0% for mean transformation, and to 78.7%



ognizer. In this case, mutual information or maximum a posteri-
ori probability criteria may be considered for the objective func-
tions. Current unsupervised adaptation methods use the output of
amismatched recognizer. When the adaptation algorithms run it-
eratively, the recognizer tends to make same mistakes repeatedly.
Moreintelligent techniquesto expl oit the multiple hypothesesfrom
possibly multiple recognizers need to be investigated. Incorporat-

[ condition [[ accuracy (%) |
clean (matched) 945
distorted (matched) 79.0
distorted (mismatched) 8.1
CMN 23.7

[ MLLR I 62.8 |

[ MSENN I 64.3 |
MLNNg 4538
MLNNy, 63.7
MLNNp g v 774
MSENN+MLLR 71.9
MSENN+MLNNz 50.1
MSENN+MLNN,, 73.0
MSENN+MLNNp ¢ v 78.7
MSENN+MLNNM&V+U5 832

Table 1: Word recognition accuracies (%) of various adaptation schemes.
“clean” is for clean speech training and testing. “distorted (matched)”
is for noisy speech training and testing. “distorted (mismatched)” is for
clean speech training and noisy speech testing. The rest are using clean
speech recognizer and some adaptation scheme. “CMN” is for cepstral
mean normalization. All the adaptation schemes are applied after the
CMN. “MLLR" isfor maximum likelihood linear regression. “MLNN ",
“MLNNps", “MLNN ¢ v ", arefeaturetransformation, meantransforma-
tion, and mean and variance transformation MLNN, respectively. The rest
are the combination of feature transformation neural network using stereo
data and some adaptation scheme.

for mean and variance transformation. This result is quite com-
petitive with a retrained recognizer (79.0%). However, note that
the retrained recognizer uses about 40 times more data. Using the
hypotheses of 78.7% accuracy, one mean transformation MLNN
is built for each speaker in unsupervised way. The unsupervised
speaker adaptation improves the performance (83.2%) beyond the
retrained recognizer.

7. CONCLUSIONSAND FUTURE WORK

In this paper, the anomaly of traditional mean squared error crite-
rion for the objective function of neural networksin speech recog-
nition is analyzed. The conditional probability density function
of feature vector, given an HMM state, is more consistent with
HMM-based recognizer, and allows global optimization mecha-
nism in synergetic use of neural network and HMM for robust
speech recognition. The feature transformation that uses stereo
data can learn complex inverse transformation function, while the
feature transformation MLNN may not in practice. The mean and
variance transformation MLNN learn the distortion function that
degrades clean speech statistics to distorted speech. It has been
found that the M SE network using stereo data and the model trans-
formation MLNN is complementary, and the tandem useof the net-
works improvesthe performancefurther. Thetraining can be done
in supervised way or unsupervised fashion by making use of rec-
ognized output for unknown speech. The proposed algorithm has
been appliedto large vocabul ary continuous speechrecognitionun-
der adverse acoustical environments, which involves background
noise, reverberation, and difference in microphones. The model
transformation MLNN experiment doneis this research uses only
onenetwork to transform all mean vectors(or covariancematrices)
of arecognizer. Thiscan bemodified to be state-dependent, where
each state has its own MLNN to transform its parameters. The
states can be grouped using tree structure so that those states that
do not have enough training data can sharean MLNN. The MLNN
isagood candidatefor discriminative training, becausealternative
hypotheses or confusing pairs can be provided from a speech rec-

ing boosting algorithm [3] can be one research direction.
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