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ABSTRACT results on speaker-independent Korean isolated word
recognition corrupted by additive white Gaussian noise and

In this paper we study model parameter compensation methodsgiriving car noise. Finally, we summarize our outcomes and
for noise-robust sgech recognition based on CDHMM. First, we discuss our future work.
propose a modified PMC method where adjustment term in the
model parameter adaptation is varied depending on mixture
components of HMM to obtain more reliable modeling. A state- 2. PROPOSED MODEL COMPENSATION
dependent association factor that controls the average parameter ALGORITHMS
variability of Gaussian mixtures and the variability of the

respective mixtures is used to find the final optimum model 2 1. EM-driven PMC and steepest-descent-

parameters. Second, we propose a re-estimation solution OHriven PMC with an association factor
environmental variables with additive noise and spectral tilt

based on expectation-maximization (EM) algorithm in the |, yhis sub-section we discuss two new methods of model
cepstral domain. The approach is based on the vector Taylolyomnensation that have high recognition accuracy in low SNR.
series (VTS) approximation. In our experiments on a SpeakerThese algorithms are based on PMC, but are very simple. The
independent isolated Korean word recognition, the modified algorithms use noise and clean speech model parameters, and
PMC show better performance than the Gales' PMC and thepgige model parameters are estimated from 3 or 4 frames at the
proposed VTS is superior to both of them. beginning of noisy speech. The PMC hut proposed by Gales
and Young[1][2] uniformly compensates all cleaeesgh model
1. INTRODUCTION parameters such as mean and covariance of the Gaussian
. ) mixtures with estimated noise model parameters. In spite of the
HMM-based speech recognition systems have been widely useqyct that a recognizer based on HMM estimates model parameters
to reduce recognition error rates in a(_iverse environments. An every state, the PMC method proposed by Gales and Young
model parameter compensation method is one of the noise-robustyiysts those without considering individual information, such as
speech recognition nfeads. This method reduces many e gifferent effect of the uniform compensation between states,
computational complexities while feature vector transformation yixiures in a state. In this paper, we propose new model
or noise robust auditory modeling methods have CompUtationalparameter compensation algorithms that are based on the PMC.
loads in retraining the recognizer. Also, we can perform model They are called respectively EM-driven and steepest-descent-

parameter compensation by using only the testing words, even inyryen PMC with an association factor. Assumptions for the new
case that no stereo databases exist. In addition, model paramet%ﬁgorithms are as follows.

compensation methods have been fast developed in various

approaches. Variation characteristic of model parameters is similar in

a state, but is different between states.
In this paper we use only mean vectors of the Gaussian mixtures,  Covariance of Gaussian mixtures is invariable. So a
and the mean vectors are compensated by estimating noise mean  covariance matrix of a noisy speech is equal to that of

vectors state by state. The method of adjusting only mean the clean speech.
vectors has an advantage in reducing computational times ands Al of the mean vectors of the Gaussian mixtures are
prevents us from using incorrect noise covariance estimated adapted state by state.

from 3 or 4 frames of noise. The above assumptions are expressed as follows within a state.

This paper is organized as follows. In section 2, we discuss the by =(i —t, §i=0L- M -1
proposed model parameter compensation algorithms, so called ™% THTHL =04
EM-driven and steepest-descent-driven PMC with an association b. = 1ML Efb
factor and mean-VTS0. EM-driven PMC and steepest-descent- 2 _ﬁigo(ui W) = E{b}
driven PMC adapt clean speech mean vectors to noisy speech

with an association factor calculated by the EM and the steepestwhere [I;, and y; are separately a mean vector compensated by

descent algorithm, respectively. Mean-VTSO compensates cleanthe Gales'’ PMC and a mean vector of clean speech in i-th

speech mean vectors by using spectral tilt vectors as well asgayssjan mixture. The vectds, is an amount of difference of a
noise mean vectors estimated by the Oth order vector Taylor ; fith G . ixt Th ant M i
series approximation. In section 3, we discuss our experimentalmean vector ot I- aussian mixture. the constan IS a

@



number of Gaussian mixtures in a state, and the velstor

— T-1M-1 —
I, : QAN =5 T p(KIYLA, By, Zy by, b,) Dog ply K| A,
expresses an average variation of mean vectors in a state. % 5o

We can evaluate a vectds called the bias vector in each state Hi Zi D, D7) ®)

that is used for compensating differences of mean vectorsyhere T is total length of an input test word and M is a number
between clean speech and noisy speech. Then, the bias Yector of Gaussian mixtures in a state. We desire an association factor

is A maximizing the equation (5). Usin@(A\,A) in (5), the
b=(@1-A)by +Ab, 2) gradient becomes
i . QA “1M-1 _ o
where th.e unknown constér?t welghts. between the T/ectd]iJJ Q( ) _ Z Z Vi (Kb, —by) = 1(yt —pe -
and b, in a state for deciding the bias vectbr. A is called E t=0 k=
an association factor and to evaluate the bias vector eventually, A(by —by) —by)] (6)

we must find the association factok. There are many

. e o where vy, (k) represents posteriori probability and is defined
methodologies for finding the association factor, but we use

an EM algorithm and a steepest-descent method that areas follows.
evaluated by one iteration. w, N M

Vt(k) - k (yt I ) (7)
2.1.1. The case of an EM algorithm lZOVW N (y; [M)

We will describe the process of finding the association fagtor  \ynere M =(\ . I, by b,) is @ HMM's model andy, is
in the cepstral domain. The procedure of the EM-driven PMC

with an association factor is as follows. an observation vector in tim&. N,(y,|M) is an output

probability of the | -th Gaussian mixture, anay is the mixture
weight. By equating the eq. (6) to zero, we can obtain the desired
N

@ Initialize the association factor. In this paper, the association
factor is determined experimentally as 0.2.

@ Perform initial PMC for input noisy sgch. The PMC
compensates both mean vectors and covariance matrices of ; 5

. ) A case of a steepest-descent algorithm
clean speech Gaussian mixtures.

Prerecognition : The compensated model parameters areTo find a new association factox , a steepest-descent algorithm
used for preliminary speech recognition. can be used instead of the EM algorithm. When a HMM is given,
Segmentation of a top 1 candidate : A top 1 recognition we desire to get a new association factorthat maximizes the
candidate found in step 3 is segmented by using a Viterbioutput probability of the observation vector. A probability P that

decoding algorithm. an observation vectoly, is an outcome from a given HMM is
® A calculation of A using an EM algorithm: For a new
association factorh , we use the state sequences obtained P = |‘| ZW,(N(yl [M =, Wy, Zy, by, by)) (8)

in step 4 and an EM algorithm.

. - . . If we take logarithm in both sides of the equation (8), the
Using the newA given step 5 and the equation (2), we can ﬁradient with respect to\ becomes

adapt the clean speech model parameters to the noisy speech. The
compensated mean vector of Gaussian mixture is, dlogP _T-iM-1 a1
) SRR ACL R R ©)
TR TEE e ©) o
where t is a vector transpose and the mean vegtpris
Where the p is the clean speech mean vector of the i-th
Gaussian mixture trained by HMM, and thi, is a variation M =B+ A(by —by) +by (10)

vector in the i-th Gaussian mixture due to the noisy environment,,ora fi, represents the original mean vector trained by clean

of the recognizer. We can define thy; as the bias vectob speech.

then from the equation (2), (3), the vectfif is _
Then, an estimated association factoris

N =r-prflogP (11)
Now, we can define the Q-function for finding a new association oA
factor A as follows.

Bi = W+ (L-Nby +Ab, 4

where A is the previously estimated association factds ,is

learning rate determining convergence speed. Although the
adaptation may be repeated for convergence, in this paper one



iteration is taken to reduce the recognition time. ABdis 3 3 Ve (K (Y, —by)
tk '

experimentally determined. n= = 17
. o . >3 V(K2

Once more differentiation of the equation (9) produces tk

0%logP  T-iM-1 _ - C ™ (e +h-n)

S =% 3w, by 5y - (127 ~ Where b, =Cllog+10 )

. . . . . K W Ny (y;,n, M)

where covariance matrices are diagonal and positive definite. Yi(K) =g

Because the equation (12) is always negative, the logHodi EOW iNy (Ye,n,M)

of the equation (8) has a maximum value.

. . where n, h is respectively initial value of the noise vectar
2.2. The EM-driven VTSO approach in the and the spectral tilt vectoh . And W, is the mean vector of

cepstral domain the k-th Gaussian mixtures of the clean speech vextoAlso,

. . . . the expectation of the spectral tilt vectbor can be estimated
In this section, we explain a model parameter compensation - -
through the same procedures as the noise vattobut at this

algorithm using Oth order VTS approximation with cepstral
time, noise vectorn is assumed to have a known value. The
feature vectors. The clean speech is assumed to be corrupted by

additive noise and spectral tilt. The environment model is asestlmated spectral tilt vectoh is

follows. - %%v[(k)z;,k(yt -a) 18
=[HW[X +N (13) A o
t k

where X,Y and N represents respectively a clean speech

vector , a noisy speech vector, and a noise vector. The transfefhere ay = My +C[I]og(1+10c_1(_(“”+h_")) )

functlon H(w) represents spectral tilt. Let us define the noise,

n and spectral tilt vectorh as unknown random vectors in the Similarly as above, we can also estimate the environment
cepstral domain. We assume that they are statisticallyparameters using the 1st order VTS approximation.

independent of the clean speech vector By taking logarithm

and DCT (discrete cosine transform) to both sides of equation 3. EXPERIMENTAL RESULTS

(13), we obtain

y = x+h+Clog+105" 0" = x+£ () (14) 3.1. The database and feature parameters

where x,y is respectively a clean speech vector and noisyIn our experiments, we (_evaluat_e the performance of the_p_roposed
. . . . algorithms when there is a mismatch between the training and

speech vector in the cepstral domain amh is respectively a testing environments. For isolated word recognition experiments,

noise vector and spectral tilt vector in the cepstral dom@&in. we use a left-to-right continuous density-HMM(CHMM)[3] with

represents a DCT matrix. If we take a Oth order VTS 3 states. And the database consist of 75 phoneme-balanced

approximation in equation (14), the mean and covariance of thewords[4]. The speech samples are recorded in a silent office

noisy speech vectoy becomes environment, and converted by A/D converter with 16KHz
o sampling rate and 16bit quantization[5]. The train database is

Ky, =Hy +T(l,,ng,hy) (15) composed of speech material uttered by 15 speakers, and the test

S =%, database is constructed by 5 speakers excluded from the training.

The noise sources used in recognition experiments are additive
— = . white Gaussian noise and car noise recorded at a 90-120[km/h]
Because the vectors and h are expectations of unknown ; .

) ) - 7 speed in an express highway. To get corrupted speech we added
random vectors, we will estimate the vector and h usingan  pojse to clean speech at various signal-to-noise ratios (SNR). In
EM algorithm. First, the noise vectan is estimated. this experiments, we use 13 standard Mel-frequency cepstral
coefficients including a normalized frame energy and their
derivatives as the feature parameters. The HMM recognizer is
based on 32 phone like unit (PLU).

_ T-1M -1 _
QM= 3 5 plklyen.M)logp(y, k T,M) (16)  3.2. Baseline experiments

The Q-function used for estimating a new noise mean vegtor
is

where M = (u,,Z,,h) and the vectorh is a known vector. ~ The experimental result of the baseline recognizer without model

Both sides of the equation (16) are differentiated by the Vectorparameter compensation in noisy speech recognition is as follows.

n and we can find the vecton maximizing the Q-function as
follows.

clean | 30dB| 20dB| 10dB 0dB
AWG 93.9 87.2 54.9 24.3 4.7
CAR 93.9 94.4 89.6 63.2 26.4




Table 1. The result of the baseline recognizer without model 4. SUMMARY
parameter compensation
. In this paper, we proposed new model parameter compensation
From the above result, we can see that the recognition rateyqorithms for noise-robust epch recognition in the cepstral

deteriorates suddenly below 20dB and 10dB. Furthermore, thejyomain. They have shown good recognition performance, and are
recognition rate in 0dB AWG approaches zero. The recognition simply realized.

result with matched training and testing environments are shown
in table 2. We can show that the results are superior to any offhe recognition rate of the MPMC without covariance
them in table 1. Besides, the recognition rate in 0dB AWG case iscompensation is higher than the conventional PMC. This
improved by about ten times. This experimental result may beconfirms that the nonuniform model parameter compensation is
approximately the upper limit of recognition rate. However, this better suited in noisy speech recognition.

requires retraining of the recognizer to fit in new environments,
which may not be possible in real situation. Therefore, we need
recognition methods which is robust to noisy environments
without retraining. Next, we discuss experimental results of the
proposed model parameter compensation algorithms.

The recognition rate of mean-VTSO is higher than PMC due to
good modeling of environments by reflecting additive noise and
spectral tilt. More appropriate modeling of noisy environments
may lead to better performances.
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In this experiment, we use the Jack’s knife method for more 4]
reliable performance comparison. MPMC-EM and MPMC-STP
are the modified PMC methods using respectively EM and
steepest-descent algorithms for an association factor. EM-VTSO[S]
is the Oth order mean-VTS using an EM algorithm.

Clean!| 30dB| 20dB| 10dBl 0dB processing workshop pp. 287-290, 1994. (Edited by
Korean)
PMC 914 90.5 81.9 65.0 29.6 [6] P. Moreno, Speech Regnition in Noisy Environments
MPMC-EM | 91.7 90.9 87.0] 703 31.7 PhD thesis, Carnegie Mellon Univ., April 1996.
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Table 3. The result of AWG noise

Clean| 30dB| 20dB| 10dB 0dB
PMC 91.4 90.5 89.8 85.9 72.5
MPMC-EM | 91.7 92.1 90.9 87.8 78.0
MPMC-STP| 91.6 91.7 90.7 86.8 73.2
VTS-0 92.6 92.2 91.3 88.9 77.9

Table 4. The result of CAR noise

From the above result, we can see that the MPMC and VTS-0
show better recognition results than the conventional PMC in all
SNR. Also, the algorithms show better recognition results for the
case of CAR noise than the AWG noise. Especially, The
proposed model compensation algorithms show better
performances than conventional PMC in low SNR.



