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Abstract

The mismatch between system training and operat-
ing conditions often has negative influences on automatic
speech recognition (ASR) systems. Noise in the operat-
ing environments is commonly encountered. ASR model
adaptation is an important way to enhance the system per-
formance in noisy environments. This paper proposes a
feature-based statistical data mapping (SDM) approach
for robust noisy digit recognition. The recognition tasks
are carried out on the AURORA 2 database. Compared
to other model adaptation methods such as MLLR, the
SDM approach has more robust performances.

1. Introduction

Automatic speech recognition (ASR) systems often have
to be operated in not well-controlled acoustic environ-
ments. The mismatch between system training and op-
erating conditions often leads to degradation of the per-
formance of ASR systems. A noisy environment is one
of the commonly-encountered conditions. Various meth-
ods have been proposed to cope with the environmental
noise. Two major approaches can be categorized from
these methods based on the strategy of treating the noise.
One is the noise reduction approach, which reduces noise
directly from speech signals/features with the strategy of
“adapting environments to models”. This type of ap-
proach includes front-end preprocessing of noisy speech
signals and robust feature extraction [1]. In many situ-
ations, however, it is difficult to make appropriate esti-
mation of noise and reduce it from speech in the extra
step. Another difficulty is the collection of enough noisy
speech data in the operating environment for accurate
ASR model retraining. Therefore, the other approach,
i.e., model adaptation, takes the strategy of ‘“adapting
models to environments”. The model adaptation ap-
proach adopts environmental features in the adapted ASR
models. Since most environmental variations and fea-
tures, such as noise, channel, speaker and bandwidth, are
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time-invariant when compared to speech signals, limited
adaptive data is required to adapt ASR models to these
changes. The model adaptation approach includes Maxi-
mum Likelihood Linear Regression (MLLR) [2] and Lin-
ear Discriminant Analysis (LDA) [3, 4].

This paper investigates the performance of MLLR,
which is a linear model adaptation method, and pro-
poses a feature-based non-linear statistical data mapping
(SDM) method for model adaptation in noisy speech en-
vironments. The SDM approach is a non-linear feature
transformation/mapping method. It assumes that speech
observations are generated by subsets of mutually related
random sources. The relationship/model between ran-
dom sources can be recovered using maximum likelihood
estimation (MLE). Section 2 will give a detailed descrip-
tion of SDM. In Section 3 we present the experimental
results of the AURORA 2 digits recognition.

2. Model Adaptation Methods
2.1. Maximum Likelihood Linear Regression

The basic idea of MLLR is the unified linear transforma-
tion of the parameters of a large cluster of HMM states
[5]. MLLR computes a set of linear transformations that
will reduce the mismatch between an initial model set and
the adaptation data. In continuous HMM systems, the
transformation is restricted to the Gaussian mean vector
w4 [6]. The transformation matrix used to give a new esti-
mate of the adapted mean is given by

fi=Mpu, ()

where M is the transformation matrix.

The transformation matrix M is obtained by solv-
ing a maximization problem using the Expectation-
Maximisation (EM) technique. There are several opti-
mization criteria for the estimation of M. Maximum like-
lihood (ML) is the most popular criterion. Given a feature
vector set X = x1, 22, - ,2x7 and a corresponding la-
bel sequence W = wy,we,--- ,wg, the estimation of a



model parameter by the ML criterion is given by
Amr = argmax P(X|W,\). )

In the case of a single regression matrix MLLR, the max-
imum likelihood criterion yields

MyrLr = argm]\%xP(XH/V, M). 3)

2.2. Feature-Based Statistical Data Mapping
2.2.1. Formulation of SDM

Suppose that speech signals are generated by a set of
random sources S = {s1,82, -+ ,s5}. Each random
source has a probability density function, characterized
by a mean and a covariance matrix. Speech signals are
emitted from certain sources with the highest probability.
Let © be the set of random sources of clean speech and A
be the noisy speech. A are related to the original sources
© by conditional probability P(O|A). P(O|A) also in-
dicates the contributions of clean sources to noisy speech
[7, 8].

Assume that clean speech observations X =
{z1, 22, -+ ,x7} are generated by N random sources
A ={)\},1 <i < N and the noisy speech observations
Y = {vy1,92, - ,yr} emit from M random sources
© = {0;},1 < j < M. The conditional probabil-
ity density functions of the clean and noisy observations
at time ¢ are p(y:|0;) and p(z¢|);), respectively. The
cross-correlation probability of original source 6; con-
tributing to y;, given the adaptive source \; contribut-
ing to xy, is defined as a;; = p(0;|\;). Let the set of
cross-correlation probabilities be A = {«;;}. Given a
pair of observation sequences (X,))) the parameter set
{A, A, 0} can be optimized by maximizing the likeli-
hood, p(X,)), through the EM algorithm [9]. p(X,))
is equivalent to p(X, Y, A, A, ©) in this case and can be
replaced by it:

T N M
p(X,y,A,A,@) = szp(ﬂﬁuyt,)\iﬁj% “4)

where p(zy, yi, Ais0;) = p(ye|0;)ai;p(ae Ai)p(Xi) is
the joint pdf for the speech pair (x¢,y:) and individual
sources \; and §; at time ¢.

Define the auxiliary function Q(®|®y) as:

Q(®|Pg) = E(logp(®, X, Y, 51)|Po). Q)

In the E-step, Q(P|®Py) is calculated over all the state
paths s, where s, = {[Af,ﬁf“t:l, e ,[Af,@f“t:T}
is the k-th state path, k& = 1,2,--- ,(NM)T, & =
{A, A, ©} and ®, is the initial parameter set. The condi-
tional joint pdf of \; and 0; at time ¢ is obtained by

p()\la 9j7 Tt yt)

271:[:1 Z%:l p()"rn 97717 Tt, yf) .
(6)

The conditional pdfs of A; and 6; are:

Ej]\il p()\i7 9]7 T, yt)
Zg=1 Z%=1 p()\TH Oy x4, yt)

Zﬁilp(Ai?e]VIt?yt) ]
Zg:l Z'ﬁ{:l p()‘nv 97717 Tt, yt)

In the M-step, the auxiliary function Q(®|®g) is max-
imized subject to the constraint Zﬁl a;; = 1. Given
that both the adaptive and original sources are Gaussian
sources with diagonal covariance matrices, the source pa-

rameters are obtained by:

p(Ai, t|X,Y) = (7

p(0;,tX,Y) = ®)

_ Zzzlp(ALaejat|X7y)

Qijj = ; )
TRy
1 T
p(Ni) =7 D PN tlX, D), (10)
t=1
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Hx = ) (11)
Yy PN, 1A, Y)
T _ 2 )
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T
1o, = Zt;l ytp(Hj,t|X,y)’ (13)
Zt:1 p(gj,t|X,y)
20 _ Z;T:l(yt*Mej)2p(9j7t|xay)’ (14)

’ S p(0,tX, D)

where p(J;) is the a priori probability of source A;, 1y,
and X, are the mean and the covariance matrix of source
Ais and 19, and Yy, for source 6;. The optimized param-
eter set ¢ can be obtained through a standard Levinson-
Durbin recursive algorithm [10].

2.2.2. Adaptive Data Mapping

It can be realized by various criteria to map adaptive
speech to original speech ). Minimum mean square es-
timation (MMSE) is a commonly used criterion. An es-
timation directly derived from a MMSE criterion is the
conditional expection, which is defined as:

v = B012) = | 3910y = | Y]] plonleay,

(15)
Without loss of generality, assume that the observation
pairs (¢, y:), t = 1,---,T are independent of each

other. Thus,

Y = {/ytp(yt\wt)dyt}, t=1,---,T. (16)



Given N adaptive sources and M original sources, the
integral in Equation (16) is obtained by:

Z;Vi1 Zi\i1 pycigp (| Ni)p(Ai)
SN b A)p(N)
17)

The original speech obtained from Equations (16) and
(17) are energy-normalized speech vectors, which are not
ready for use before the original energy is recovered. The
original energy can be obtained from the energy ratio and
adaptive energy as follows:

/ytp(yt|1‘t)dyt =

M
(gyt)l/Z = (gzt)1/2250jp(9j7t|x7y), (18)

Jj=1

3. Experiments and Results
3.1. ASR System

The HTK-based speech recognition system [12] is used
throughout the experiments. HTK is a Hidden Markov
Model (HMM)-based speech recognition system and de-
signed for both isolated and continuous speech recogni-
tion. A continuous whole-word-based speech recognition
system is built for 11 digits in our experiments.

3.2. Aurora 2 Task

The Aurora 2 database [11] corresponds to TI-DIGITS
training data downsampled to 8kHz and filtered with
a G.712 characteristic. It provides a baseline system
performance, which includes clean and multi-condition
training sets. The baseline systems use 13 MFCC coeffi-
cients with energy extracted from the amplitude of power
spectrum, along with delta and acceleration coefficients.
Eleven whole word HMMs are employed. Each has 16
states and 3 diagonal Gaussian mixtures per state. The
noisy utterences have SNR conditions from -5 dB to 20
dB.

3.3. Experiment Configuration

Our experiment includes two parts. One is the SDM
model training and clean data mapping. The other is
the digit recognition task. The SDM models are trained
by the noise type and SNR level. Therefore, altogether
4 x 4 = 16 SDM models are trained. The training set
includes a clean speech set and the corresponding noisy
speech set. The two sets are composed of the clean and
noisy data provided in the AURORA 2 training data. The
4 sets of clean data in the training set are mapped to noise-
like data by each SDM model and form 16 sets which
approximate the noise data in the multi-condition train-
ing set. The ASR model is retrained over the clean data
and the mapped noise-like data. The test is conducted on
the AURORA test set A with four noise types, which are
subway, babble, car and exhibition.

3.4. Experimental Results

Tables 1 - 4 show the word recognition rates of the base-
line clean model, the SDM adapted model, the MLLR
adapted model and the baseline multi-condition model on
the four noise types. The MLLR results given in the ta-
bles are taken from the work of Saon and et al [4].

system Clean SDM MLLR Multi
Clean 99.39 99.29 99.4 99.08
20dB 97.91 97.94 97.8 98.59
15dB 95.21 95.03 94.5 97.85
10dB 85.48 86.15 83.2 95.39
5dB 65.37 67.73 56.8 88.73
0dB 37.61 38.81 26.9 66.60
-5dB 16.58 17.04 12.6 26.29
0-20dB 76.32 80.54 71.8 89.36

Table 1: Word Error Rate (WER) results on subway noise
type.

system Clean SDM MLLR Multi
Clean 99.30 99.12 99.4 98.88
20dB 98.00 97.85 97.8 98.04
15dB 93.83 95.37 94.5 97.67
10dB 80.59 86.88 83.2 96.40
5dB 57.95 64.06 56.8 90.05
0dB 31.71 33.40 26.9 65.11
-5dB 15.54 16.08 12.6 30.23
0-20dB 72.42 78.73 71.8 89.52

Table 2: WER results on babble noise type.

system Clean SDM MLLR Multi
Clean 99.25 99.16 99.4 99.11
20dB 98.18 97.97 97.8 98.48
15dB 95.35 95.17 94.5 98.00
10dB 80.17 82.46 83.2 96.27
5dB 46.59 59.00 56.8 87.27
0dB 19.09 30.70 26.9 50.67
-5dB 9.19 13.57 12.6 19.90
0-20dB 67.88 75.77 71.8 86.19

Table 3: WER results on car noise type.

The results show that the SDM adapted ASR model
has a better performance than both the baseline clean
model and MLLR adapted model. The improvement of
the 0-20 dB averge word recognition rate is between 4%
- 8% over the baseline clean model and 3% - 8% over
MLLR adapted model. The results also show that the
SDM achieves higher improvements when the SNR is as
low as 5 dB amd 0 dB. The performance of the SDM is



system Clean SDM MLLR Multi
Clean 99.54 99.41 99.4 99.20
20dB 97.81 96.82 97.8 98.21
15dB 94.97 95.38 94.5 97.35
10dB 83.96 83.45 83.2 94.66
5dB 54.34 57.85 56.8 88.46
0dB 21.85 28.22 26.9 64.12
-5dB 8.67 13.03 12.6 23.20
0-20dB 66.22 74.95 71.8 88.56

Table 4: WER results on exhibition noise type.

slightly deteriorated in clean and 20 dB. There is, how-
ever, a siginificant difference between the SDM adapted
model and the baseline multi-condition model.

4. Conclusions

In this paper, we propose a feature-based SDM ASR
model adaptation approach for robust noisy digit recog-
nition tasks. The experimental results show that the SDM
adapted model can improve the performance of ASR sys-
tems in low SNR environments. The SDM approach
is a non-linear model adaptation method. Compared
to MLLR, which is a linear adaptation technique, the
SDM-adapted model demonstrates a better performance
in noisy digit recognition tasks.
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