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ABSTRACT 

Four methods were applied to  reduce the error rate of a 
continuous-density hidden Markov model based speech 
recognizer on the TI/NIST Connected-Digits Recogni- 
tion Task. 
1. Energy thresholding sets a lower limit on the energy 
in each frequency channel to  suppress spurious distor- 
tion accumulation caused by random noise. This led to 
an improvement in error rate by 15%. 
2. Spectrum normalization was used to compensate for 
across-speaker variations resulting in an additional im- 
provement by 20%. 
3. The acoustic resolution was increased up to 32 com- 
ponent densities per mixture. Each doubling of the 
number of component densities yielded a reduction in 
error rate by roughly 20%. 
4. Lanear discriminant analysis was used for improved 
feature selection. A single class-independent transfor- 
mation matrix was applied to a large input vector con- 
sisting of several adjacent frames resulting in an im- 
provement by 20% for high acoustic resolution. 
The final string error rate was 0.84%. 

1. INTRODUCTION 

The key to achieving high recognition accuracy is de- 
tailed acoustic modelling. For speaker-independent 
recognition the use of gender-dependent models, the 
inclusion of first- and second-order spectral and en- 
ergy features into the acoustic feature vector, and a 
large number of elementary distributions contributing 
to an emission probability of a hidden Markov model 
state have been shown to significantly reduce the er- 
ror rate, for both large and small vocabulary systems. 
On the TI/NIST Connected-Digits Recognition Task 
(“TI-Digits”) [lo], which serves as a kind of standard 
benchmark for small vocabulary speaker-independent 
recognition systems, the error rate has been reduced 
by more than a factor of 5 since the first published 
results, mainly due to  the above means. 

With our speech recognizer which employs whole- 
word hidden Markov models with continuous emission 
probabilities, the degree of acoustic resolution is eas- 
ily controlled by the number of Laplacian component 
densities per mixture [12]. The cost for high recog- 
nition accuracy is, however, increased computational 
complexity and memory consumption. In this paper 
we present two methods which improved performance 
on the TI-Digits with only little increase in complex- 
ity. First, a lower limit is set on the energy in each fre- 
quency channel, in both training and recognition. Then 
low energy portions which are dominated by random 
noise do not contribute to the distortion accumulation 
for the log-likelihood computation. This method is es- 
sentially equivalent to Klatt’s thresholding method [9] 
applied however to high-quality data rather than noisy 
data. For a properly chosen threshold the string error 
rate could be reduced by 15%. 

Second, we introduced a long-term spectrum normal- 
ization step to account for across-speaker variations. 
Low-frequency changes of the log-spectral intensities 
are suppressed since they are likely to be caused by 
speaker and acoustic channel variations rather than by 
the information-bearing speech signal itself [ll]. This 
technique has previously been used successfully to com- 
pensate for acoustic channel variations [13]. On the 
TI-Digits this measure reduced the string error rate by 
20%. 

Systems achieving very high recognition accuracy 
often include some discriminative training aspects: 
Cardin et al. use hidden Markov models trained with 
maximum mutual information estimation [2], Gauvain 
and Lee incorporate corrective training [SI, and Dod- 
dington employs state-specific transformation matri- 
ces based on linear discriminant analysis (LDA) [4]. 
Our approach is different since we use a single class- 
independent LDA transformation matrix which proves 
to be very effective, in particular in the case of high 
acoustic resolution. On the TI-Digits task the error 
rate was reduced by one fifth to 0.84% string error rate. 
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2. BASELINE RECOGNITION SYSTEM 

We carried out our experiments on the TI/NIST 
Connected-Digits Recognition Task. After filtering and 
sampling the speech signal at  8 kHz and subsequent 
preemphasis a 256-point FFT is computed every 12 ms 
from a Hamming-windowed 32 ms portion of the speech 
signal. 15 power-spectral density coefficients are deter- 
mined from a convolution of the power density spec- 
trum with triangular kernels with a nonlinear frequency 
spacing. The logarithm is computed and the average 
of the 15 coefficients is subtracted from each channel 
and included as an additional component in a resulting 
16-component feature vector y(n). This feature vec- 
tor is optionally augmented with slope and curvature 
information according to the following scheme: 

1 Y(.) Y("> 

Y"(n) 
4") := [ Y'(.) ] = [ Y(") - Y(" - 2) 

Y(" + 2) - 2y(n) + Y(" - 2) 
(1) 

Slope and curvature are computed from each static fea- 
ture resulting in a 32-component (only slope) or 48- 
component (slope and curvature) feature vector. 

The connected-word recognition algorithm is based 
on whole-word hidden Markov models, the emission 
probabilities of which are modeled by continuous 
Laplacian densities with a single 'standard deviation' 
vector pooled over all states [12]. The transition prob- 
abilities a ( s  I S I )  from state st to state s are not trained 
but instead are given fixed a-priori values that are non- 
zero only for loop, skip and forward transitions. For the 
ll-word vocabulary of the TI-Digits we use 23 models, 
i.e a separate model for each word and gender, and a 
single background noise model. 

We employ the Viterbi approximation in both train- 
ing and recognition, i.e. the probability of a word is 
replaced by the probability of its most likely state se- 
quence. Details of the acoustic modeling can be found 
in [I]. 

3. THRESHOLDING 

The key idea of thresholding or noise masking as pr+ 
posed by Klatt [9] is to choose first, for each filter bank 
output, the masking noise level as the maximum of the 
noise level in the training and in the testing signal. If 
the energy is below this threshold it is replaced by the 
threshold. This helps to prevent spurious distortion 
accumulation because those channels that are deter- 
mined to have been corrupted by noise will have the 
same spectral value in both the training and testing 
tokens. 

This method was originally proposed to cope with 
mismatches between training and testing noise levels. 
S. Dobler observed that this simple method is also very 
effective on the almost noisefree TI-Digits where there 
is no mismatch between training and recognition envi- 
ronment [3]. A threshold was chosen which lies between 
the average speech and average non-speech level, us- 
ing the same value for each of the 15 frequency bands. 
Thus the logarithm, see Section 2, is replaced by a 
nonlinearity consisting of a constant for small power 
spectral density values and the original logarithm for 
values larger than a threshold. The measure prevents 
low-energy portions of the input signal from influencing 
the result of the log-likelihood computation. 

4. SPECTRUM NORMALIZATION 

The goal of spectrum normalization [ll] is to remove 
the influence of an unknown, slowly time-varying chan- 
nel transfer function on the computed features. The 
log-spectral density of the speech signal at  the output 
of a linear, time-varying channel can be written as 

where s(f,t) and h(f,t) are the logarithms of the 
power-spectral density of the input speech signal and 
of the channel transfer function, respectively. As in- 
dicated, these signals are in general nonstationary, i.e. 
their spectral density is not only a function of frequency 
f but also of time t .  In general, h(f,t) changes much 
more slowly with respect to time than the speech signal 
s ( f ,  t ) .  Therefore a filter with high-pass characteristics 
may be used to suppress h(f,t). One realization is to 
compute the sample mean of a whole utterance (sen- 
tence) for each frequency channel 6, k = 1,  ..., 15, and 
then subtract this estimated mean vector from each 
feature vector of the utterance [ll]. Note that this op- 
eration introduces a processing delay of the length of 
the utterance. 

We successfully applied the above method to the TI- 
Digits. The suppression of slow changes of the log- 
spectral intensities improved performance, which con- 
firms that they contain little information for recogni- 
tion and are mainly caused by speaker and acoustic 
channel variations. 

5. LINEAR DISCRIMINANT ANALYSIS 

Linear discriminant analysis (LDA) is a well-known 
technique in statistical pattern classification for im- 
proving the discrimination between classes in a high- 
dimensional vector space [5]. The basic idea is to 
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find a linear transformation such that a suitable cri- 
terion of class separability is maximized. The transfor- 
mation is obtained as the eigenvector decomposition 
of the product of two scatter or covariance matrices, 
the total-scatter matrix and the inverse of the average 
within-class scatter matrix. Recently, this technique 
has been successfully applied to speech recognition, for 
both small [4], [8] and large vocabulary tasks [l], [7]. 

Unlike the system reported in [4] we employ a sin- 
gle class-independent transformation matrix [7]. The 
advantage is greatly reduced computing (and storage) 
requirements. The matrix multiplication is done as 
a preprocessing step in the front-end rather than in 
the comparison process between the test frame and the 
model states, which would entail many matrix multi- 
plications per test frame. A class in the LDA sense 
is associated with a hidden Markov model state, and 
each class contributes to the scatter matrices according 
to its occurrence in the training corpus, with one ex- 
ception, though: To avoid a dominant influence of the 
class corresponding to the hidden Markov model of the 
background noise, only a fraction of the frames classi- 
fied as background noise is used for the scatter matrix 
computation. Details of the training procedure can be 
found in [7]. 

LDA is used to extract the information relevant to 
discrimination from a large input window. m adjacent 
input vectors x(n), see eq. ( l ) ,  are adjoined to form a 
large input vector zm(n), e.g. in the case of m = 3: 

x(n - 
zS(n) := [ x(n;)] (3) 

x(n + 1) 

i.e. za(n) has 3 * 48 = 144 components. As can be 
seen from this equation, first- and second-order time 
differences are explicitly included in the input vector 
zm(n). This performed consistently better than using 
a large window of only static feature vectors y(n). Af- 
ter the LDA-based transformation the dimension of the 
vector is reduced to 30 - 40 components. This number 
is rather uncritical since the optimum of the output 
dimension with respect to error rate is flat. 

6. EXPERIMENTAL RESULTS 

All results presented are obtained on the adult speak- 
ers’ portion of the TI/NIST connected digits recogni- 
tion task [lo]. In contrast to the original database we 
used a sampling rate of 8 kHz and an overall number 
of 17305 digit strings (training and recognition). 

First we verified the effectiveness of the thresholding 
technique described in Section 3. We observed a rela- 
tive improvement in error rate by approximately 15%, 
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Table 1: Effect of thresholding on error rate; HMM 
with single density emission probability, no spectrum 
normalization. DEL/INS: deletion/insertion rate; 
WER: word error rate, SER: string error rate. All rates 
in [%I. 

Thresholding I DEL/INS I WER I SER 
no I 0.60/0.17 I 1.70 I 4.62 

I ves I 0.57/0.09 I 1.43 I 4.00 I 

both for single emission probability densities, see Table 
1, and for mixtures with up to 32 component densities. 
For all following results we thus included thresholding. 

Table 2 shows the influence of long-term spectrum 
normalization as described in Section 4: the error rate 
can be reduced by another 20%. This table shows 
further that an increase of the number of component 
densities per mixture and thus the acoustic resolution 
can significantly reduce the error rate: a doubling of 
the number of densities results in approximately 20% 
relative improvement of the error rate. However, the 
result for single densities is already quite impressive: 
1.1% word error rate for speaker-independent recogni- 
tion! For all following results spectrum normalization 
was included. 

Table 2: Effect of spectrum normalization and acous- 
tic resolution on error rate; L: number of component 
densities per mixture. 

I Without mectrum normalization I 

0.57/0.09 

16 0.20/0.05 
32 0.16/0.05 

With spectrum 

0.2 1 /o .02 

WER 
1.43 
1.06 
0.76 
0.56 
0.50 
0.45 

WER 
1.11 
0.82 
0.59 
0.46 
0.36 
0.34 

lormalj kion 

1.07 

In the above experiments, a 32-component feature 
vector was used which did not contain second-order 
time differences since they only marginally improved 



performance. When LDA was applied, up to 3 succes- 
sive 48-component input vectors were adjoined to  form 
a large acoustic vector. After the LDA-based transfor- 
mation only the 32 components corresponding to the 
largest eigenvalues were retained. The results in Ta- 
ble f lead to the following conclusions: First, LDA is 
able to take advantage of a large input window and 
to extract information relevant to recognition. Second, 
detailed acoustic models seem to be a precondition for 
LDA. The relative improvement in error rate is 20% in 
the case of 32 component densities and only 10% for 1 
component density per mixture. 

D 
1*48 
2*48 
3*48 
1*48 
2*48 
3*48 
1*48 
2*48 
3*48 
1*48 
2*48 
3*48 
1*48 
2*48 
3*48 
1*48 
2*48 
3*48 

Table 1: Error rate in the presence of LDA-based trans- 
formation; D: Vector dimension prior to LDA; L: num- 
ber of component densities per mixture. 

L DEL/INS 
1 0.52/0.10 
1 0.40/0.08 
1 0.42/0.09 
2 0.39/0.08 
2 0.31/0.06 
2 0.3510.07 
4 0.36/0.05 
4 0.2310.03 
4 0.25/0.04 
8 0.25/0.05 
8 0.18/0.04 
8 0.1510.04 
16 0.20/0.05 
16 0.13/0.05 
16 0.13/0.04 
32 0.18/0.05 
32 0.1210.05 
32 0.12/0.04 

WER 
1.17 
1.03 
1.07 
0.87 
0.76 
0.80 
0.64 
0.50 
0.51 
0.49 
0.41 
0.33 
0.38 
0.32 
0.31 
0.36 
0.29 
0.28 

- 
SER 
3.38 
2.98 
3.11 
2.60 
2.29 
2.39 
1.99 
1.54 
1.55 
1.48 
1.19 
1.06 
1.15 
0.97 
0.97 
1.11 
0.88 
0.84 

- 

- 

- 

- 

- 

- 
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