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ABSTRACT

It is well known that the word accuracy of a speaker independent
(SI) continuous speech recognition system cannot be good
enough for many real-world applications due to many
interference factors in speech signal: pronunciation variance by
speakers, different kinds of environment noise, and so on. Thus,
analyzing the action procedure of each interference factor, then
eliminating its effect as possible via the inverse processing may
significantly improve the performance of recognizer. In this
paper, we make a series of experiments to find out the potential
space of the inverse processing research for improving the
performance of an applied SI continuous speech recognizer.
These experiments are arranged in a perfect condition, in which
all kinds of effects are avoided as possible. After the experimental
results presentation with corresponding analysis, we give some
suggestions for future research.

1. INTRODUCTION

In a speaker independent continuous speech recognition system,
which can be described with Figure 1, the speech signal may be
corrupted with various interference factors.
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Figure 1. Block diagram of speech recognition system

Accordingly, the word accuracy of such system may be lower
than the requirement of real applications. Among all factors, there
are several ones are mainly contributed:

! The interference caused by the differences of pronunciation.
Besides the difference of speaker, the same phone uttered in

different time or with different emotion will lead to the
variety of samples too.

! The interference due to the differences of quality, position,
and direction of microphone.

! The variety of co-articulation phenomena in continuous
speech along with the change of context.

! Distortion of speech signal caused by environmental noise.

Because of foregoing interferences, the features calculated from
the corrupted speech signal have a broad distribution. Moreover,
It is more severe that the performance of recognizer will degrade
to a large extent for the reason of mismatch of those interferences
between training and testing condition.

To alleviate the effects of those factors, one approach is inverse
processing according to the analysis of corresponding action
procedure. Because the inverse function can directly remove the
interference under a theoretical assumption, the improvement of
recognition accuracy can be expected. Before using such inverse
function, one important issue is the estimation of potential space
of the performance improvement with inverse processing. In this
paper, a series of experiments are designed to reach this target, in
which all interferences are removed in advance as possible. In
others words, all experiments are implemented in a speaker
dependent (SD) monosyllable recognition system with fix-
position microphone and quiet room background. Furthermore,
the speaker is asked to pronounce clearly and steady as possible.

In next section, the experimental condition is introduced. The
details of experiments are presented in section 3. Section 4
includes the conclusions of this paper and the suggestions to
future research.

2. EXPERIMENTAL CONDITION

In all experiments, the Mandarin monosyllable words come from
“Dictionary of Usage of Frequency of Moderin Chinese Words”,
with the total number of 5,419. This word set covers 400 tone
independent syllables, but not syllable-balanced. There are 23
syllables occupied only once, and 10 syllables appeared more
than 100 times at same time. The most frequent syllable is yi with
180 words.

The recording condition is described as following:
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! Fix-Direction Microphone.

! Sound Blaster-16.

! 16 bits data with 16 KHz sampling rate.

Next is the environment of recognition system:

! 17 dimensional MFCC and corresponding 17
dimensional auto regression coefficients.

! 512-point Hamming window size with 256-point step.

! Tone independent syllable model with six left-to-right
states and 4 Gaussian mixtures for each.

! Two decoding algorithms: Non Linear Partition (NLP)
and Viterbi.

Here, the NLP is based on the principle of target model
independent state decoding (TMISD)[2]. The decoding results are
exclusive and independent of model, with the equivalent variance
of feature sequence for each state. On the other hand, in the
popular Viterbi decoding, the state sequence with highest
matching score for each target models is model dependent.

3.  EXPERIMENTAL RESULTS AND
ANALYSIS

3.1 Experiments on Training Set

Table 1. Experimental result of training set

Number of

Training

samples

Training

Method

Testing

Method

Top 1

(%)

Top 2

(%)

Top3

(%)

Top 4

(%)

Time

spending

(s)

5,201 NLP NLP 99.5 100 100 100 4,965

5,273 NLP NLP 99.8 100 100 100 5,474

10,474 NLP NLP 98.8 99.9 100 100 10,901

10,238 I(1)* Viterbi 98.6 99.8 99.9 100 185,458

Here, I(1) means the model is trained by segmental K-means
algorithm with one iteration.

Analysis:

! According to Table 1, the speaker has the ability to
distinguish all 400 syllables.

! The word accuracy degrades little when the training data
increase from about 5,000 samples to more than 10,000
samples. It is for the reason that the cross-unit overlaps in
feature space will be more severe along with the increasing
of training samples.

3.2 Experiments on Testing Set

Table 2. Experimental results of testing set

Number

of

Training

samples

Number

of

Testing

samples

Training

Method

Testing

Method

Top 1

(%)

Top 3

(%)

Top 6

(%)

Top 9

(%)

Time

spendin

g

(s)

5,201 1,060 NLP NLP 75.8 90.1 94.1 95.1 1,114

5,273 1,060 NLP NLP 83.8 94.4 96.0 96.9 1,128

10,474 1,060 NLP NLP 87.1 96.6 97.7 97.9 1,181

10,474 1,003 NLP Viterbi 86.4 95.4 97.2 97.8 17,454

10,474 1,003 I(1) Viterbi 86.2 95.3 96.9 98.2 17,494

Analysis:
! The accuracy of testing set can be improved significantly

along with the increase of training samples: from 75.8%
and 83.8% to 87.1%.

! Even with more than 10,000 training samples, there are still
some testing samples excluded from top 9 set: 1.8% error
rate of top 9 in the best result above. It is not a satisfactory
result. Especially it is inevitable that such error rate will be
significantly enhanced in a SI continuous speech
recognition system. Moreover, it is well known that the
exclusion of correct candidate will lead to inextricable
problem for language model.

! There are 22 samples are rejected from the top 9 set with
NLP modeling and NLP testing. The statistic result of
corresponding training set can be described in detail with
Table 3. The number of training samples of most those
syllables is less than the average value (26 samples), only
one exception. There are 8 syllables uttered only twice in
training set, with the proportion of more than one third.
Thus, we can draw the conclusion that the main reason for
the error of top 9 set is the sparsity of training data.

Table 3. Statistic results of samples excluded from
top 9 set

Number of
training samples

Number of samples excluded from
top 9 set

2 8
3 1
4 3
5 1
6 3
7 1
8 1
9 1

17 1
22 1
44 1



! According to Table 2, the accuracy of NLP testing is little
higher than Viterbi searching in monosyllable recognition,
with much less time spending.

3.3 Experiments on Reinforcement of Training Set

Table 4. Experimental results of training set with reinforcement
of training set

Number

of

Training

samples

Number

of

Testing

samples

Training

Method

Testing

Method

Top 1

(%)

Top 2

(%)

Top 3

(%)

Top 4

(%)

Time

spending

(s)

10,474 10,474 NLP NLP 98.8 99.9 100 100 10,901

12,429 12,429 NLP NLP 98.9 99.9 100 100 13,344

Table 5. Experimental results of testing set with reinforcement of
training set

Number

of

Training

samples

Number

of

Training

samples

Training

Method

Testing

Method

Top 1

(%)

Top 3

(%)

Top 6

(%)

Top 9

(%)

Time

spending

(s)

10,474 1,060 NLP NLP 87.1 96.6 97.7 97.9 1,181

12,429 1,060 NLP NLP 90.0 98.6 99.7 99.7 1,220

12,429 1,003 NLP Viterbi 88.9 97.1 99.1 99.7 17375

Analysis:
! After reinforcement of those syllables with sparse training

data, the accuracy of testing set is improved significantly.
The error rate of top 1 is reduced from 12.9% to 10.0%, and
from 2.1% to 0.3% for top 9 at same time.

! The accuracy of training set just has a little change after
increase of training samples.

! The recognition performance still degrades slightly with
Viterbi decoding comparing with NLP.

! Using NLP testing, the syllables with samples excluded
from top 9 set include fan2, fou3 and na1. With Viterbi
search, the corresponding syllables include deng3, na1 and
zuo1.

! After changing decoding method from NLP to Viterbi, fan2
and fou3 can be accepted top 9 set, but deng3 and zuo1 are
rejected instead. Both with NLP and Viterbi, na1 is out of

top 9 set. Those phenomena can be demonstrated as
following. Firstly, Figure 2 and Figure 3 describe the wave
of fan2 in training set and testing set respectively. Here,
main differences exist between two samples are in initial
part (consonant), which can be alleviated by Viterbi
decoding. Secondly, according to Figure 4 and Figure 5, for
word na1, both initial part (consonant) and middle part
(vowel) in testing sample differ from the counterpart in
training set to a large extent, which lead to the rejection
both with NLP and Viterbi decoding. At last, because of the
improper match in time alignment on the principle of
dynamic programming, deng3 and zuo1 are rejected with
Viterbi decoding.

4. CONCLUSIONS AND SUGGESTIONS

According to foregoing experimental results, we can draw
following conclusions:

! With enough training samples, the word accuracy of testing
set of a SD monosyllable recognition system can be more
than 95%, with almost all samples accepted in top 9 set. It
demonstrates that there is still quite large improvement
space with reduction of interferences via inverse process.

! The reinforcement of training samples for those syllables
with sparse training data can obviously improve the
recognition performance, especially for top 9 set.

! All experimental results prove that the NLP decoding shows
a little better performance than Viterbi algorithm in
monosyllable recognition task, with much less time
spending.

The suggestions to future research are presented as following:

! Reduction of interferences in speech signal via inverse
process has potential researching value.

! The target model independent segmental acoustic model
may be one promising direction for future research,
especially to find the underlying advantage in continuous
speech recognition task.

5. References

[1] Ditang Fang, Lei He, and Xia Wang, “Acoustic Model
Assessment for Speech Recognition”, Proc. Oriental
COCOSDA,1999, pp113-116.

[2] M. Xu, “Studies on Target Model Independent Segmental
Acoustic Model”, Ph.D. Dissertation, Tsinghua Univ. 1999.



Appendix:

Figure 2. Wave of fan2 and its initial part (consonant) – in training set

Figure 3. Wave of fan2 and its initial part (consonant) – in testing set

Figure 4. Wave of na1 and its initial part (consonant) Figure 5. Wave of na1 and its middle part (vowel)
Training sample in first line, Training sample in first line,
Testing   sample in second line. Testing   sample in second line.


