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Abstract

This paper presents a fast and accurate approach to
continuous speech recognition for Chinese language with very
large vocabulary. Since Chinese language is not alphabetic
and the input of Chinese characters into computers through
keyboards is difficult, such speech input techniques for
dictation purposes are highly desired. Considering the special
characteristics of Chinese language, the approach proposed in
this paper is based on a two-stage recognition concept. The
first fast matching stage utilizes the monosyllabic structure of
Chinese language and provides a word lattice to constrain the
search space of the subsequent stage, while the second
detailed matching stage successfully integrates the acoustic
word models and the Chinese language model. This approach
is therefore much more accurate and faster than our previous
version for such a task[1]. The current experimental system
runs in real-time on SPARC-10 workstation with Chinese
character accuracy on the order of 90.2%, while the previous
version takes more than twice of the time with accuracy of
88.7%.

1. Introduction

As far as the dictation task is considered, there exist at
least 100,000 commonly used Chinese words and more than
10,000 commonly used Chinese characters, and each Chinese
word is composed of one to several characters. In spite of the
extremely large vocabulary, a nice feature of Chinese language
is that all characters are monosyllabic, and the total number of
phonologically allowed Mandarin syllables is only 1345. Also,
Mandarin Chinese is a tonal language, and there exist 4
lexical tones and 1 neutral tone. When the differences among
these syllables caused by the 5 tones are disregarded, the 1345
syllables are reduced to only 408 different base syllables. It
has been found that the vocal tract parameters for Mandarin
speech are only slightly influenced by the tones, therefore the
tones can be separately recognized primarily using the pitch
contour information [2]. This monosyllabic and tonal structure
of Chinese Language is basically the most important key in
Mandarin speech recognition with very large vocabulary, and
the recognition of these 408 base syllables and 5 tones is
therefore usually performed in the systems for such tasks
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In our previous version [1], acoustic matching is
performed in the first stage for the selection of syllable

* to whom all correspondences are sent.
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candidates, and linguistic decoding with a Chinese language
model is performed in the second stage to obtain the output
sentences. The block diagram is depicted in Figure 1. In this
approach, the acoustic and linguistic processors are essentially
separated, and thus the searching result is very likely only a
local optimum. In the newly designed approach presented in
this paper, however, the acoustic matching based on the word
models and the linguistic decoding based on the Chinese
language model are successfully integrated, and to alleviate
the search efforts required by the use of the word models in
continuous speech recognition, we adopt the concept of the
Progressive Search Techniques [6] as the principle of our
search strategy. The basic block diagram for the proposed two-
stage approach is shown in Figure 2. In the first stage, to
utilize the monosyllabic structure of Chinese language and to
deal with the extremely large search space in continuous
Mandarin speech recognition, a fast matching module with
relatively coarse context-independent syllable models is used
to select enough syllable candidates quickly, and a word
lattice is then constructed in the subsequent word formation

‘module from these selected syllable candidates based on the

constraints provided by the lexicon. In the second stage, only
those words within the word lattice are considered, and the
detailed matching module performs a time-synchronous
dynamic programming algorithm, in which the knowledge and
information from the acoustic word models and the Chinese

. language model are naturally integrated within the search

space defined by the word lattice. Furthermore, in order to
handle the serious co-articulation effects on the tonal
characteristics, this approach also integrates the right-context-
dependent tone models through a stack decoder in the second
stage. Experiments indicate that, with these arrangement
mentioned above, much lower probability of search error will
be produced, and fast and accurate recognition of continuous
Mandarin speech can therefore be achieved.

The rest of this paper is organized as follows. Section 2
describes the acoustic modeling and the speech database used
in our experiments. Section 3 is the description of the search
strategy and the experimental results in each stage. Section 4
presents our conclusions.

2. Sub-Syllabic Acoustic Modeling and
Speech Database

Owing to the limited amount of training data, the
acoustic models used in the training phase are a set of
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INITIAL/FINAL sub-syllabic models, while the syllable
models and the word models used in the recognition phase are
the concatenation of these INITIAL/FINAL's. Conventionally,
each Mandarin base syllable can be decomposed into an
INITIAL/FINAL format very similar to the consonant/vowel
relations in other languages. Here INITIAL is the initial
consonant part of a syllable, while FINAL indicates the vowel
or diphthong part but including optional medial and nasal
ending. In Mandarin, there is totally 22 INITIAL's and 41
FINAL's. Experiments show that the co-articulation effects
within a syllable are much more significant than those across
syllables, and the acoustic characteristics of the INITIAL
within a syllable is highly dependent on the FINAL. Therefore,
when taking the following FINAL's into account, the 22
context-independent INITIAL's can be further expanded to 113
context-dependent INITIAL's. As for the tcnes, because their
acoustic characteristics are easily affected by the very
following tones, such as the tone sandhi phenomena, we
derive in this paper 5*5=25 right-context-dependent tone
models in addition to the 5 context-independent tone models.
The topologies of CHMM's for these sub-syllables and tones
are all left-to-right with two transitions without skipping, and
the state number is 3 for the INITIAL, 4 for the FINAL, and 7
for the tone. For each state of these models, the observation
probability function is the partitioned Gaussian mixture (PGM)
density function.

In our experiments, the speech database consists of four
speakers, two males and two females. The results reported
here are the average of the four. Each speaker uttered 3 sets of
the 1345 isolated Mandarin syllables and a set of phonetically
balanced continuous Mandarin sentences (including 200
sentences or 1514 syllables) for training, and still another set
of short articles for testing. All the recorded materials are
obtained in an office-like laboratory environment, and are
digitized with a sampling frequency of 16kHz. The feature
vector for the base syllable recognition is derived from
cepstral coefficients with dimension 30, and that for the tone
recognition is derived from pitch and energy with dimension 6.

3. Search Strategy

The search process can be roughly divided into two
stages, fast matching and detailed matching. The fast
matching stage is composed of the fast matching module and
the word formation module, while the detailed matching stage
contains a detailed matching module and a stack decoder to
integrate the right-context-dependent tone models. These
modules will be further described in the following subsections.

3.1 Fast Matching Module

The main purpose of the fast matching module is to
generate syllable candidates very quickly, and, after the word
formation process, provides the detailed matching module
with useful heuristics to constrain the large search space
encountered in the next stage. In this module, the acoustic
models used are CHMM's for the 22 context-independent
INITIAL's, 41 context-independent FINAL's and 5 tones , and
in each state of the CHMM's, the mixture number for the
PGM is 1. This leads to a small number of states that is
only 22*3+41*4+5*7=265 in the search space, and so is the
mixture number. This is the reason that the fast matching
module of the first stage can select syllable candidates very
quickly.
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The algorithm used in this module is described as
follows. Firstly, the fast matching module performs a Viterbi
beam search for the recognition of the base syllable, and
divides the continuous speech signals into segments through
the Viterbi alignment process. Secondly, for each segment of
the continuous speech, acoustic matching scores for 416 base
syllables and 5 tones are computed separately. At last, these
two kinds of matching scores are aggregated and the top n
tonal syllables are selected. The syllable inclusion rates with
respect to different candidate numbers are listed in Table 1.
Since large number of syllable candidates will result in
complicated word lattice after the process of the word
formation module, and the inclusion rate with 40 syllable
candidates is approaching 100%, in our preliminary
experiments we will only select at most 40 syllable candidates
in this stage. Also, owing to the use of the coarse context-
independent models, the selection of the syllable candidates in
the fast matching module can be finished in 0.42 time of real-
time on a SPARC-10 workstation in our experiments.

3.2 Word Formation Module

After the selection of the syllables, the word formation
module constructs a word lattice from these syllable
candidates according to the lexical constraints provided by the
lexicon. A word lattice is a directly acyclic graph (DAG) with
each node representing a Chinese word and each transition arc
associated with a word class bigram probability. In Chinese
language, because every tonal syllable is shared by many
homonym characters, such a word lattice generated above can
be very large and complicated, especially when top » tonal
syllables are included and n is large. Since the search space of
the next stage is roughly proportional to the number of nodes
in the word lattice, a fast word lattice reduction operation is
required to effectively eliminate redundant words that are
impossible to belong to the correct word sequence.

Similar to the search algorithm presented in [7], the
word lattice reduction operation is based on a forward-
backward process. In the forward pass, each node i records the
highest language model score, ¢z , of all the paths from the
starting point, while in the backward pass records the highest

language model score, /i, from the ending point. After the
forward and backward passes, a pruning threshold is used to

remove node i if the best path scores passing this node,

o+ f3, is below the threshold. Experiments show that the

word lattice reduction process can be finished in negligible
time on a SPARC-10 workstation, and, with this reduction
operation, the search space can be further reduced by more
than 70% without degrading the recognition accuracy.

3.3 Detailed Matching Module

In the second stage, the detailed matching module will
match each node within the word lattice with a delicate
acoustic word model using the original speech signal again,
and the linguistic decoding process based on the word-class
bigram Chinese language model is also performed
simultaneously. The acoustic word models used here are
constructed from the 113 context-dependent INITIAL's and 41
context-independent FINAL's, and in each state of these sub-
syllabic CHMM's, the mixture number for the PGM is 3.
Although the search space in this stage seems much larger
than that in the previous stage, the constraints provided by the
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previous stage will turn out to be useful heuristics for the
search process of the detailed matching module.

The heuristics provided by the first stage are threefold.
First of all, only those words within the word lattice are under
considerations in this stage. This will significantly reduce the
search space compared with the conventional search algorithm
when word models and a linear lexicon are used. Secondly,
the obtained segmentation points in the previous stage will
provide the detailed matching module with useful temporal
constraints. The search process of the detailed matching
module is a kind of modified Viterbi search algorithm, that is,
at each time 7, only those active word models need to be
computed. Moreover, the word lattice also provides transition
grammar for the detailed matching module. With the
transition grammar, model transition from word model i to j
can occur only when there exists an arc within the word lattice
connecting these two words. Experiments show that, with the
addition of these temporal constraints and the transition
grammar, the search effort can be further reduced by a factor
of about 7.

Each step of the detailed matching module is described
as follows. Firstly, the active interval for each word within the
word lattice is computed using the segmentation points of
syllables obtained in the previous stage. Because the acoustic
models used in the first stage are relatively coarse, and the
segmentation points provided by the fast matching module are
not supposed to be very accurate, these active intervals need to
be relaxed by a range to ensure inclusion of the actual
intervals. In our experiments, a relaxation of 5 frames on both
starting and ending time for a word model is enough to
preserve the recognition accuracy. Secondly, with the
assistance of the temporal constraints and the transition
grammar, the detailed matching module performs a modified
Viterbi search on the search space defined by the acoustic
word models and the speech signal to select the best word
sequence. Because of the use of the acoustic word models, the
word-class bigram probabilities are naturally integrated into
the search process at the model transitions.

The experimental results for character accuracy with
‘respect to different number of syllable candidates are listed in
Table 2. In contrast to the results obtained in our previous
version[1], which claimed that more candidates lead to higher
degree of ambiguity and lower recognition accuracy, it can be
found from Table 2 that the best recognition accuracy
achieved here is 87.6% when top 40 syllable candidates are
included. Furthermore, the recognition accuracy is not
degraded as the candidate number increases, though the
degree of ambiguity caused by the confusing syllables is
enlarged. This immunity from the increasing ambiguity of our
approach is primarily due to the well integration of the
acoustic and linguistic processing into a single stage. With
this in mind, we will continue to integrate the tone models in
this stage.

3.4 The Integration of the Right-Context-
Dependent Tone Models

The integration of the right-context-dependent tone
models is accomplished by a backward stack decoder after the
forward time-synchronous detailed matching. In order to
provide the stack decoder with good heuristics, an extra
forward trellis search for these tone models is required in
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-addition to the original detailed matching for the word models.

In this extra forward trellis search, the system records the best

accumulated tone matching scores, &T(t) , at each time 7 over
all states in the following equation :

&T(t)=mj2X(ZT(j,t) 1

where ar(j,f) is the tone matching score from the starting to

state j of the tone models at time 7. With these searching
heuristics for the tone models, we can derive the heuristic

function h(i,f) for state i of the word models at time ¢ from
the following equation :

h(i,t) = aw(i,t) + ar(t) 2)
where aw(i,t) is the exact accumulated score for the word

models. Because the tone matching heuristics, ar(f), is a

maximum at time #, the heuristic function A(i,f) is A*
admissible in this stage regardless of the information loss in
the previous stage.

After the integration of the tone models, the
experimental results for the character accuracy with respect to
different number of syllable candidates are listed in Table 3.
Compared with the results in Table 2, the recognition
accuracy is consistently improved, and the best one achieved
here is 90.2%. Generally speaking, the time consumed by the
second stage is about 0.6 time of real-time on a SPARC-10
workstation, and the entire recognition of these two stages can
be finished in real-time on the average.

4. Conclusion

In this paper, an efficient two-stage recognition
approach to continuous speech of Chinese language with very
large vocabulary is presented. This approach adopts the idea
of the Progressive Search Algorithm to effectively constrain
the extremely large search space in continuous speech
recognition and successfully integrates the acoustic and
linguistic processing in a single stage. High recognition
accuracy and the immunity from the ambiguity caused by the
confusing syllables can therefore be achieved. The current
experimental system runs in real-time on a SPARC-10
workstation with 90.2% recognition accuracy for Chinese
characters.
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candidate
number 10 20 30 40
inclusion rate(%) | 93,13 | 98.79199.11{99.33

Table 1. The syllable inclusion rate with respect to different
candidate numbers after the fast matching.

candidate
number 10 20 30 40
character
accuracy(%) 8331871874876

Table 2. The character accuracy with respect to different
candidate numbers before the integration of the tone
models.

candidate
number 10 20 30 40
character
accuracy(%) 84.9189.8190.2|90.2

Table 3. The character accuracy with respect to different
candidate numbers after the integration of the tone
models.
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Figure 1. Block diagram for the recognition approach
of our previous version
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