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ABSTRACT 
'l'his paper presents a new search strategy for large vocabulary 
continuous Mandarin speech recognition considering the special 
structure of Chinese language. This strategy is composed of a 
forward and a backward passes, between which a high-quality 
syllable lattice is generated to bridge the syllable-level and 
\nlord-level decoding processes. In the forward pass, considering 
the small number of syllables in Chinese language, a frame- 
sJnchronous stack decoder is used to inUegrate the high-order 
syllable N-Gram language model, so as to generate a very 
accurate and compact syllable lattice In the backward pass, 
considering the special monosyllabic wording structure in 
Chinese language, the search space for the word-level decoding 
is expanded dynamically from the syllable lattice, and the best 
word sequence is extracted based on the knowledge provided by 
the word pronunciation lexicon and the word N-Gram language 
model. In the preliminary experiments, it was found that, with 
this strategy, the character error rate can be reduced by more 
than 20% as compared with a previous system using syllable- 
aligned lattice approach on a speaker-adaptive continuous 
speech recognition task. 

1. INTRODUCTION 
During the past decade, several efficient search strategies have 
been proposed for large-vocabulary continuous speech 
recognition, such as A* search, stack decoding [ 1,2], and word 
graph or word lattice approaches [3,4,5]. Among these strategies, 
it is believed that the word lattice approach is the most efficient 
tor dictation of Mandarin speech. The word graph or word lattice 
approach has been studied intensively for western languages 
[3.4,5]. There are many merits for this strategy First of all, a 
imrd graph is much more compact in encompassing all 
promising sentence hypotheses than an n-best list, for which a 
huge I I  is usually required for large vocabulary continuous 
speech recognition. Furthermore, a word graph can be generated 
efficiently using left-to-right beam search algorithms, in 
connection with a tree-organized pronunciation lexicon. 

hstead of generating a word lattice directly, a syllable 
lattice c w  be generated for large vocabulary continuous 
Mandarin speech recognition, considering the special 
monosyllabic structure of Chinese language. In Chinese language, 
each word is composed of one to several characters, and all the 
characters are monosyllabic. There exist more than 10,000 
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commonly used Chinese characters, but only 1,345 
phonologically allowed syllables. Most of the syllables are 
shared by tens of homonym characters. As a result, combination 
of these 1,345 syllables gives almost unlimited nuiiber of 
Chinese words, and the existence of the syllable level in 
Mandarin Chinese becomes an essential key to large vocabulary 
Mandarin speech recognition [6,7]. For example, in a previously 
developed very successful recognition system [6], the acoustic 
matching for the 1,345 syllables is first perfoxmed to select 
enough syllable candidates to construct a syllable-aligned lattice, 
and the linguistic decoding is then performed in the second stage 
to obtain the best output sentence. The selection of syllable 
candidates is based on the syllable boundaries in the recognized 
syllable sequence with the highest score. In this way, the 
candidates of a particular speech segment are forced to have the 
same boundaries, and the lattice generated can be very compact. 
However, due to the aligned syllable boundaries, potential 
information loss herein is apparently not negligible. 

Here we propose an improved search strategy for 
Mandarin speech dictation based on forward and backward 
passes, between which a syllable lattice is generated to bridge 
the syllable-level and word-level decoding processes. The small 
number of syllables in Chinese language makes it possible to 
construct a compact yet accurate syllable lattice using a linear 
syllable pronunciation lexicon in the forward pass. On the other 
hand, the monosyllabic wording structure in Chinese language 
also makes it possible to decode the syllable lattice into a word 
sequence efficiently and accurately using a tree-organized word 
pronunciation lexicon in the backward pass. As opposed to the 
previous system [ 6 ] ,  the syllables in the syllable lattice generated 
in the forward pass are not aligned at all, so as to include as 
much information as possible. High-order language model, such 
as syllable trigram, can also be integrate early in the forward 
pass. This is why compact yet accurate syllable lattices can be 
obtained, and in this way, tighter pruning thresholds became 
feasible with the strong constraints provided by trigram grammar. 
In the backward pass, a multiple-stack backward decoder is 
employed to extract the best word sequence, in which the word- 
level search trees are expanded dynamically from the syllable 
lattice. Quite several useful pruning techniques are also applied 
in the backward pass, such that a significant portion of the 
word-level search space is eliminated without degrading the 
recognition accuracy. 

In the following, the new search strategy proposed here 
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will he briefly summarized first in section 2. The forward and 
backward passes are then explained in details in sections 3 and 4, 
respectively. The experimental results are finally presented in 
section 5 .  

2. SEARCH STRATEGY 
The proposed search strategy contains 2 passes, namely, a 
forward and a backward passes. Between these 2 passes, a 
syllable lattice is generated to bridge the syllable-level and 
word-level decoding processes. In the forward pass, a frame- 
synchronous stack decoder is exploited to decode the speech 
signal at the syllable level. Linear pronunciation lexicon for the 
1345 syllables is used. Possible syllables are hypothesized time- 
synchronously based on the acoustic matching probabilities. 
With the stack decoding algorithm and the linear lexicon, high- 
order language model can be easily integrated in this stage, and 
tighter pruning thresholds can he used. The resultant lattice is 
therefore very accurate yet compact as well. 

The backward pass aims to extract the best word 
sequence from the input syllable lattice, based on the knowledge 
provided by the word pronunciation lexicon and the N-Gram 
language model. Since the input lattice is composed of syllable 
hypotheses instead of words, we need to create the 
corresponding word lattice for the purpose of word sequence 
extraction. However, because in Mandarin Chinese most of the 
syllables have tens of homonym characters, the word lattice 
created directly from the syllable lattice will be very huge. Here 
we derive a tree search algorithm using multiple stacks, in whch 
the search space of word-level decoding is expanded dynamically 
based on the local scores of p m a l  paths. By applying proper 
pruning techniques, many unpromising paths are pruned halfway, 
and their subsequent word-level search tree expansion can be 
eliminated. 

3. FORWARD : SYLLABLE LATTICE 
GENERATION 

The forward pass generates a syllable lattice for the subsequent 
decoding pass, in which the syllable hypotheses are not 
necessarily aligned at all. In this pass, a linear syllable 
pronunciation lexicon is used. With some minor modifications, 
such a syllable lattice can be generated very easily as a by- 
product of Viterbi beam search with n-gram constraints for n 1 2 .  
Whenever a syllable ending state is active after the beam 
pruning, its correspondmg syllable hypothesis is created. 
However, the quality of such a lattice generated in this way could 
be questionable. Ln Viterbi search, each node keeps track of only 
the best preceding node, which may result in syllable hypotheses 
with many different end times hut sharing the same start time. 
Many potential hypotheses are thus very likely to he truncated 
halfway One remedy for this problem is to use very loose beam 
w-idth to generate a gigantic lattice for the next pass, hut the 
overall eficiency of the processes is sacrificed. 

To avoid the problems mentioned above, we need to 
duplicate the states in the search space whenever there are more 
than one promising preceding paths coinciding at the same state. 
Here frame-synchronous stack decoder is used to achieve the 
above goal of state duplication. Conceptually, the stack contains 

all promising partial paths of HMM state sequences, which are 
primarily sorted by the end time and secondarily sorted by the 
accumulated path scores. Therefore, when the system processes 
a hypothesis ending at time t, all of the other hypotheses ending 
before time t have been processed. If the stack size is unlimited 
and no path merger is performed, the fi-ame-synchronous stack 
decoder becomes a breadth-first tree search algorithm If all 
partial paths with the same ending state are merged, it becomes a 
frame-synchronous Viterbi search algorithm. 

An important merit of using stack decoding algorithm is 
the convenience in integrating high-order language models, hut 
the search space will he increased exponentially. To effectively 
constrain the search space, two pruning t echques  are applied. 
First, a certain beam width is used to prune partial paths with 
scores not close enough to the locally optimal path. Secondly, the 
histogram pruning previously proposed [9] is also adopted to 
limit the number of active paths in the stack . Because the high- 
order language model has been integrated, tighter pruning 
thresholds can he used. As a result, the lattice generated in this 
pass can he very compact while accurate as well. 

The complete algorithm for generating the syllable lattice 
as described above, given input speech xl,xz,. . .n, is listed in the 
following. Since the decoder is frame-synchronous, only 2 stacks 
are active while decoding. 

1. 
2. 
3. 

4. 

Set t = 0 and push initial path into sfuck(0). 
Pop the hest path h from stuck(t). 
Extend h to all of its possible succeeding nodes at t+l; 
integrate acoustic matching scores for xI+l. 
If any above path extension is a syllable model transition, 
integrate the corresponding syllable n-gram language 
model probability. 

5. Push all the newly extended path into the stuck(t+ 1). 
6. If stuck(t) is not empty, go to step 2. 
7. For stuck(t+l), perform beam width and histogram 

pruning 
8. If any of the active path in stuck(f+l) is at a syllable 

ending, create a syllable hypothesis. 
9. Increase time t by 1, and go to step 2 until the whole 

utterance is decoded. 

In addition to the above algorithm, the word conditioned 
search technique previously proposed [E?] is also adopted to 
m e r  shrink the lattice. When it is applied previously [SI, 
because of the use of tree-organized pronunciation lexicon; the 
word identity is not known until the tree leaf is reached. When 
n-gram language model is used, a separate copy of the lexical 
tree have to be kept for each of the (n-1) predecessor words. In 
approach proposed here, because linear pronunciation lexicon is 
used instead, the syllable identity is known immediately at the 
starting state of the syllable model. Therefore two paths can be 
merged when they have the same (n-2) predecessor syllables. In 
the case of syllable trigram here, where n=3, only the very 
preceding syllable need to he checked before merging. Also, in 
order not to prune the path too strictly, the criterion for path 
merger is relaxed slightly by some small threshold. So two paths 
are merged only when the difference between their scores 
exceeds the small threshold. In this way, most of the potential 
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syllable hypotheses will be preserved in the lattice 

4, BACKWARD : SYLLABLE LATTICE 
DECODING 

‘The backward pass aims to efficiently extract the best word 
sequence from the syllable lattice, based on the knowledge 
provided by the word lexicon and the word N-Gram language 
model. A backward tree-organized word pronunciation lexicon is 
utilixd here. The pronunciation of each word is composed of the 
corresponding syllables of its component characters. Figure 1 
shows a simplified example of such a backward tree-organized 
pronunciation lexicon. Each arc in the tree is associated with a 
syllable, each lexical state except for the leaves stands for a 
pronunciation sufix, and on each tree leaf is a list of homonym 
hords. 

sax(?) Li3 f37_ Bai4 
( S u n d a y y  

sa3 
(tomorrow) 

%(add) 

Figure 1. A simplified backward tree-organized word lexicon 

In the syllable lattice, each syllable hypothesis s conlains 
information including start time tSfm,(s), end time tends), the 
accumulated forward paha1 path score at syllable level, and the 
syllable hypothesis score. The backward pass uses stack 
decoding algorithm very similar to that used in the forward pass. 
It is frame-synchronous in the backward direction, that is, the 
shortest path is always decoded first. For each time t ,  a stack, 
stuck(t), is initiated to preserve the promising paths starting at t. 
Each path in stuck(t) contains its current lexical state in the 
lexicon tree, and the backward word sequence that has been 
decoded so far. At each iteration, the decoder pops the shortest 
path from the stack, extends it by one syllable in the backward 
direction, and pushes it into the corresponding stack. The path 
extension is described in detail as follows. For each path in 
stuck(t), given a syllable hypothesis s whose tend(s)=t-1, a new 
path h ’ is created, with its lexical state updated according to the 
tree lexicon. When the lexical state of h ’ reaches the tree Ileaf, 
one more word is decoded, and word N-Gram language model 
probability is integrated into the path score. In this case, a new 
tree copy of the lexicon is initiated for this path, and its lexical 
state is reset to the tree root. The newly created path h ’ is :now 
starting at time tx,ar,(s), and is pushed into the corresponding 
stack, stuck(t,,,,,(s)). Note that the path proceeds by one syllable 
&t each extension. Therefore, many stacks are active while 
decoding, and the number of active stacks is roughly equal tcl the 
average duration of the syllable hypothesis in the lattice. 

Many pruning schemes are applicable to limit the search 
space. First, path merger is performed at each stack operation, 
based on the concept of word conditioned search using tree- 
organized lexicon [SI. Two paths are merged at stock(t) when 
both have the same lexical state and identical (n-I) successor 
words, if word n-gram language model is used. Secondly, beam 
width pruning can effectively truncate less promising paths 
based on local information. Different beam widths are selected 
for acoustic model probability, language model probability, and 
the combined score of these 2 knowledge sources. Thirdly, 
histogram pruning [9] can again be utilized to limit the number 
of active paths per time frame. The detailed algorithm is listed in 
the following : 

1. 

2. 
3. 

4. 
5 .  

The 

Set t =T and push initial sentence hypothesis, of lexical 
state 0, into stuck(T). 
Pop the best sentence hypothesis h from stuck(t). 
For each syllable s in lattice with tcno(s)=f-l 

3.1 perform path extension as described above, and 
push newly created path h ’ into stack(t,,(s)). 

3.2 perform path merger, beam width pruning and 
histogram truncation. 

IfstucKt) iS not empty, go to step 2. 
Decrease tune t by 1, arid go to step 2 until the whole 
lattice is decoded. 

5. EXPERIMENTAL RESULTS 
experiments were carried out on a speaker-adaptive 

continuous Chinese speech recognition task. Speech data of 
isolated syllables and phonetically balanced sentences from 40 
male speakers is used to train the speaker-independent acoustic 
models. The speech adaptation data is composed of 260 short 
sentences, corresponding to about 1 0-minute speech in normal 
speaking rate. The test material contains 15 Chinese articles, 
about 4,000 characters, excerpted from local newspapers. Three 
speakers were enrolled in the test. Each speaker produced a set 
of the adaptation material, and 5 articles of the test materials. 

The testing system is described in the following. The 
input speech signal is sampled at 11.02SkHi, md 12 mel- 
frequency cepstral coefficients (MFCC) are extracted every 10 
milliseconds, to which the pitch for tone recognition is 
concatenated to form a 13-dimensional feature vector. The first 
and second order differences are also computed and 
concatenated to the original vector to form a 39-dimensional 
feature vector. The acoustic models are HMM with continuous 
Gaussian Mixture density functions for IlWJAL/FINAL units [6],  
where INITIAL is the initial consonant part of a syllable and 
FINAL is the final vowel part plus optional medial and nasal 
endings. A total of 113 context-dependent INITIAL models and 
167 tone-dependent FINAL models were used. Each HMM is 
composed of 3 states and 4 Gaussian functions per state. 

The lexicon used contains 48210 words, including 13012 
distinct Chinese characters. In the tree-organized lexicon, 7121 
of the lexical states are intemal and 36523 are tree leaves. 
Language models were trained by text corpus of about 20 million 
words from newspapers. Word bigram, syllable bigram, and 
syllable trigram parameters were estimated from these text data. 
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Table 1 lists the word and syllable perplexity values for the test 
materials mentioned above. It can be observed that the syllable 
perplexity is much smaller than that for word, because there are 
only 1,345 syllables, much smaller than the number of words in 
the lexicon. Also, syllable trigram yields much smaller 
perplexity than syllable bigram. It is therefore believed that the 
integration of syllable trigram can moderately reduce the error 
rates. 

I I Word I syllable I syllable 1 

Syllable lattice with 
new search strategy 

Syllable No Bigram Bigram Trigram 

Approaches Syllable-aligned lattice 

, Grammar Grammar 

Table 1,  The word and syllable perplexities of the test data of 15 

Character 
error rate 

articles 

In the experiments, the syllable-aligned lattice generated 
by Viterbi beam search without syllable grammar as used in the 
previous system [6] mentioned in section 1 is taken as the 
baseline system, in which the lattice includes only syllable 
candidates aligned to the same boundaries for each speech 
segment. Here we investigated the effect of integrating syllable 
n-gram into both the baseline system and the new search strategy 
proposed here, as well as the achievable performance of the new 
search strategy. The same word bigram language model is used 
for both approaches in word-level decoding. Table 2 lists the 
character error rates. We see that, for the baseline syllahle- 
aligned lattice approach, integration of the syllable bigram only 
slightly improves the accuracy. This is because the boundary 
alignment assumpticn yields substantial search errors, thus 
inevitably offsets the benefits brought by the syllable bigram. On 
the other hand, the syllable lattice with the new search strategy 
outperforms the baseline significantly. In particular, when we 
upgrade the syllable grammar from bigram to trigram in the new 
syllable lattice approach, the error rate is firther reduced by 
10.5%, which implies a 20.6% error rate reduction as compared 
with the baseline system even including the syllable bigram. 

10.7 9.5 8.5 ,o 

obtained with preliminary experiments on a speaker-adaptive 
continuous Mandarin speech dictation task. 
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