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ABSTRACT
This paper describes a new framework based on one-pass and
decision tree based class-triphone acoustic modeling for
Mandarin LVCSR. Compared with the multi-pass decoder, it
should be more knowledgeable and efficient as all sources are
used at the same time when the decoder could be well organized
and optimized. We give a detail about the organization of our
one-pass decoder and how to handle the search space explosion
by giant number of triphone and cross-word extension dealing
with unknown right context including the tone context. The
experimental results show that the character error rate (CER)
was reduced to 13.04% for open LM and 2.8% for close LM
with non-tonal class-triphone model based on the male test
database from China National Hi-Tech Project 863. And with
tonal class-triphone model, CER reaches 10.31% and has a 21%
relative character error reduction compared with non-tonal
class-triphone model.

1. INTRODUCTION

The search strategy with high efficiency is an important
research direction in large vocabulary continuous speech
recognition (LVCSR). And two search methods are popular,
namely the best first search such as the stack decoder and the
breadth first search such as the traditional frame synchronous
decoder[1][4][5]. In general, the search framework is organized
with the multi-pass or one-pass. Due to the difficulty in the
organization of the one-pass decoder and the real-time
requirement, LVCSR has taken greater progress in last decade
under the multi-pass search framework with advanced acoustic
and language modeling[7][11]. For the multi-pass decoder, all
knowledge sources, in aspects of the pronunciation lexicon, the
context related acoustic modeling, and the n-gram language
model (LM), are incrementally employed from simple to
complex to lead to more accurate and compact recognition. This
means that only parts of knowledge sources are utilized in each
pass and the task of each pass is to construct the reduced search
sub-space for the next pass. The advantage of the multi-pass is
that it is easy to be optimized in each pass to obtain the optimal
performance. But as more and more knowledge sources are
applied, such as long span language model or more detailed
acoustic model, the multi-pass becomes more complex and less
efficient. Furthermore, it must be careful to organize the sub-
space in each pass to reduce the search error. In recent years,
one-pass decoder is becoming more popular, in which all
knowledge sources are integrated [1][4][5]. Theoretically, it
should be more knowledgeable and efficient as all sources are
exploited at the same time, only when the decoder could be well
organized and optimized. It is especially obvious for Mandarin
speech recognition. For example, compared with the western
language speech recognition, Mandarin LVCSR has to handle
the tone information in a proper way to fully benefit its
discriminative ability. In [9], an independent tone HMM is

trained. And the tones and base syllables are separately
recognized using two different sets of models. But it is difficult
to integrate the two separate output streams from base syllable
and tone recognizers. In our proposed one-pass decoder, tone
information is treated as a dimension in feature space and
integrated with other knowledge to direct the search together.

In our previous work, the decision tree based cross-word class-
triphone acoustic modeling is investigated deeply and high
performance is obtained only with acoustic model decoding
[9][12]. In this paper, a new framework based on one-pass is
presented for Mandarin LVCSR with non-tonal or tonal cross-
word class-triphone model and n-gram LM. In the next section,
we discuss how to integrate tone information into class-triphone
acoustic modeling and focus on our proposed unified tone &
class-triphone modeling. In section 3, trigram-look-ahead
technique is introduced to utilize LM as early as possible and to
make a compact and accurate pruning. In section 4, we describe
the organization of the one-pass decoder with high speed and
low memory, which can deal with cross-word extension. In
section 5, some experimental results are given, which show the
one-pass decoder can get high performance and is easy to
integrate tone feature with the decoder. In the last, some
conclusions are made.

2. UNIFIED TONE & CLASS-TRIPHONE
MODELING

Mandarin is a monosyllable-structured language with four
lexical tones plus one neutral tone. Almost 30% words have
respective homonyms when disregarding tones, but the number
is tremendously reduced if tone information is considered. So it
plays a very important role in disambiguating the meaning.

But how to integrate tone information into acoustic modeling is
a significant problem to be handled. Typically two methods
have been proposed to tackle it [9][13]. One is the parallel
decoding of the base syllable and tone, but the problem is how
to align the two separate streams from the two decoders and it is
impossible to segment the speech very accurately in the syllable
decoder without the help of advanced language knowledge.
Another is the total integration, which takes the pitch and its
derivatives as the dimensions of the feature, just like the short-
time energy does, and classifies the acoustic models based on
the tone. To cluster tone based acoustic models, the hard tone
modeling and the soft tone modeling are proposed. For the hard
tone modeling, 37 FINALs are expanded to 37*5 tonal FINALs
or then clustering 37*5 tonal FINALs is to reduce the number of
tonal FINALs. But the experiments show it is not ideal due to
the following reasons. Firstly, severe tone co-articulation in
continuous speech exists and some tones (such as tone 2 and
tone 3) may appear completely same in many circumstances
under the continuous stream. Some tones in lots of Mandarin
speech with some accents can not be clearly distinguished.
Secondly, taking pre-classified tonal FINAL models as the basic



modeling unit will increase the model number significantly,
which requires more training data. And finally, some homonyms
with different tones can be easily discriminated by language
model. So the decision tree based soft tone modeling comes. If
the variance of FINALs with different tones is quite different
each other, we separate them as different models. Otherwise, we
look them as the identical one and classify it further just
according to other context information[13]. The experiments
show it can give higher performance than the hard tone
modeling.

In the recent years, triphones are investigated deeply for
Mandarin speech recognition to model the utterance co-
articulation and to build more accurate models. In [9][11][12],
data-driven decision tree based non-tonal class-trihpone is
proposed. It can not only solve data scarcity for training
triphones by tying HMM emitting distributions, but also
integrate phonological knowledge into the process of clustering
triphones. 21% syllable error reduction has been observed
comparing class-trihpones with diphones based on the decoding
only with acoustic modeling. It shows that class-triphones are
more accurate than diphones and the decision tree is an effective
technique to tie triphones.

In this paper, we further extend the above works to unified tonal
& triphone decoding, and propose tone-embedded decision tree
based class-triphone, called unified tonal class-triphone
modeling. In the method, all tone information about a FINAL,
including its self-tone, left tone and right tone, are treated as
some contexts, which are represented by some questions about
tone, just like the phone contexts used when building the
decision tree. All frames in the training databases aligned by
Viterbi algorithm with non-tonal acoustic models are labeled by
their self tone, left tone and right tone, and their corresponding
left and right phone. From our prior phonological knowledge,
38-tone related and 72-phone related questions are designed,
considering the mutual influence between adjacent phones and
tones and the classification of INITIAL/FINAL and different
tone modes. Based on the above segmented training database
and questions, the decision trees are built for INITIAL and
FINAL respectively. A FINAL with different tones under the
various left/right tone contexts can be classified automatically
by data- and prior knowledge- driven, unlike the hard decision,
which divides non-tonal FINAL into some tonal FINALs
manually and previously. So this soft decision is flexible to
discriminate tonal FINALs and to build robust tonal class-
triphone models according to the data quantity. Our analysis to
the FINAL decision tree shows that most of FINALs are first
categorized according to the tone-related questions. In the
following, three types of the tone related questions and two
types of phone related questions are illustrated.

Example 1: the tone of base FINAL is tone 2 or 3?

Example 2: the left tone is neutral tone, tone 2 or 3?

Example 3: the right tone is neutral tone, tone 2 or 3?

Example 4: the left phone is INITIAL /s/, /sh/?

Example 5: the left phone is FINAL /an/, /ang/?

Example 6: the right phone is INITIAL /s/, /sh/?

Example 7: the right phone is FINAL /an/, /ang/?

3. N-GRAM LM LOOK-AHEAD
TECHNIQUE

As we point out in the above, a well known problem when using
the prefix lexical tree is that word identities are not known until
reaching the tree leaves. Postponing the use of language model
up to the point is disadvantageous as 1) the LM predictive

capability is delayed and weakened, and 2) the DP accumulated
scores is discontinuous at word-ends, both factors affecting the
pruning efficiency and leading to lower speed and more search
errors.

In [3], LM look-ahead technique is proposed to solve the
problem. It factors the n-gram probability across each node in
the lexical tree such that it can be applied incrementally in the
search process, namely LM predictive score. For the n-gram
LM predictive score, it is dependent on its n-1 predecessor
words. Defining the predictive score,
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By the factorization of LM across the lexical tree, LM score can
be used incrementally and synchronously with AM score. It can
make a more compact, predictive, and efficient search
framework.

4. ORGANIZATION OF ONE-PASS
DECODER

In one-pass decoding, the search space is tremendous since
detailed acoustic modeling and n-gram LM are integrated. If it
is not well organized the cost of computation and memory is
unacceptable. Our proposed one-pass decoder with class-
trihpone characterizes the framework organization as frame
synchronous Viterbi search, the class-triphonetic tree
representation of the pronunciation lexicon, high access to LM
and dynamical extension of the token path, and dynamical and
memory management. The complete search can be considered
as the evolvement of the token path along the time axis in the
search space constrained by the lexical tree and the context of
class-triphone.

TOKEN PATH ORGANIZATION

In the frame synchronous Viterbi search, the token paths are
enormous, especially in the beginning phase of the decoding
since being more uncertainty[1]. Generally all token paths are
inserted into a stack. When deciding whether a new token
should be pulled into it, a check operation occurs to find
whether the new token exists. Since the tokens are very large
and it is impossible to keep a different index for each token in
the stack as the limited memory, the check operation must cost
much time as being executed several thousands times at any
frame. According to our statistical analysis to the operation,
about 40 percent of the newly generated token has been in the
stack when extending tokens in between HMM states, and about
90 percent when extending in inter-HMMs. To fast do the
operation, the paths could be organized by the binary search tree
or the hash table. In our experiments, the hash table is much
faster than the binary search tree, and the search time has a half
reduction compared with the binary search tree.



DYNAMICAL MEMORY MANAGEMENT

Before a new token path is inserted into the stack, a memory for
it should be allocated. After a token path in the stack is
deactivated after the pruning, the memory allocated for it should
be freed. It is a dynamical memory management and can reduce
the memory cost. All tokens are pulled into a large stack, called
token-stack, and each data structure allocated for it is called an
item. Another LIFO (last in first out) based stack is to manage
the free items in the token- stack and can be accessed by its top
pointer. LIFO stack is initialized with all items freed. When
inserting a new token, a free item is got from FIFO stack’s top
pointer and then the pointer is moved to the next. When a token
is deactivated, the FIFO stack’s top pointer is moved to the
previous and the item occupied by the deactivated token is
pulled into the FIFO stack. If token-stack is full and no free
item, the token with the minimal score in the token-stack is
compared with the score of the newly inserted token and only
the better token is kept.

TOKEN EXTENSION
Figure 1 illustrates an example of the class-triphonetic lexical
tree. The first INITIAL class-triphone of all words is unknown
and labeled by its mapping INITIAL uniphone, and the last
FINAL class-triphone by its FINAL uniphone1. Their
corresponding class-triphone is dependent on their left or right
context determined dynamically in the search process.

Figure 1 Class-triphonetic lexical tree

In terms of the point where token path extension occurs, three
types of the extension are in the DP search, namely intra-HMM
extension, inter-HMMs extension in the intra-word, and inter-
HMMs extension in the cross-word.

The intra-HMM extension is only constrained by the HMM
topology, the intra-word inter-HMMs extension constrained by
the lexical tree and the cross-word inter-HMMs extension
constrained by LM. For the inter-HMMs extension, consider all
possible permitted right contexts. Assume a token path is now in

the tree node pn with class-triphone )(rsbl +− ( l : the left

contexts, b :the base contexts and )(rs : a set consisting of all

possible right contexts)2. All child nodes and their

corresponding base contexts of pn are denoted by )( pc ns

and )( pb ns , respectively. If no constraint of class-triphone

1 For non-tonal class-triphonetic tree, the FINAL uniphone is non-tonal and
tone information is not labelled in the tree. But for tonal class-triphonetic
tree, the non-tonal FINAL uniphone is divided into 5 tonal FINALs and the
FINAL uniphone in the tree is tonal FINAL.
2 For non-tonal class-triphones, the contexts refer to the uniphones. But for
tonal class-triphones, the contexts refer to the combination of uniphones and
tones.

right context, this token can reach all nodes of )( pc ns . But

due to the limitation of the right contexts of the class-triphone,
this token can only be extended to these nodes whose base
contexts match the right contexts of )(rs , denoted by

)}(),()(|{)( pb nsnrsnsnns ∈= I

If a token reaches the tree node with INITIAL or FINAL
uniphones, a fan-out operation is done. According to its possible
right contexts, all possible class-triphone models are
dynamically constructed.

If a token has reaches the tree leaves, a following fan-in
operation is executed. According to the constraint of class-
triphone right contexts, this token can reach the first level of
next words and a tree copy occurs.

PRUNING

In our proposed decoder, the pruning operation is done
separately after the intra-HMM extension or the inter-HMMs
extension is complete. It is handled by the histogram pruning
technique and the maximal size of active tokens.

OUTLINE OF ALGORITHM

1. Token initialization: fan-out all possible class-triphone
models in the first level of the tree and consider the sentence
may be begin with SILENCE. And generate all initialized
tokens.

2. Intra-HMM extension and token path pruning.

3. Inter-HMMs extension in intra-words and cross-words, and
token path pruning. If a token has reach the tree leaves,
collect words to construct word lattices with their
predecessors and back–trace information at any time.

4. If all frames have been processed, then trace back along the
word lattices and output the recognized sentences. Otherwise,
goto sttep 2).

5. EXPERIMENTAL RESULTS
The main features of our one-pass based LVCSR can be
summarized as follows:

� Feature: 12 dimension MFCC, 1 dimension normalized
energy plus 1 dimension normalized pitch, and their 1 and
2 order derivative MFCC, energy and pitch. The pitch is
extracted through the autocorelation algorithm with the
DP algorithm to smooth it.

� Acoustic modeling: decision tree based gender dependent
class-triphone model for males. Non-tonal and tonal class-
triphone models are trained from the training database
provided by China National Hi-Tech Project 863 with 116
male speakers, respectively.

� Language modeling: Open LM is trained from the corpus
with 387 million words and close LM trained from 15
million words, based on 40K-word lexicon. See Table 1.

� Test speech database:

1. TEST1: 240 sentences by 6 speakers from China National
Hi-Tech Project 863, 40 sentences each speaker.

2. TEST2: 600 sentences with 10 speakers recorded by
ourselves in 1998, 60 sentences each speaker.

Table 2 shows the number of non-tonal and tonal class-triphone

First level

root

Class-triphone

FINAL uniphone

INITIAL uniphone

Leaf node



models. Since considering the self tone of FINAL, its left and
right tone context, the number of tonal class-triphones is much
more than that of non-tonal class-triphone, though the number
of former Gaussian distributions is less than that of the latter.
During the process of constructing the FINAL decision tree, we
have found the tone questions could be asked firstly in most of
the FINAL decision trees. This means that tone feature is an
important discriminative information for the same FINAL with
different tones.

Firstly, two experiments are done with non-tonal acoustic
modeling and open or close LM. Table 3 shows the character
error rates (CER). From this table, CER for open test is 13.04%
and 2.8% for close test. These results are better than that with
the diphone based multi-pass decoder.

Secondly, to understand how much tone information could
contribute to the performance of LVCSR, we make a
comparison based on non-tonal and tonal acoustic model, seen
Table 4. From the results, we conclude the tonal class-triphone
model gives higher performance than non-tonal class-triphone.
For two test databases, TEST1 and TEST2, their relative
character error reductions are 20.9% and 13.3% for open LM,
respectively. These results are very inspiring and first reported
based on the one-pass framework. It demonstrates that the one-
pass framework is efficient and flexible with higher
performance, and it is easy to integrate tone feature into the
decoding.

Table 1 The size of open and close LM

Trigram(Mb) Bigram(Mb)
Open LM 45 35
Close LM 66.5 23.8

Table 2 Class-triphone acoustic model with or without tone

# of
Models

# of
Distr.

# of Mixtre
per State

Without tone 5342 3063 16
With tone 10801 2591 16

Table 3 Character error rate for Open and Close test

Open Test Close Test

CER(%) 13.04 2.8

Table 4 Comparison of character error rate based on acoustic
model with and without for TEST1 and TEST2

CER(%)
non-tonal

CER(%)
tonal

Rel. of
CER(%)

TEST1 13.04 10.31 20.9
TEST2 30.77 26.69 13.3

6. CONCLUSION
In this paper, a one-pass based framework for Mandarin LVCSR
is proposed. The experimental result shows that the new
framework could give higher performance for test speech
databases from China National Hi-Tech Project 863 and our lab.
For the former test database, CER is reduced to 10.31% with
tonal class-triphones. Compared with non-tonal class-triphones,
the 20.9% relative character error reduction can be obtained. It
shows that tone feature is an importantly discriminative
information. We can conclude the proposed one-pass decoder
based on non-tonal or tonal cross-word class-triphone is a very
efficient and flexible framework, especially when integrating
tone feature with the decoder.
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