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Abstract 

Cantonese, a syllabically paced, southern Chinese dialect, is 
also a tonal language. A Cantonese syllable can have up to 9 
different tone patterns which are lexically important. In this 
paper after reviewing major approaches to incorporating tone 
information into a large vocabulary continuous speech 
recognition (LVCSR) system, we propose two schemes to 
employ the tone information as a confidence measure for 
improving Cantonese LVCSR performance: either by guiding 
the stack decoder to search through a word lattice or by 
rescoring the N-best strings. It is shown the proposed schemes 
yield 4.2% and 8.0% relative improvement of Chinese 
character error rate, respectively. 

1. Introduction 

Cantonese, a syllabically paced Chinese dialect, is the mother 
tongue of tens of millions of people living in Southern China, 
Hong Kong and overseas. Like Mandarin (Putonghua), the 
official spoken Chinese, Cantonese is also a tonal language of 
which tones are lexical. These lexical tones are essential for 
correct lexical access. 

There have been numerous studies on how to incorporate 
tone information into continuous Chinese speech recognition. 
They can be roughly divided into two categories: embedded 
tone modeling and explicit tone recognition [1]. In the 
embedded tone modeling pitch-related features such as F0 are 
included as extra components in the short-time acoustic 
feature vector and explicit tone dependent models are trained 
accordingly [2-4]. On the other hand, in explicit tone 
recognition, tones are independently recognized in parallel to 
phonetic recognition. The results of tone and phonetic 
recognition is then combined in a post-processing stage [1,5] 
or integrated back into a global search process [6,7]. 

In this paper, we first briefly review Cantonese phonology 
and assess the importance of tone information in large 
vocabulary continuous speech recognition (LVCSR). By 
analyzing the strong and weak points in major approaches to 
incorporating tone information into Mandarin LVCSR, we 
propose to use tone information as a confidence measure for 
improving Cantonese LVCSR. Two schemes: (1) guiding the 
stack decoder to search through a word lattice; and (2) 
rescoring the N-best hypotheses, are proposed and tested. 

2. Cantonese and use of tone in LVCSR 

Cantonese is both monosyllabic and tonal. The basic written 
unit of Cantonese is the Chinese character and almost every 
Chinese character is pronounced as a tonal syllable. Each 
Cantonese syllable can be divided into its initial and final 
which we refer to as Initial and Final hereinafter. The Initial 

includes what precedes the vowel while the Final includes the 
vowel and what follows it. Cantonese is known of being very 
rich in tonal variations and each syllable can have up to 9 
different orthographic tone patterns. In many Cantonese 
transcription systems, e.g. the LSHK system [8], each 
“entering” tone (3 out of the 9 total patterns) is often 
considered as the shortened version of a corresponding non-
entering counterpart. Therefore, only six distinctive tone 
categories, labeled as T1 to T6, are adopted here. 

The fundamental subword unit in our baseline Cantonese 
LVCSR system is a base syllable which is tone independent. 
The output of the system is a sequence of Chinese characters. 
In order to analyze the mutual dependence between tone and 
phonetic information in Cantonese LVCSR, we collect the   
statistics of all misrecognized characters in terms of the 
corresponding base syllables and tones. A breakdown of the 
error distribution is shown in Fig. 1, in which about 30% of 
errors can be corrected if perfect tone is used in phonetic-to-
text (PTT) conversion. This conjecture has been confirmed in 
a previous experiment on CUSent [9]: When correct tones 
were used in a backward Viterbi search, the accuracy of PTT 
conversion rate was improved from 90.70% to 95.81%. 

 

 
 

 
Fig. 1: Distributions of Cantonese LVCSR errors and an 

example 

3. Major approaches to tone integration 

The speech recognition process is defined as 
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where o  is the acoustic observation and s  is the syllabic 
transcription of a hypothesized word w . )|( soP , )|( wsP  and 

)(wP  are the acoustic model, the pronunciation dictionary and 
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 ngo5 gwo3           kap6                                                faat3 

COR:

REC:

14.5% 

wrong tone,  
 correct syllable 30% 49%

6% 
0.5% 

wrong tone and 
syllable 

wrong syllable , 
correct tone 

homophone 
confusion 

syllable deletion or insertion 

INTERSPEECH 2004 -- ICSLP
8th International Conference on Spoken

Language Processing
ICC Jeju, Jeju Island, Korea

October 4-8, 2004

ISCA Archive
http://www.isca-speech.org/archive

10
.2

14
37

/I
nt

er
sp

ee
ch

.2
00

4-
19

4



the language model likelihoods, respectively. For tone 
dependent speech recognition, Eq. (1) can be rewritten as 
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where ts is tonal syllable based transcription.  
Two major approaches have been used in most tone based 

Mandarin LVCSR. We shall use S
to  and P

to   to denote the 

spectral feature, e.g., from MFCC analysis, and pitch related 
feature such as F0, respectively. 

Embedded tone modeling 

In this embedded approach, supra-segmental (pitch) 
features are appended to segmental (spectral) features to form 
an augmented feature vector. The observation probability is 
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If the two feature sets are statistically dependent, this 
approach can model their joint probability. However, the 
concatenated vector tends to enumerate many distinctive 
events which in turn increase the acoustic model complexities. 
Furthermore, pitch is present only in a voiced segment. The 
discontinuities between voiced and unvoiced segments make 
the modeling process difficult. A convenient but not so elegant 
approach has been proposed to interpolate F0 between voiced 
segments to avoid this discontinuity problem [2]. Additionally, 
even it is commonly believed that supra-segmental and 
segmental features should be viewed through different time 
resolutions, a fixed resolution (e.g., every 10 ms) analysis is 
imposed in this concatenation. Although this approach has 
been shown to be effective for improving Mandarin LVCSR 
performance, we have not been able to obtain similar 
improvement in our Cantonese LVCSR [1,10].  

Explicit tone recognition  

In this explicit tone recognition approach, tone recognition 
is performed parallel to syllable recognition. The observation 
probability of tonal-syllable is computed as 
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A separate tone model is independently built. It can take 
the supra-segmental characteristics of tone into account 
explicitly. The time axis normalization can also be optimized 
at both, segmental and supra-segmental, levels. It is 

asynchronous at syllable level ( PS TT ≠ ). In an LVCSR, the 

segmentation performed by the syllable recognition tends to be 
more reliable than that provided by an independent tone 
recognizer. Therefore, the tone recognition is usually done 
after syllable recognition.  

In this approach, several assumptions are implicitly made, 
including: spectral and pitch features are independent of each 
other; and pitch feature is independent of the base syllable 
(BS). The short-time spectral features like MFCC represent the 
vocal tract information, while the pitch features measure the 
vibration of vocal cord. They should be relatively independent 

of each other. We use a speaker dependent corpus CUProsody 
[11] to examine if the following equation is reasonable. 
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We use Mahalanobis distances and Gaussian mixture model to 
perform a discriminant analysis of two models: tone-
independent MFCC models (aa, i) and tone-dependent MFCC 
models (aa1, i1). The latter shows a better discrimination than 
the former. However, using tonal final model in CUSent 
testing data, the improvement on the accuracy of syllable 
recognition is only at a meager level of 0.03% [10]. The 
distribution of Cantonese tones is highly skewed, i.e., it is 
dependent upon the BS. Nearly 30% of BSs can carry only one 
unique tone. More than 50% of the BSs carry at most two 
tones [12]. Therefore we modify Eq (4) as: 
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Cantonese is rich in tonal variations and extensive 
research in this regards has been done for Cantonese tone 
recognition in the past few years [e.g., 1,10]. Recently we 
proposed a novel approach to tone recognition in continuous 
Cantonese speech with an overlapped di-tone Gaussian 
mixture model (ODGMM) [10]. Even it outperforms other 
methods of tone recognition in continuous Cantonese, the 
accuracy is still not high. As shown in Table 1, the recognition 
accuracy by combining the two information sources, denoted 
as TS in Table 1, is much lower than that of tone-independent 
BS. 

Table 1: The performance of base syllable, tone and 
combined tonal syllable  

 BS Tone TS 

Accuracy (%) 82.92 74.68 66.12 
 

We have shown in section 2 that TS with correct tones can 
deliver a 5% gain of PTT conversion rate, erroneous tone 
information still affects PTT conversion negatively [12]. 

In order to solve the above problem, we propose to use 
tone information as a confidence measure to guide stack 
search through the word lattice or to rescore N-best strings. 
The details will be given in Section 4 and 5. 

4. Guided stack decoding in word lattice 

Our baseline Cantonese LVCSR uses a two-pass, tree-trellis 
search [13]. The forward search is a time-synchronous, 
Viterbi trellis search and the search proceeds with a tree-
structured lexicon. The backward search is an A* stack 
decoder where a best first, tree search is performed. Word 
lattice, a compact summary of the reduced search space, is a 
natural byproduct of the forward Viterbi search. The whole 
search is shown in Fig. 2. 
 

 
Fig. 2: A two-pass, tree-trellis search based LVCSR 
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We observe that many word arcs (around 70% in total) in 
the lattice share the same time span and acoustic scores with 
other arcs in the lattice. The language model is then crucial to 
disambiguate these words from their homonyms. Since the 
average number of homonyms is smaller when they are 
transcribed with tone than without tone labels [12], we 
propose to use tone information as an additional help to the 
language model in disambiguating homonyms. 

Word confidence score, which is estimated from word 
feature by classification and regression tree (CART), is added 
into the A* search. The posterior word probability can be 
rewritten: 
 

β= )}()(){|()|( wcwpwopowp                    (7) 
 

where )(wc  is the word confidence score used to modify the 

language model with tone information, and β  is the weight 

of language model score.  
The word level features, which are derived from word 

lattice and used to build the decision tree, are listed as follows: 
 

1) N_AM:  the frame likelihood average of a word 
2) D_AM: the difference of frame likelihood average 

between a hypothesized  word and the top one 
3) LM: the language model likelihood 
4) ARC: word graph density in a given time interval 
5) Y_T: a flag (0 or 1) to mark a full match between 

recognized  and  orthographic tones of a word 
6) T_T: tone label of the recognized tone 
 

To grow the decision tree, word features are generated for 
about 20,000 word tokens, derived from the 10 best 
hypotheses of 1,700 sentences in the CUSent training data. 
The above features and other information are used to form 
questions for building the decision tree successively by the 
maximum entropy reduction principle. 

We have found that the top portions of the decision tree 
are related to features Y_T, ARC and LM. We also use the 
output )(wc  from the decision tree to predict the correctness of 

a hypothesized word. As shown in Table 2, the tone 
information contained in feature Y_T and T_T can improve 
prediction accuracy by 4.7%. 

Table 2: The performance of CART 

Feature Set Accuracy 

N_AM, D_AM, LM, ARC 67.18% 

N_AM, D_AM, LM, ARC, Y_T, T_T 71.85% 
 

5. Rescoring the N-best hypotheses  

Since the output of Cantonese speech recognition is a 
sequence of Chinese characters, it is natural to use character 
error rate to measure the LVCSR performance. By comparing 
the recognized tone with the corresponding orthographic tone 
(in a word), the tone recognition accuracy is also character 
based. In Section 4, we measure the confidence score at word 
level, while in this section we focus on character-level 
confidence measure. We propose a post-processing scheme to 
utilize the recognized tone information to rescore the N-best 
strings. Utterance level confidence scores are used in the 
rescoring process for the N-best hypotheses. Let H = {h1 , h2 

,…,hN} denote the top N hypothesized strings of a given 

utterance. The utterance-level confidence score for hn is 
computed as  
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where )( , lnxc  is the confidence score of the l-th hypothesized 

character in hn and Ln is the total number of characters in hn. 
The post-processing scheme is shown in Fig. 3. 

 
Fig. 3: Confidence measure of hypothesized character 

The reliability of a hypothesized character is measured by 
the posterior character probability, computed as: 
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where )( rhQ  is the total path score of the hypothesis hr. 

),( HxE  is the set of indices of hypotheses that contain the 
character xn,l at the same time interval as the occurrence of xn,l  
in hn. 

The tone matching block checks if the tone of a character 
hypothesis matches with the orthographic one (in the 
corresponding lexical entry). If it is a match, the confidence 
score of that character is assigned a value between 0 and 1, 
according to tone recognition accuracy obtained by experiment 
[12]. This experiment uses correctly aligned syllable 
boundaries and the results are shown in Table 3.  If it is not a 
match, the confidence is set to be zero. In this way, the 
reliability of tone recognition, which varies from one tone to 
the other, is taken into account in the rescoring process. 

Table 3: Tone recognition accuracy using correctly 
aligned syllable boundaries 

Tone T1 T2 T3 T4 T5 T6 

Accuracy (%) 96.4 78.8 72.7 78.1 58.9 74.4
 

6. Experiments and results 

The speech corpus used in our experiments is CUSent. The 
training data consists of 20,000 phonetically rich sentences 
from 34 male and 34 female speakers. It is used to train the 
acoustic models of the baseline LVCSR and the tone 
recognition module. The test data comprises about 1,200 
sentences from a different set of 12 speakers (6 male and 6 
female). 

The baseline Cantonese LVCSR system (CURec) was 
developed at the Digital Signal Processing Lab, EE Dept., the 
Chinese University of Hong Kong [14,15]. The acoustic 
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models are the context-dependent syllable Initial/Final models. 
The acoustic feature vector consists of 12 Mel-Frequency 
Cepstral Coefficients (MFCC), log energy, and their first- and 
second-order time derivatives. The Initial model is an HMM 
with three emitting states, while the Final model is an HMM 
with either three or five emitting states, depending upon its 
phonetic content. The continuous output probability density 
function (pdf) of each emitting state was trained as a mixture 
of 16 Gaussian components. A trigram language model of 
6,400 words was trained on a news text corpus of 98 million 
characters which were compiled from five Hong Kong 
newspapers.  

The tone recognition system uses the overlapped di-tone 
model of Gaussian mixture pdf [10] which models the relative 
pitch level of Cantonese in addition to its contour shape in a 
syllable pair. It characterizes the long-term, intersyllabic 
speech dynamics in both time and frequency. For a given 
sequence of di-tone features, a Viterbi decoder is used to find 
the optimal tone sequence under prespecified phonological 
constraints.  

The baseline results of the Cantonese LVCSR and tone 
recognition are shown in Table 4 and the results of the two 
proposed methods in Table 5. From the two tables we observe 
that by incorporating the tone information as a confidence 
measure to guide the A* search in the word lattice, we can 
improve character accuracy from 80.46% to 81.28%, i.e., a 
4.2% relative improvement of character error rate. By using 
the tone information as a confidence measure to rescore the 
recognized N-best strings further performance improvement is 
obtained. The character accuracy of the LVCSR is improved 
to 82.02%, i.e., an 8% relative improvement. Additionally, the 
statistical breakdown of the error distribution shows that  A* 
search of the word lattice reduces character errors which are 
recognized as correct base syllables but incorrect tones from 
30% to 28.1%, and  rescoring the N-best list  reduces the same 
type of character errors  to 25.8%. 

Table 4: Baseline Cantonese LVCSR and tone recognition 

Tone Character 
 

Top1 Top 5 Top1 Top 10 

Accuracy (%) 74.68 83.04 80.46 87.23 

Table 5: Performance of the two proposed methods 

Word lattice N-best list Character 
Accuracy (%) 81.28 82.02 

7. Conclusions 

We propose to use tone information as a confidence measure 
for improving the Cantonese LVCSR.  In the proposed 
approach we keep the character hypotheses deemed reliable 
intact and exploit the tone information to disambiguate 
confusing character hypotheses. Experimental results show 
that using the tone information as a confidence measure either 
to guide the A* search of the word lattice or to rescore the N-
best list is effective for improving the performance of our 
Cantonese LVCSR. 
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