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ABSTRACT

How to model Chinese tones and integrate them into an
HMM-based recognizer for Chinese recognition has long
been an area of interest to researchers. In this paper, we pro-
pose the use of a polynomial trajectory model to represent
pitch shape. We further propose an efficient one-pass search
approach that integrates the tone likelihood into the Viterbi
search procedure. We report a number of experimental re-
sults on tone classification and tonal syllable recognition in
the 863 corpus. While the improvement in the tonal syllable
accuracy is small, it nevertheless shows the feasibility of the
proposed approaches.

1. INTRODUCTION

It is well-known that Chinese is a tonal language and the
tone identity is needed for correct recognition of the Chi-
nese words. Chinese words are composed of one or multi-
ple mono-syllable units called characters and each charac-
ter is typically associated with one tone. Automatic recog-
nition of Chinese speech requires the accurate recognition
of tones. In this paper, we use the term ”tonal syllables”
to mean the Chinese syllables with particular tones associ-
ated and ”base syllables” to mean syllables without regard
to their tones.

Chinese tones are commonly characterized by the pitch
contour of the syllable and thus are supra-segmental in na-
ture. Because of this, recognition of Chinese tones using an
HMM-based recognizer, which assumes conditional frame
independence, can be difficult. Furthermore, Mel-filtered
cepstral coefficients (MFCC), which are the most widely
used features for speech recognition, explicitly does not fo-
cus on the pitch frequency information. Different approaches
have been proposed for Chinese speech recognition. The
simplest one creates tone-dependent phonetic units, such as
tonal syllables [1]. While this does not explicitly use any
pitch-related features, apparently the MFCCs still capture
enough pitch information for this approach to give reason-
able performance. Another approach [2, 3] is to augment

the MFCC with pitch-related features such as F0. This has
shown to perform better than the using MFCCs alone [5]
but it does not capture the supra-segmental nature of tone.
It also introduces the problem of representing the F0 fea-
tures for the unvoiced frames. To fully capture the supra-
segmental nature of tone, another approach separates the
base syllable recognition and tone recognition into two se-
quential stages [4]. In the first stage, a HMM-based syl-
lable recognizer searches for N best possible base syllable
sequences. In the second stage, tones are identified for the
base syllable sequences found in the first stage. One lim-
itation of this approach is that the tone information is not
included in the search process.

In this paper, we propose to model pitch contour using
a polynomial trajectory model [9] for Mandarin tones and
then propose a 1-pass search algorithm that searches for the
best tonal syllables in an HMM-based recognition frame-
work. The basic idea is to compute the tone likelihood for
each syllable during decoding instead of post-processing.
Because tone is a supra-segmental feature, its likelihood
can only be computed if we know the syllable segmentation.
So, instead of compute the tone likelihood per frame, tone
likelihood is computed at all the syllable ends. Before we
describe our tone modeling approach, we briefly describe
some characteristics of the Chinese syllable structure in the
next section. In Section 3, we then describe the tone model-
ing including the pitch extraction algorithm, the pitch con-
tour and the tone model used. In Section 4, we describe the
integration of the tone likelihood into the Viterbi search al-
gorithm. We then describe our experiments in Section 5 and
conclude the paper in Section 6.

2. MANDARIN SYLLABLE STRUCTURE

Different from the English language, the basic unit in Chi-
nese is characters. Words in Chinese are made up of a se-
quence of one or more characters. Each character is mono-
syllable. In phonetics, it is common to break up a syllable
into the onset and rhyme [7]. Similarly, in Chinese recog-
nition, the Chinese syllable onsets are called ”initial” and
the syllable rhymes are called the ”final”. Similar to an En-
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glish syllable, a Chinese syllable may not have an onset and
this is sometimes represented as an ”null initial”. The Chi-
nese final may or may not have a coda (ending consonant).
In Mandarin, there are 408 different base syllables. Differ-
ent from an English syllable, each syllable can have up to 4
lexical tones and 1 neutral tone. Because pitch is only de-
fined for the voiced regions, it is commonly assumed that
the Chinese tone is associated only with the syllable finals.
Each tone syllable is characterized by its particular pattern
of pitch contour or trajectory. For example, tone 1 has a
flat contour while tone 2 is a rising pitch. The simplified of
pitch contour for tone 1 to tone 4 are shown in Figure 1.
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Fig. 1. The four standard tone patterns in Mandarin Chi-
nese.

Combining tones with the base syllables, there are a to-
tal 1302 different tonal syllables (not all base-syllable and
tone pairs occurs in Mandarin).

3. TONE MODEL

Our tone modeling process includes three major compo-
nents: 1) Pitch extraction, 2) pitch contour fitting and 3)
tone likelihood computation.

The pitch extraction is performed on a frame-by-frame
basis using the cepstrum method [8]. To eliminate the pitch
doubling or halving errors, the extracted pitch is smoothed
using a non-linear median filter [11]. In our other work us-
ing CEP, around 85% of estimated pitch is within 10 Hz
from that obtained using the laryngograph data.

3.1. Pitch Contour Fitting
As we have discussed before, the syllable tone is related to
the shape of the pitch contour across the syllable. Given
the shapes of the five tones shown in Section 2, we pro-
posed to represent the pitch contour by a polynomial. The
coefficients of the polynomial become the features for tone
modeling. There are several advantage in using a polyno-
mial fitting. First, the coefficients are easy to estimate. Sec-
ond, polynomial trajectory models [6] have been used in
speech recognition for modeling the acoustics. That pro-
vides a good theoretical and implementation foundation.

Let F is (F1, F2, .., FN )
′

be a sequence of F0 for a
syllable. The objective is to find the polynomial of order
d − 1 with coefficients βk that best represent F . Let F̂ =

(F̂1, F̂2, .., F̂N )
′

be an estimated vector of F . Each esti-
mated F̂i can be expressed as,

F̂i = β0 + βiti + β2ti
2 + · · ·+ βd−1t

d−1 (1)

where ti = i
N . ti is a normalized time scale so that dura-

tions are normalized and the fitted model is independent of
durations. Equation 1 can be also expressed in the matrix
form as below,
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 (2)

F̂ = T ~β

Different optimization criteria can be used to estimate
~β such as the square error. In this work, we used the least
square error criterion and the set of ~β can be estimated by
the following equation,

~β = (T
′
T )
−1
T
′
F (3)

To simply our discussion, we call ~βj the tone feature for
syllable j.

3.2. Tone Likelihood
The ultimate objective of the modeling is to estimate the
tone likelihood such that the tone information can be com-
bined with the syllabic information in recognition. Let ~βj
and τj be the tone feature and tone class for syllable j re-
spectively τj ∈ {0, 1, 2, 3, 4}. By modeling the tone fea-
tures as a Gaussian mixture, the tone likelihood of ~βj can
be expressed as:

p( ~βj |τj = i) =
∑

l

wi,lN ( ~βj ;µi,l,Σi,l),

where µi,l and Σi,l are the mean and covariance of the l-th
mixture for tone i and wi,l is the mixture weight.

4. SPEECH RECOGNITION

In this section, we describe the integration of the tone likeli-
hood into the HMM-base recognition process. Viterbi algo-
rithm is used to obtain the single most likely state sequence
through a set of models for an utterance. In our system,
this searching process is performed with the ”Token Pass-
ing Model” [12] in which the path metric ψj(t) and the par-
tial path together (called a token) are stored for each state at
each time instance. The token is recursively updated across
time. The use of tokens eliminates the need to perform state
trace-back at the end of the Viterbi search. Furthermore,
at each time for each state, state alignment information for
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past match is also available. The recursive computation of
the path metric ψj(t) at time t and state j is given by,

ψj(t) = maxi{ψj(t− 1) + log(aij)}+ log(bj(Ot)), (4)

where bj(Ot) is the observation probability of observation
Ot at state j. Suppose null node j marks the end of a acous-
tic unit k (for example, a syllable or a word), then, the log
probability is updated using Equation 5, where aij is the
transition probability from state i to state j and i is the last
real node of unit k.

ψt(j) = ψt(i) + log(aij) (5)

4.1. 1 Pass Search Algorithm
To recognize Chinese syllables or words, the tone likelihood
is an extra term that contributes at each syllable end. One
major advantage of using token passing approach for recog-
nition is that it is possible to find the best syllable begin time
from the partial path alignment for a syllable ending at any
time instance. At time t, suppose j is the end node of syl-
lable k which has the tone of tj . Denote B(t, j) the best
word begin time associate with end node j at time j. The
tone feature, denoted as β(B(t, j), t) can be computed using
the polynomial regression and the tone model likelihood is
given by,

p(β(B(t, j), t)|tj) =
∑

l

wl,jN ((β(B(t, j), t);µl,tj ,Σl,tj )).

This tone likelihood can be integrated within the word end
score by adding an extra term in Equation 5 that recursively
compute the path metric ψt(j). The new update equation is:

ψt(j) = ψt(i) + log(aij) + p(β(B(t, j), t)|tj). (6)

It is interesting to note that tone likelihood can be thought of
as a sort of the word insertion penalty and can be weighted
to tune its effect.

4.2. Computation
The above integration requires that the tone feature be ex-
tracted at each time t for all possible duration for all word
ends. This can be computationally expensive. However, we
notice that for two tonal syllables that end at the same time,
begin at the same time and have the same tone, their tone
likelihoods are the same. This implies that tone likelihoods
are computed for each of the five tones at each time for all
possible durations only. Also note that in Equation 3, the
(T
′
T )−1T

′
only depends on the syllable duration and can

be pre-computed. By limiting the maximum syllable dura-
tion to a reasonable number and pre-computing (T

′
T )−1T

′
,

this can be implemented much more efficiently.

5. EXPERIMENTS

5.1. Acoustic Units
Commonly, syllable initials and finals are selected as the
basic acoustic units in Mandarin speech recognition. In our
experiments, our acoustic inventory includes 30 initials (in-
cluding the null initial) [10] and 147 tonal finals plus silence
and short pause. The set of initials and finals is summarized
in Table 1. “(2-3)” means that the final is expanded into
tonal finals for tones 2 and 3. final. Our recognition sys-

Initials b, c, ch, d, f, g, h, j, k,l, m, n, p,
q, r, s, sh, t,x, z, zh, l, m, n, r,
a, e, I, o, u

Tonal ia(0-4),ai(0-4),an(0-4),ang(1-4),o(0-4),ar(4),
Finals e(0-4),ei(1-4),en(0-4),eng(1-4),er(2-4),i(0-4),

iong(1-3),ia(1-4),ian(1-4),iao(0-4),in(0-4),
ing(0-4),iu(1-4),o(0-4),ong(0-4),ou(0-4),u(0-4),
ua(1-4),uai(1-4),uan(1-4),uang(1-4),ue(1-4),
ui(1-4),un(0-4),uo(0-4),v(2-4)

Table 1. Initial and tonal final units for acoustic modeling

tem is HMM-based that uses a left-to-right topology with-
out skips. Initials are modeled by 3 states and tonal finals
are modeled by 5 states. Each state is modeled by using
8 Gaussian mixtures. On the feature extraction, we use 39
features which consist of 12 MFCC plus frame energy and
their first and second derivatives. The training of acoustic
model is performed using the HTK [14].

5.2. Database

All experiments are performed on the Chinese 1998 Na-
tional Performance Assessment (Project 863) [13] corpus
and its sentences are taken from the People’s Daily between
1993 and 1994. In 863, it contains only 2,573 unique sen-
tences as each speakers is read multiple times by different
speakers. In this experiment, we select only speakers from
Beijing accents. 34 speakers (17 male and 17 female) are
selected for training and another 12 for testing. The test set
is designed such that there is no overlap between training
and test speakers sentence. The details of the database are
summarized in Table 2.

863
Type Train Test

Accents Beijing Beijing
No. Speakers 17x2 6x2

No. Utterances 18,668 889
No. Syl/Utterances 12.6 12.4

Table 2. Corpus Structure of 863 training and testing

5.3. Baseline Experimental Result
Our baseline experiments used only the MFCC features for
training and testing. Since our goal is to investigate the ef-
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fect of integrating tone modeling into the recognition pro-
cess, our experiments did not include any language model.
All results are evaluated on tonal syllable accuracy. Our
baseline HMM system gives a tonal syllable accuracy of
50.25%.
5.4. Tone Model
Our tone models were trained using tone labels provided
in the 863 corpus that should reflect the actual tone pro-
nounced by the speakers instead of the canonical tone marks
associated with the character. The latter may be affected by
tone changes commonly observed in Mandarin especially
for the third tone.

To train the tone model, syllable boundarys were used
and were obtained by aligning the syllable labels with the
acoustics using trained HMM models. Since we are mostly
interested in the shape of the pitch contour, pitch values with
a syllable are normalized to have zero mean and unit covari-
ance.

To measure the effectiveness of the tone models and se-
lect the suitable polynomial order, we performed tone clas-
sification experiments. Syllable segments were estimated
by aligning the acoustic with the syllable labels using the
Viterbi algorithm. Different orders of polynomials were es-
timated for each syllable. A simple classifier that selects the
highest likelihood was used to classify the syllable tones and
the results for using a single full-covariance Gaussian tone
model with different orders of polynomial are tabulated in
Table 3. We also investigated the effect of using diagonal
Gaussian mixtures for tone models. However, it does not
perform as well as the single full-covariance model.

Polynomial Order d 3 4 5
Tone Classification Acc. (%) 53.9 49.7 41.3

Table 3. Tone accuracy vs. order of polynomial

5.5. Recognition
We performed tonal syllable recognition using the one-pass
integration of polynomial-fitted tone model likelihood into
the Viterbi search process. Based on the results from the
tone classifier, we used only the quadratic polynomial with
a single full covariance Gaussian resulting in a tonal syllable
accuracy of 50.34% as compared to 50.25% obtained in the
baseline. While the increase in accuracy is small, it does
demonstrate that the integration framework is feasible and
can be explored more fully using more powerful models.

6. CONCLUSIONS AND FUTURE WORK
In this paper, we propose the use of a polynomial trajectory
model for tone modeling. We then propose a one-pass algo-
rithm that can directly integrate the tone likelihood into the
Viterbi recognition framework. The proposed framework
improves the tonal syllable recognition accuracy slightly. In
these experiments, we believe that the tone model can be
further improved. For example, we plan to further explore

the use of mixtures as well as a better polynomial fitting
using the likelihood criterion. Furthermore, the acoustic re-
alization of a phonetic unit is affected by its neighboring
units. This contextual effect is also very noticeable on Man-
darin [4] and the pitch period of each tones can be different
due to neighboring context. We plan to explore the use of
context dependent tone model to capture contextual effects.
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