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Abstract
In this paper, we present a comparative study between sponta-
neous speech and read Mandarin speech in the context of au-
tomatic speech recognition. We focus on analysis and mod-
eling of prosodic features, based on a unique speech corpus
that contains similar amounts of read and spontaneous speech
data from the same group of speakers. Statistical analysis is
carried out on tone contours and duration of syllable and sub-
syllable units. Speech recognition experiments are performed
to evaluate the effectiveness of different approaches to incorpo-
rate prosodic features into acoustic modeling. A key problem
being addressed is how to deal with the unvoiced frames where
F0 values are unavailable. We apply the technique of Multi-
space distribution (MSD) to model partially continuous F0 con-
tours. For spontaneous speech, the tonal-syllable error rate is
reduced from the MFCC baseline of 64.8% to 59.4% with the
MSD based prosody model. For read speech, the performance
improves from 46.0% to 36.4%.
Index Terms: Spontaneous speech recognition, Prosody, Man-
darin

1. Introduction
Prosody is an important component of speech. It refers to the
temporal organization of rhythm and intonation. For tonal lan-
guages like Mandarin and Cantonese, pitch-related prosodic
features carry significant linguistic functions. Previous re-
searches showed that prosodic features are helpful in automatic
recognition of read-style Mandarin speech [1]. However, the
incorporation of prosody information into spontaneous speech
recognition has not been very successful. As a matter of fact,
the recognition accuracy for spontaneous speech is generally
much lower than that can be attained for carefully articulated
read speech. It was shown that the performance degradation is
related to the change of speaking rate, complex co-articulation
patterns, pronunciation variation and disfluency in speaking [2]
[3] [4], possibly many other reasons that we do not know.

There were studies that compared the prosody of sponta-
neous speech with read speech. In [10], it was found that
tone-unit boundaries and stresses are positioned differently be-
tween spontaneous and read speech in English. Also, sponta-
neous speech was found to have more pauses. In Mandarin
speech, pitch contours of individual syllables determine the lex-
ical tones. Pitch variation of Mandarin spontaneous speech was
studied in [5]. It showed that the pitch range of spontaneous
speech utterances is noticeably wider than that of read speech.
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In this paper, we investigate the use of prosodic features
in Mandarin spontaneous speech recognition. A comparative
study is made possible by a unique speech corpus that con-
tains Mandarin spontaneous and read utterances from the same
group of speakers. On one hand, a statistical analysis of tone
contours and syllable duration is performed such that the dif-
ferences between spontaneous and read speech can be clearly
seen. On the other hand, Multi-space probability distribution
HMM (MSD-HMM) is used to model the partially continuous
pitch contours in a statistically compact manner [8]. The effec-
tiveness of MSD-HMM was demonstrated on the recognition
of Mandarin read speech and noisy speech [1][13]. Here we
extend it to spontaneous speech and compare the performance
with conventional interpolation methods [6][7].

2. Speech Corpus
There are a total of 490 speakers (gender balanced) in the cor-
pus. For each speaker, both read and spontaneous speech utter-
ances were recorded. The read speech was collected by asking
the speaker to read through a set of given Chinese text, including
modern novels and classical Chinese writings. For the sponta-
neous speech, the speaker was asked to talk freely on a set of
given topics, for example, “Describe your life in Beijing”. The
read speech and the spontaneous speech were recorded with ex-
actly the same hardware and environmental conditions. The raw
recordings were segmented into utterances and each utterance
is accompanied by its Chinese-character transcription. Since a
Chinese character may have multiple pronunciations, a process
of constrained decoding was performed to determine the exact
syllable transcription of the utterance. At the same time, the
time alignment at syllable level was obtained.

The training data for speech recognition contains 50 hours
of read speech and 100 hours of spontaneous speech from
460 speakers. The utterances from the remaining 30 speak-
ers are designated as test data. For the prosody analysis de-
scribed in Section 3, all read-speech training data and half of
the spontaneous-speech training data are used.

3. Analysis of Prosodic Features
3.1. Speaking Rate and Syllable Duration

Each Chinese character is pronounced as a syllable, which is
divided into an Initial and a Final. Most Initials are unvoiced
and thus the tones are carried primarily by the Finals. We de-
fine speaking rate as the number of syllables per second. Other
studies reported that the speaking rate of spontaneous speech
is higher than that of read speech [3][10]. For our speech cor-
pus, the average speaking rates of spontaneous speech and read
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speech are 4.9 and 4.3 syllables per second, respectively.
We further examine the degree of duration compression in

spontaneous speech with respect to read speech, which is de-
fined as duration compression percentageDr .

Dr = (1− Average duration in spontaneous speech
Average duration in read speech

)× 100%

(1)
Dr is computed for syllable segments, Initial segments and

Final segments. The results are shown as in 1. It is noted that
the duration of Finals is compressed more than that of Initials.
Female speech exhibits consistently greater compression than
male speech. The average syllable duration reduces from 223
ms to 197 ms for male speech and from 246 ms to 211 ms for
female speech.

Figure 1: Duration compression percentage of male and female
spontaneous speech.

3.2. Tone Contours and Duration

Mandarin has four basic tones as illustrated in Figure 2. Ad-
ditionally, there is a neutral tone, labeled as Tone 5. For each
utterance in our speech corpus, the voiced parts of the syllables
are located by HMM forced alignment with the information of
syllable transcription. F0 contours of individual syllables are
extracted and their durations are normalized. About 10% of the
frames at the two ends of a contour are removed to discard the
effect of co-articulation. Contours with undetectable F0 values
are not used in our analysis. Figure 3 shows the average F0 con-
tours of the four tones in male speech. Roughly speaking, the
tone contours agree with the phonological tone patterns (Figure
2), but with a less steep slope.

Figure 4 compares the pitch ranges of the two types of
speech utterances. The pitch range is defined to be from the
first-quartile to the third-quartile of the pitch values of all speak-
ers. While spontaneous utterances are not seen a wider pitch
range in this corpus, it is seen that spontaneous utterances have
a lower pitch level than read utterances.

In relation to the shortened syllable and Final duration, the
average tone duration in spontaneous speech is shorter than that
in read speech. Figure 5 shows the statistical distribution of the
duration of each tone for the 230 male speakers in our speech
corpus. While the four basic tones are all shortened noticeably

Figure 2: Illustrative tone contours of four basic tones of Man-
darin.

Figure 3: Average F0 contours of the four tones in read and
spontaneous speech (male speakers only).

in spontaneous utterances, Tone 5, which is the shortest tone
among all, does not compress further.

4. Using Prosodic Information for Speech
Recognition

4.1. MSD-HMM for Prosody Modeling

Multi-space probability Distribution (MSD) was first proposed
by Tokuda et al [8] to model F0 trajectory in an HMM-based
speech synthesis system. The basic idea of MSD is that the en-
tire probability space Ω is divided into G sub-spaces with prior
probability P (Ωg) = wg and

PG
g=1 wg = 1. The observation

vector o is distributed with the pdf pg(o) in several sub-spaces.
The dimensionality of the observation vector in each sub-space
is independent and zero-dimension is allowed. The observation
probability of o is defined by

b(o) =
X

g∈S(o)

wgpg(o), (2)
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Figure 4: Comparison of pitch ranges between spontaneous and
read speech.

Figure 5: Comparison of tone duration between read (left) and
spontaneous (right) speech (male speakers only). The figure
shows the third-quartile, median and first-quartile from top to
bottom respectively.

where S(o) is a set of indices of sub-spaces where o can be
observed.

MSD is effective to characterize piecewise continuous F0
contour without resorting to unnecessary heuristic assump-
tions. In the voiced region, F0 values are regarded as sequen-
tial one-dimensional observations generated from several one-
dimensional sub-spaces. In the unvoiced region, F0 is treated
as an indicator-like, discrete symbol. We use a model similar
to Gaussian mixture model, the most commonly used model in
speech recognition, to represent the output distributions. The
corresponding MSD assumes that the output pdf of the zero-
dimensional, unvoiced sub-space is a Kronecker delta function
and one-dimensional, voiced sub-spaces as mixtures of Gaus-
sian distributions.

4.2. Experimental Setup

Five different designs of acoustic models are experimented.
They are described as in Table 1. MFCC-39 is considered as
the baseline. The other models attempt to include F0 and dura-
tion features in different combinations. For INTP-42 and MSD-
42, the feature vectors are appended with the instantaneous F0
values and their first- and second-order derivatives. In INTP-42,
the F0 features of unvoiced speech frames are obtained by inter-
polation with an exponentially decay function [7]. For MSD-42,
no F0 values are assigned to an unvoiced frame but MSD-HMM
is used to model discontinuous feature parameters. The dura-
tion feature is computed as the interval length from the starting
point of the current voiced segment to the current frame. It is
normalized with respect to the average tone duration [11]. The
long-span pitch is computed by normalizing the pitch value with
respect to the average pitch over the last ten frames of the pre-
ceding voiced segment.

For each of the five designs, gender-dependent models for
read and spontaneous speech are trained separately by their
respective training data. All models are cross-word triphone

Table 1: List of models.

Model Description
MFCC-39
(Baseline)

1 stream, 39 MFCC features

INTP-42 2 streams: 39 MFCC & F0+ Δ F0+ΔΔ F0
Interpolated F0 used for unvoiced speech

MSD-42 2 streams: 39 MFCC & F0+Δ F0+ΔΔ F0
No F0 Interpolation for unvoiced speech

MSD-43 MSD-42 + normalized duration
MSD-44 MSD-43 + long-span pitch

HMMs with three emitting states. Stream-dependent state-tying
technique is applied [12] and about 3,000 states are tied in each
stream. Each state has 32 Gaussian mixture components. The
test data involves 16 male and 14 female speakers. The total
number of test utterances are 1,481 for read speech and 2,609
for spontaneous speech. Since we focus on the resolution of the
acoustic model, tonal syllables are served as the primary output
of decoding, which itself has useful applications such as Man-
darin Proficiency Test [14]. Unconstrained free tonal-syllable
loop grammar is used for decoding.

4.3. Results and Discussion

Table 2 shows the tonal-syllable error rates (TSER) attained by
different models. The results on MFCC-39 give the baseline for
both read and spontaneous speech systems. It is clearly seen
that prosodic features are generally helpful to improve speech
recognition performance. For read speech, INTP-42 reduces
the TSER by 6.9% and 7.3% for male and female speech, re-
spectively. For spontaneous speech, the improvement is less
significant for INTP-42 (0.3% and 1.7% respectively). In other
words, interpolation of pitch contours is more effective for read
speech than for spontaneous speech. By using MSD-HMM to
model undefined F0 of unvoiced speech, the effectiveness of
prosodic features becomes much more prominent for sponta-
neous speech. The TSER of MSD-42 is reduced by 3.5% and
4.1% for male and female speech, respectively. In Mandarin

Table 2: TSER (%) attained by the five acoustic models.

Spontaneous speech Read speech
Male Female Male Female

MFCC-39 69.0 60.6 46.8 45.2
INTP-42 68.7 58.9 39.9 37.9
MSD-42 65.5 56.5 39.4 36.6
MSD-43 64.8 55.9 39.0 35.6
MSD-44 63.9 54.8 38.0 34.8

speech, since many Initials are unvoiced, the absence of de-
tected pitch values can be served as additional information to
locate syllable boundaries. Such information would be lost if
the unvoiced frames are filled with interpolated F0 values. This
explains why the MSD-HMM models are superior to interpola-
tion. MSD-HMM is particularly useful on spontaneous speech.
It may indicate that inter-syllable co-articulation in spontaneous
speech is more severe than that in read speech. The syllable
boundaries cannot be easily located with only spectral features.
The voicing status information supplements the spectral fea-
tures and improves syllable recognition performance.

This conjecture is supported by an analysis of the base-
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Table 3: BSER (TER) (%) attained by the five acoustic models.

Spontaneous speech Read speech
Male Female Male Female

MFCC-39 53.0
(49.1)

42.8
(44.5)

27.2
(34.4)

25.5
(32.4)

INTP-42 54.8
(47.2)

42.8
(41.4)

26.1
(25.8)

24.0
(24.1)

MSD-42 50.9
(44.5)

40.0
(40.1)

24.2
(26.3)

21.4
(23.9)

MSD-43 50.6
(43.8)

39.8
(39.3)

24.2
(25.7)

21.3
(23.1)

MSD-44 50.4
(42.7)

39.4
(38.0)

24.3
(24.1)

21.3
(21.6)

syllable error rate (BSER) and the tone error rate (TER), as
shown in Table 3. For INTP-42 and MSD-42, TER for spon-
taneous speech are reduced by 1.9% and 4.6% respectively for
male speech. However, the use of INTP-42 worsens the recog-
nition of base syllable, from the baseline of 53.0% to 54.8% in
the case of male speech. In contrast, there is a significant im-
provement of BSER from 53.0% to 50.9% for MSD-42. In the
case of read speech, both INTP-42 and MSD-42 produce better
base syllable recognition performance. MSD-42 slightly out-
performs INTP-42. However, TER for read speech is similar
for both MSD-42 and INTP-42 in this test set.

As shown in Table 2 and 3, by including the duration fea-
ture, TSER can be further reduced. This improvement is consis-
tent and comparable between read and spontaneous speech. It is
noted that this improvement is contributed mainly by the reduc-
tion of TER, and the change of BSER is insignificant. MSD-
44 shows another 1% absolute reduction of TSER as compared
with MSD-43. Again, this is mainly due to the reduction of tone
errors. If we compare MSD-42 and MSD-44, TSER, BSER
and TER for spontaneous speech are reduced by 1.6%, 0.5%
and 1.8% for male speech and 1.7%, 0.6% and 2.1% for female
speech respectively.

5. Conclusions
This study is based on a unique speech corpus, which contains
similar amounts of read and spontaneous speech data from the
same group of speakers under the same acoustic conditions.
Thus the recognition performances for the two types of utter-
ances can be directly compared and attributed to the phonetic
and linguistic differences between them. Indeed, there exists a
large gap between the recognition accuracy for read and spon-
taneous speech. It is observed from the speech corpus that
spontaneous speech has a faster speaking rate than read speech.
Therefore, more prominent co-articulation effects are expected.
Our data analysis also shows that the duration of Finals is com-
pressed more than Initials in spontaneous speech. The tone con-
tour shapes in spontaneous speech follow the phonological de-
scription quite well, just like in read speech. We believe that
tone information can make contribution to Mandarin sponta-
neous speech recognition.

It is found that the voicing status, which is obtained dur-
ing F0 extraction, plays an important role in syllable recogni-
tion. TheMSD-HMMmodel is useful in the sense that unvoiced
frames can be labeled explicitly, without the need of F0 inter-
polation. The recognition results shows that MSD-HMM mod-
els outperform the technique of F0 interpolation. The inclusion

of duration feature and long-span pitch feature further improve
the recognition accuracy. For spontaneous speech, the tonal-
syllable error rate is reduced from the MFCC baseline of 64.8%
to 59.4% with the use of prosodic features. For read speech,
the performance improves from 46.0% to 36.4%, averaged over
male and female speakers.
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