AR R it " HL =2 Eire Vol. 34 No. 9
201149 A CHINESE JOURNAL OF COMPUTERS Sept. 2011

E T EFHEXSFES R HIE X ERXEFIER
I EE il

REE™ KER A

VOLARM BB SO TR 250014)
P R E A B A AT TR IR B E R A S A dEat 100190)

M OE HEEWREEESRRGMN E R TR LURGE & U R TR IR B A SE T R IR R R A £ L
1% SCHE T R A B B b i B9 1 IR R P P A R G AR AIE B 3R] B T 1k R G AR AIE X DU T 5 REAT A SR I Boosting
37 2 T WS X 224 5 9 A P S A DG R AT LB ) ML T 325 A G R AT BE AT A L Boosting 48 A 23 2 B U B 52 43 1)
T T R TR O X ) M AR SRR SR A% AR BRI 5 1k RS AR AR AL S AR G e AT I Y A
R SCRRIE. BT o Boosting 4 I 41 2 (8] S AR AR R R A% 4 AL 37 B 2R I AR 4 R AT U0 A R IR S AL %R
ARERITE IR T Boosting £ i sr 2 BRI B AL YA 2 . 528 T Boosting £ 1 43 28 18] 4 0 2% 14 Bl AL 3 10 4 55 B Ab.
S A R F Wy 1 B BF M43 28R E ASCCD 15 RHE L REWS 3K A5 84. 8200 T A I IE § . Wi, 5 22 A
FCAb A AR AEAR TR 89 2% 4F T R IR] Ao DI 25 4 Al 3 42D X L » 78 TE B 3 7 18, 3205 16 70 300 A 4. 0120l 1. 67 06y 42
P T3 A SCH X S Y T A AT A A A TG L Il S AT 3 AT D7 EE 5 — AR TR IE T — 2k
WE S EEsE.

XKW F s Boosting 5 S 2 M A 5 5% P BEHL ) « 22 I 2% 5 o [l U 44
HEESKEKS TP319 DOI & 10. 3724/SP. J. 1016. 2011. 01638

Mandarin Stress Detection Using Acoustic, Lexical and Syntactic Features
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Abstract  The stress is important to improve the naturalness, understandability and intelligibili-
ty of speech synthesis system and the correct rate of automatic speech recognition system. In this
paper, we conduct stress detection by using the acoustic, lexical and syntactic features based on
large scale prosodic annotation corpus. Boosting classification and regression tree is utilized to
model the acoustic, lexical and syntactic features, which adequately utilizes the property of the
current syllable. Conditional random fields (CRFs) are utilized to model the lexical and syntactic
features, which adequately utilize the contextual property of the current syllable. The combina-
tion of boosting classification and regression tree and conditional random fields achieves better
classification effect when compared with boosting classification and regression tree model or con-
ditional random fields. The combined model overcomes the efficiency of boosting classification
and regression tree model, and realizes the complementarities with the advantages of boosting

classification and regression tree and conditional random fields. The experimental results indicate
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that the proposed method acquires better classification effect, and achieves 84. 82% stress detec-

tion accuracy rate on ASCCD. Compared with the previous counterpart work in the same condi-

tions (the same training set and testing set), there are 4.01% and 1. 67% improvements respec-

tively in terms of the correct rate. In this paper, we also compare the differences and the similari-

ties between Mandarin stress detection and English pitch accent detection. Based on the feature

analysis on the large scale prosodic annotation corporus, we also verify some linguistic conclusions

in a different way.
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Background

Prosody is generally used to describe aspects of a spoken
utterance’s pronunciation which are not adequately explained
by segmental acoustic correlates of sound units (phones).
The prosodic information associated with a unit of speech,
say, syllable, word, phrase, or clause, influences all the
segments of the unit in an utterance. They are also referred
to as supra-segment that transcends the properties of local
phonetic context. In this paper, the main prosodic event that
we consider is stress (or prominence, highlighting). Stress
refers to the greater perceived strength or emphasis of some
syllables in a phrase. Many research have been done in auto-
matic detection of stress (or prominence. highlighting) in
speech at both the syllable and word level.

Although English pitch accent detection has been studied
extensively, there relatively a few works explore Mandarin
stress detection. In this paper, the Mandarin stress detection
method is proposed, which is the combination of boosting
classification and regression tree (CART) classifier and con-
ditional random fields (CRFs) classifier. Our proposed meth-
od can overcome the efficiency of boosting classification and
regression tree model, and realize the complementarities with
the advantages of boosting classification and regression tree

and conditional random fields. The experimental results indi-

cate that our proposed method could acquire better classifica-
tion effect, and resolve the problem of Mandarin stress detec-
tion very well.

This work is supported mainly by the National High Tech-
nology Research and Development Program (863 Program) of
China Project (Nos. 2006010124073, 2006AA017Z194). The
main task of this project is to research on the key technology
of spontaneous speech to speech translation in the network
environment, and to construct a spontaneous speech to
speech translation system. The research contents of this pro-
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