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Abstract

In this project, various speech attribution-,

speech event-, syllable boundary-, pitch contour-,

prosodic information- and speaker-
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information-detectors will be studied and act as

the front-end of the next-generation automatic

speech recognizer. The focuses of the research
include:

(1) Mandarin speech attribution, event and other
distinctive  feature detectors including
articulation manner and articulation position

(2) Mandarin syllable boundary detector to
provide syllable timing information

(3) Mandarin pitch contour extraction and
tracking

(4) prosodic information detection and tone
recognizer

(5) speaker profile detectors, including gender,
age, accent and speaking rate

Keywords: next generation ASR, speech
attribution detection, speech event detection,
pitch contour detection, speaker profile detection
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Training Test
Average Average
Manner | count frame count Frame
Vowel 57463 9.57 20911 9.67
Fricative | 21424 9.12 7724 9.20

Stop 25871 4.12 9176 4.11
Nasal 14157 5.68 5104 5.69
Glide 20257 6.40 7822 6.55
Silence | 35877 9.48 12777 9.20
Affricate | 2031 6.98 631 7.08
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bilabial 8796 4,57 3416 4,53
labdent 4210 8.28 1622 8.41
dental 3577 4.90 1320 4.83
alveolar | 32662 6.56 11375 6.60
velar 10648 6.26 3658 6.43
glottal 4547 6.50 1600 6.67
rhotic 11992 7.62 4708 7.82
front 34883 9.07 12503 9.14
central 15684 7.61 5881 7.66
back 14204 | 10.30 5285 10.40
silence 35877 9.49 12777 9.20
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