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Abstract

In the next-generation automatic speech
recognition paradigm, two types of speech
detectors, i.e., landmark (to find the articulation
change points in time) and attribute (to find the
manner and place of the articulatory) detectors
are the fundamental building blocks to reliably

detectors and studying the optimal way to
integrate them with our well-established
attribute detectors (done in previous projects).
In the first year, the following items were
carefully studied and implemented:

Syllable-level boundary detector using
temporal structure information —
High-resolution sample-based landmark

detectors will be developed using articulation
parameters. Moreover, hierarchical
syllable-level boundary detectors will also be
implemented to verify the results of the
landmark detectors’ using the temporal structure
constrains of the speech signal.

Keywords: next-generation automatic speech
recognition, speech landmark, speech attribute,
integrated boundary and attribute detection
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