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Improvement of large vocabulary speech recognition performance based on
high-precision lexical prosody prediction
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Japanese has unique characteristics where lexical prosody often vary when words
are combined together. In speech recognition research, re-ranking is often used to re-evaluate multiple
recognition hypotheses generated from a recognizer and determine the final one. In re-ranking, it is
expected that, by comparing lexical prosody predicted from each of the hypotheses and that estimated from
an input utterance, better re-ranking is made possible. We implemented successfully 1) lexical prosody
prediction from hypotheses and 2) re-ranking of hypotheses based on lexical prosody but it was found to
be extremely difficult to build a module that can estimate lexical prosody information precisely only
from an utterance. Then, we turned into another strategy of applying quasi-prosody to re-ranking. In the
new strategy, structural features are predicted from hypotheses and are also estimated from an input
utterance. Experiments showed a high effectiveness of structural re-ranking.
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