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A Study of Automatic Speech Recognition using
Hidden Conditionan Neural Fields
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Recently, there has been increasing attention in automatic speech recog-
nition using discriminative models. Especially, Hidden Conditional Random
Fields(HCRF) is a natural extension of traditional HMM and therefore very
promising. However, because HCRF computes the score of a hypothesis by
summing up linearly weighted feature values, it cannot consider non-linearity
between feature values that will be very crucial for speech recognition. In this
paper, we extend HCRF by incorporating gate function used in neural networks
and propose a new model called Hidden Conditional Neural Fields(HCNF). Dif-
ferently with conventional approaches, HCNF can be trained without any initial
model and incorporate any kinds of features. Experimental results of continu-
ous phoneme recognition on TIMIT core test set using monophone showed that
HCNF was superior to HCRF and HMM trained in MPE manner.
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