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ABSTRACT

In this paper, we carried out the performance evaluation of HM-Net(Hidden Markov Network) speech recognition system for
Korean speech databases. We adopted to construct acoustic models using the HM-Nets modified by HMMs(Hidden
Markov Models), which are widely used as the statistical modeling methods. HM-Nets are carried out the state splitting
for contextual and temporal domain by PDT-SSS(Phonetic Decision Tree-based Successive State Splitting) algorithm, which is
modified the original SSS algorithm. Especially it adopted the phonetic decision tree to effectively express the context
information not appear in training speech data, on contextual domain state splitting. In case of temporal domain state splitting,
to effectively represent information of each phoneme maintenance time the state splitting is carried out, and then the optimal
model network of triphone types are constructed by tying the pararmeter. Speech recognition was performed using the
one-pass Viterbi beam search algorithm with phone-pair/word-pair grammar for phoneme/word recognition,
respectively and using the multi-pass search algorithm with n-gram language models for sentence recognition. The
tree-structured lexicon was used in order to decrease the number of nodes by sharing the same prefixes among
words. In this paper, the performance evaluation of HM-Net speech recognition system is carried out for various
recognition conditions. Through the experiments, we verified that 1t has very superior recognition performance
compared with the previous introduced recognition system.

Key words ' Hidden Markov Network, Successive State Splitting, Phonetic Decision Tree-based SSS, State
Splitting Mode, HM~Net Speech Recognition System
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