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A Study on A State Clustering-Based Topology Design
Method for HM-Nets
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Abstract A Hidden Markov Network (HM-Net) is a highly accurate and robust acoustic model which represents
a tied-state structure of context dependent Hidden Markov Models as a network[5]. A Successive State Splitting
(SSS) method and its improved ones[6][7] have been already proposed to generate HM-Nets. However, there is a
comrmon problem in these algorithms. The problem is that much amount of computation is required when large
amount of training data is used, because state splitting and parameter estimation are repeated using the training
data. Although topologies of HM-Nets are usually designed with a part of training data and then only their output
density distributions are estimated with all of the data, HM-Nets with large-scale topologies for large vocabulary
continuous speech recognition (LVCSR) cannot be derived. In this paper, we propose a state clustering-based
rapid topology design method to generate high accuracy HM-Nets for LVCSR. In continuous phoneme recognition
experiments, it is shown that the proposed method is a fast algorithm and can generate HM-Nets equivalent to
ones designed by conventional methods when the same training data is used.
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