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Improving Speech Understanding Accuracy
by Using Multiple Language Models and Language Understanding Methods
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Optimal language models (LMs) and language understanding (LU) methods for spoken dialogue systems vary de-
pending on available training data or utterances to handle. Finding their optimal combination is difficult because
much data and expertise are required. We developed a framework for improving speech understanding accuracy
under various situations by using multiple LMs and LU methods. As its experimental evaluation, We used two
LMs such as grammar-based and statistical models, and three LU methods such as finite states transducer (FST),
weighted FST (WFST) and keyphrase-spotting. Six speech understanding results are obtained by combining these
models and methods, and the most appropriate one was dynamically selected by a decision tree for each utterance.
We showed that our method improved speech understanding accuracy compared with those obtained from any
combination of single LM and LU method.

Index Terms: spoken dialogue systems, multiple language models, multiple language understanding methods,
select an appropriate speech understanding result
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