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Discriminative training methods of HMM for sign language recognition

WANG Yuxuan, NI Xun-bo, JIAN G Feng
(School of Computer Science, Harbin Institute of Technology , Harbin 150001, China)

Abstract : The traditional method of training HMM (Hidden Markov Models) is based on ML E (maxi mum
likelihood estimation) . When training samples are sufficient enough, the method can principally gain the
optimal result. However , it is too difficult to get such large data sets practically , especially in sign lan-
guage recognition. Discriminative training method can improve the error rate of ML E, which is caused by
insufficient training data and smilarities among sgn language models. Maximum mutual information esti-
mation as one of discriminative training methods has been widely applied in speech recognition. By taking
competition modelsinto account and setting up mixture sets appropriately , MM IE method was improved
and applied both in signer-dependent and s gner-independent sign language recognition. A great number of
experiments had been taken, showing that this method greatly promoted the ability of the traditional ML E
system.
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Table 2 Recognition resultsfor unregistered sts
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