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Abstract We propose aggregated EM algorithm that compensates for weaknesses of the EM algorithm by intro-
ducing bagging-like approach to estimate likelihood in the training iterations to avoid overtraining. The algorithm
consists of E-step and M-step as EM and the multiple models used for the bagging-like operation are efficiently
estimated by using a set, of sufficient statistics associated with a partitioning of the training data. Analyses using a
GMM with artificial data show the proposed algorithm is more robust for overtraining than the conventional EM
algorithm. Large vocabulary recognition experiments on Mandarin broadcast news data and Japanese spontaneous
speech data show that the method makes better use of more parameters and gives lower recognition error rates than
EM training.
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