To be published in the proceedings of IJCNN, Beijing, 1992

Context-Dependent Connectionist Probability Estimation in a Hybrid HMM-Neural Net Speech Recognition System

Horacio Franco^†, Michael Cohen^†, Nelson Morgan^‡, David Rumelhart^§ and Victor Abrash^†

† SRI International, 333 Ravenswood Ave., Menlo Park, CA 94025 ‡ Intl. Computer Science Inst., 1947 Center Street, Suite 600, Berkeley, CA 94704 § Stanford University, Dept. of Psychology, Stanford CA 94305

Abstract

In this paper we present a training method and a network achitecture for the estimation of context-dependent observation probabilities in the framework of a hybrid Hidden Markov Model (HMM) / Multi Layer Perceptron (MLP) speaker independent continuous speech recognition system. The context-dependent modeling approach we present here computes the HMM context-dependent observation probabilities using a Bayesian factorization in terms of scaled posterior phone probabilities which are computed with a set of MLPs, one for every relevant context. The proposed network architecture shares the input-to-hidden layer among the set of context-dependent MLPs in order to reduce the number of independent parameters. Multiple states for phone models with different context dependence for each state are used to model the different context effects at the begining and end of phonetic segments. A new training procedure that ‘‘smooths’’ networks with different degrees of context-dependence is proposed in order to obtain a robust estimate of the context-dependent probabilities. We have used this new architecture to model generalized biphone phonetic contexts. Tests with the speaker-independent DARPA Resource Management database have shown average reductions in word error rates of 20% in the word-pair grammar case, and 11% in the no-grammar case, compared to our earlier context-independent HMM/MLP hybrid.

1 Intr oduction

Previous work by Morgan, Bourlard, et al. [1, 2] has shown both theoretically and practically that multi layer perceptrons (MLPs) can be successfully used in a hidden Markov model (HMM) system for estimation of the state dependent observation probabilities. Recently this approach was applied to a state of the art speech recognition system [3] in which an MLP provided estimates of context-independent posterior probabilites of phone classes, which were then converted to HMM context-independent state observation probabilities using Bayes rule.

Experience with HMM technology has shown that using context-dependent phonetic models improves recognition accuracy significantly [4]. This is so because acoustic correlates of coarticulatory effects are explicitly modeled, producing sharper and less overlapping probability density functions for the different phone classes.

Context-dependent HMMs use different probability distributions for every phone in every different relevant context. This causes problems due to the reduced amount of data available to train phone models in highly specific contexts. Thus, the resulting models are not robust and generalize poorly. The solution to this problem used by many HMM systems is to train models at many different levels of context-specificity, including biphone (conditioned on the phone immediately to the left or right), generalized biphone (conditioned on the broad class of the phone to the left or right), triphone (conditioned on the phone to the left and the right), generalized triphone, and word specific phone [5,6]. Models conditioned by more specific contexts are linearly smoothed with more general models. The “deleted interpolation” algorithm [7] provides linear weighting coefficients for the observation probabilities with different degrees of context-dependence by maximizing the likelihood of the smoothed models over new, unseen data. This approach is expensive to extend to MLP based systems because, while the tied mixture weights can be “smoothed” together over different context-dependent models, the linear “smoothing” of MLP weights makes no sense. A more