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Abstract In this paper, we propose a method for estimating the statistical divergence between probability distri-
butions by a discriminative approach and the use of language identification tasks. Statistical divergence is widely
used in pattern recognition. For statistical divergence between which is defined as functional for the probability
density function, it was claimed to be assume the shape of the distribution because of the likelihood calculation.
However, if there is mismatch between the assumed distribution shape and the true distribution, the divergence
estimation between events would be not correct. In our proposed method, by using Bayes’ theorem distribution
divergence, we estimate the statistical divergence with the discriminative model. Such as neural network models,
which is not assume the shape of the distribution, discriminative model is possible to estimate the statistical di-
vergence without assuming explicit distribution shape. On the other hand, when the amount of data is small, it
is difficult to integrate the function in the feature space and train neural networks. To mitigate this problem, we
use model adaptation method for neural networks and sampling approach to integrate the function. We use this
approach to language identification task using statistical distribution as speech structure features. The experimental
evaluation results shows our approach can improve the performance than conventional I-vector based approach.

Key words neural network[ divergence between distributionsd language identification, acoustic model
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