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Self-Adaptation Algorithm Based on Maximum A Posteriori
Eigenvoice for Korean Connected Digit Recognition
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eigenvoice 323 Fo] A X Bdg et UStA HE AF3He RS e AN & 2Rk ARgEE
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eigenvoice Y1e]&e) vl3) &3t A5 el

ANgol: Mol AR, S AR, 49N

Exngof: gA44z] £of (2.5)

This paper presents a new self-adaptation algorithm hased on maximum a posteriori (MAP) eigenvoice for
Korean connected digit recognition. The proposed MAP eigenvoice is developed by introducing a probability
density model for the eigenvoice coefficients. The proposed approach provides a unified framework that
incorporates the prior model into the conventional eigenvoice estimation. In self-adaptation system we use
only one adaptation utterance that will be recognized, we use MAP eigenvoice that is most robust
adaptation. In series of self-adaptation experiments on the Korean connected digit recognition task, we
demonstrate that the performance of the proposed approach is better than that of the conventional
eigenvoice algorithm for a small amount of adaptation data.

Keywords - Maximum a posteriori, Speaker Adaptation, Self-adaptation, Speech Recognition

ASK subject classification: Speech signal processing (2.5)
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Figure 1. The experimental results of self-adaptation with
Eigenvoice and MAP Eigenvoice in same telephone
line environment.
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Figure 2. The experimental results of self-adaptation with
Eigenvoice and MAP Eigenvoice in various mobile and
telephone line environment.
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Figure 3. The experimental results of self-adaptation with
Eigenvoice and MAP Eigenvoice in various mobile and
telephone line environment with multi-path decoder.
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