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Abstract

This work presents a novel architecture using SMM &igen-MLLR for rapid on-line
multi-speaker adaptation in ubiquitous speech neitiog. The recognition performance in
speaker independent system is better than in ctionah speaker dependence system, and
the key point is speaker adaptation techniques. altaptation approach is on the basis of



combine SVM and Eigen-MLLR, generating a classtiama model and building parameters
vector-space for all speakers’ individual trainidgta. While in recognition, to find test
speaker classification by SVM and look for MLLR @areters matrix correspond to speaker
classification, then the MLLR parameters matrix amijinal acoustic model will integrate
into speaker dependent model. Last, we estimatadapted MLLR transformation matrix
set by weighting function with recognition resuhe present MLLR matrix, and Eigenspace.
The estimate result will be used to update the MUiRtrices in adaptation phase. The
experimental results show that the proposed metta improve 5% to 8% speech
recognition accuracy with speaker adaptation.
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Databases | Number of | Prompting Item | Speaking Description
Files Numbers Style
MATDB-1 3600 1-9 spontaneous | Short answering statements
MATDB-2 2000 10-14 read Numbers pronounced in
five different ways
MATDB-3 4800 15-26 read Mandarin syllables
MATDB-4 12000 27-56 read Words of 2 to 4 syllables
MATDB-5 4000 57-66 read Phonetically balanced
sentences
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