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The Reduction of Computation in MLLR Framework Using PCA or ICA for
Speaker Adaptation
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We discuss how to reduce the number of inverse matrix and its dimensions requested in MLLR framework for speaker
adaptation, To find a smaller set of varigbles with less redundancy, we adapt PCA (principal component analysis)
and ICA (independent component analysis) that would give as good a representation as possible, The amount of
additional computation when PCA or ICA is applied is as small as it can be disregarded. 10 components for ICA and
12 components for PCA represent similar performance with 36 components for ordinary MLLR framework, If dimension
of SI model parameter is #, the amount of computation of inverse matrix in MLLR is proportioned to (X'}, So,
compared with ordinary MLLR, the amount of total computation requested in speaker adaptation is reduced by about
1/81 in MLLR with PCA and 1/167 in MLLR with ICA,
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Table 1. The comparison of word recognition rate when
PCA, ICA, and ordinary MLLR is constrained to
have maximum components.

# ulterances 1 2 . 3 4

CA{order: 16) [ 929 | 951 | 959 | 965
" PCA (order: 36) | 934 | 955 | 962 | 967
"MLLR (order: 36)| 908 | 928 | 943 | 9
R 921 | g2t | e21 | 24
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Table 2. Word recognition rate according to the dimension
of parameters.

R
1] 2| 38| & 558

PZA (order: 10) | 90.7 | 922 | 938 | 95.t | 1/167
TPCA (order: 12) | 912 | 929 | 945 | 956 | 1/81
“PoAforder: 14) | 915 | 937 | 949 | 96 | 1/43
"P3A (order: 16) | 91.8 | 945 | 954 | 96 | 1/25
TCA lorder: 10) | 912 | 926 | 941 | 959 | 1/167
A {order: 12) | 91.8 | 934 | 949 | 961 | 1/81
TICA {order: 14) [| 92.4 | 939 | 954 | 962 | 1/43
" ICA (order: 16) | 929 | 95.0 | 959 | 965 | 1/25
"MLLRA (order: 36)] 90.8 | 928 | 948 | 96 1
) 921 | 921 | 921 | 921
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