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maximum likelihood linear regression)[13, 14] ~ Feature-space Eigen-MLLR[15] ~
ML-based SFM(ML-based stochastic feature matching)[16]:+ 2 MAP-based SFM[17]
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EEHAA > 23 Gl A mizmdg o a BF Il 4HE - o35 > B 48482
BEFHRI(- B Gl 2 s B GD)Y »EHE- BEEDETRT Ao EH I
A eh 2 he(5 38) o

4% 2 : BASELINE 12 2 BF s 2 % (WER %)
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e 30t 4= MLLP 2 MLLC # $if 2 doiiy 5 Apdst LCB 4 i dic » LP 4
Sl e f g o 4t MLLP &9 % ¢ ¢ % 2 overfitting hik % > BT
2o AP ET kAl * MAP AP RSl 0 $5fiet dihh SRk kiR o

%3100 ML % P RS ficsies 2 % (WER %)

Test Condition SetA SetB SetC All
MLLP 5.58 6.14 6.32 5.95
MLLR 5.65 6.20 6.33 6.01
MLBC 5.89 6.10 6.62 6.12

MLLCB 5.52 6.26 6.01 5.91
MLLC 5.51 6.52 6.50 6.11
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249 P A N MAP 5 P RSk BB it T Bk S0k S8k & SetA-SetB -
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MAPLP 5.34 6.07 5.94 5.75
MAPLR 5.59 6.28 6.14 5.98
MAPBC 5.86 6.08 6.60 6.10
MAPLCB 5.46 6.22 5.93 5.86
MAPLC 5,51 6.44 6.55 6.09
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