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*Speaker-normalized training of DNN-based acoustic models by simultaneous estimation of weight pa-
rameters and speaker codes, by Y.Kashiwagi D.Saito, N.Minematsu, and K.Hirose (The University of
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Fig. 1 Direct adaptation of DNNs based on peaker
code.
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Fig. 2 Direct adaptation of DNNs based on re-
stricted peaker code.
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Fig. 3 The phone erorr rate of restricted speaker
code based speaker normalized DNN acoustic model
(phone error rate in %) in TIMIT dataset.
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Table 1 The phone erorr rate of restricted speaker
code based speaker normalized DNN acoustic model
(phone error rate in %) in TIMIT dataset.

PER (%)
baseline 21.50
+ BP adaptation 21.42
+ SC adaptation 21.21
SC-based normalized DNN 21.11
+ adaptation 20.98

Table 2 The phone erorr rate of restricted speaker
code based speaker normalized DNN acoustic model
compared with other methods (phone error rate in
%) in TIMIT dataset.

PER (%)
Monophone HMM 34.30
Triphone HMM 30.42
Triphone HMM (SAT) 25.47
Subsupeace GMM 23.06
Basic DNN/HMM 21.50
Proposed 21.11
Proposed + Subspace GMM 20.64
FIIFEE 2 AR Ve, BB, 02 ik

TIMIT D “sa” 7 RUDH>TH2HDTH Y, &
HEICOWTHHDOXE L B> T %, HIEDKED
T—=VTL—Fb, RNy FHA X, TRy 7EFEDON
A R=8F X=FRL, FFEICE W TRREZ
L 7z. baseline (3@ % D DNN TOR#GERTH D,
BP adaptation l&#I 7 — % % H\»T back propaga-
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