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Abstract: 1t is a standard approach to concatenate several consecutive frames of acoustic features as input
of a Deep Neural Network (DNN) for an acoustic model in speech recognition. A DNN is trained to map
the concatenated frames as a whole to the Hidden Markov Model (HMM) state corresponding to the center
frame while the side frames close to both ends of the concatenated frames and the remaining central frames
are treated as equally important. Though the side frames are relevant to the HMM state of the center
frame, this relationship may not be fully generalized to unseen data. Since a DNN predicts the HMM state
of the central frame, we propose a new DNN training method to emphasize the central frames. We first
conduct pre-training and fine-tuning with only the central frames and then conduct fine-tuning with all of
the concatenated frames. We call this method “two-stage fine-tuning”. We conducted experiments with the
standard English Broadcast News data and confirmed that the proposed method improved the accuracy of
speech recognition over the competitive baseline systems. Then, in large-scale experiments with more than
1,000 hours of training data collected in the real-life application, we confirmed that the improvement in
speech recognition accuracy was obtained by the proposed method on the deployed system.
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Fig. 1 Connections between input and second layers.

2BOTRTHOL=y OO A%
EHWTW A DIFTIE AW

We call the frame that is at

the center of the concatenated frames the center frame whose associated HMM

state is predicted in the DNN. We call the frames at positions from —m to m

the central frames and the remaining frames the side frames. The connections

between the central frames and the units in the second layer are emphasized in

the proposed method. Please note that only a fraction of the connections are

depicted to reduce the complexity.
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Fig. 2 Flow of two-stage fine-tuning. We first conduct pre-training and fine-tuning with

only the central frames and then conduct fine-tuning with all of the concatenated

frames.
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Table 2 Word Error Rate (WER) and WER Reduction
(WERR) with two-stage fine-tuning (Log-mel).

VSAZENN ' HEERA D 3 (EERZL D =HER) (%)
9 (n=4) (N=RAF1 ) 17.4
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Table 3 Word Error Rate (WER) and WER Reduction
(WERR) with two-stage fine-tuning (Log-mel4+A).
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Fig. 3 Cross-entropy per frame over heldout data when using

Log-mel feature.
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Log-mel+A feature.

1oF2 K3 EA4DODR—ZAFA4 U ERFTOTICHYET 5.

© 2017 Information Processing Society of Japan

B, REFELDIL, o7 Any buoE—-0#n
THEEDPEMLTVD LR TE L, 2F 0, 2 Bk
Fine-tuning Tf5 6 17223 1d, %5 1 B Fine-tuning & 55
2 B[ Fine-tuning TORFIFE TRy 7 HPWR 722 &
ICEELTWAbIFTidRwn. $72, £5 »51%, —EF
ER7 ALY PO —DOBETOUHFELHTNLILE
MERRTAZENTEDL., B, TRy 7EI0DEIE, W)
WALDARDSET LZRETHO /B AL Yy Y =%k LT
Wh, fERFHETIE, —FLEOBYT vy Es
TWAOEWI/OALY P E—-%2RLTWED, 28
F Fine-tuning TlZ, % 1 BMf Fine-tuning THU.LGTEE 7
L—20% AJJE L7236 0 DNN 2852 SN CT\nw b 720,
BNV DALY PO —%2RLTWA,

4.1.4 EEEEICNT Z20MH
RETHEZFIH LT SN DNN 25, B0
HEGE 7 L — A2 BT 5 L) ICFE SN TV L0 T
BT 572012, ERTFHL, ET S 2 B H Fine-tuning
THE SN/ DNN I22WT, ANE L 2 EOREEA
i RNy

BARIZIE, ABNBOME D (i=—n,---,n. i=07F
L7V —4) O7L =005, HEOTTHI=y b
NOFEGEAOMIIE (A OV a; 2RI L7,
a; 1, i D7 L —LDFdRITDL=y ML 2)E
DuFHDOL= y PAOFEEALE v, LET LT, L
ToX (1) TRIE L. B, DIE#MEoRTTHEEL,
Log-mel F5#m % AV 23551213 D = 40, Log-mel+A #¥F
W2 MV AEA121E D = 80, Log-mel+A+AA &
AHOWAGEIIED =120 %454, FLTH2EBOL= Y
Ng U, 13512 TH 5.

Zd:l,---,D Zu:l,---,Uz ‘wfiu| (1)
D x U2 ’

#2, %3, K40, BADRN—ZAFA VL KFTRLE

e b IR B Y # R R LA 7T L O R AT,

a; =

——ftRFIR —o— 55 _E¢féFine-tuning (— EZF&Fine-tuning)
9
8
] 7
v
o 6
-~ 5
N
4
H
~X 3 a A o a Py 2 o & a a Py »
B
N
1
0

o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
IRy 78
E 5 Log-mel+A+AA FEZFM LB EDANV KT k55—
FIFTE IV —LdhizhDrsu ALY buE—
Fig. 5 Cross-entropy per frame over heldout data when using
Log-mel+A+AA feature.
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Table 5 Cross-entropy per frame after DNN training.
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Fig. 6 Averaged weight magnitudes between each frame in the

input layer and the second layer after normal DNN

training (Log-mel feature, n = 4).
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tuning (Log-mel feature, m = 2,n = 4).
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Fig. 8 Averaged weight magnitudes between each frame in the

input layer and the second layer after normal DNN

training (Log-mel+A feature, n = 3).
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tuning (Log-mel+A feature, m = 0,n = 3).
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Fig. 10 Averaged weight magnitudes between each frame in
the input layer and the second layer after normal DNN
training (Log-mel+A+AA feature, n = 3).
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Fig. 11 Averaged weight magnitudes between each frame in

the input layer and the second layer after two-stage
fine-tuning (Log-mel+A+AA feature, m = 0,n = 3).
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+£ 6 50 B OFE 7T— 5 #FH L7 2 Bif Fine-tuning OFi % (Uit h % (CER), itk
FED SO TR FEHEE (CER Reduction: CERR), # i) FE (KER), itk
Filidr 5D 71 F 3 FHIEEE (KER Reduction: KERR))
Table 6 Two-stage fine-tuning with 50 hours of training data. (Character Error Rate
(CER), CER Reduction (CERR) from normal training, Kana Error Rate
(KER) and KER Reduction (KERR) from normal training are shown).

DNN AT SRR D B (CUTRR D) SR (%) H TR B (1 RA D SR (%)
FEAE 7L—0% A1 5 AU 2 Ty yA7 1 A7 2 Ty
WERTFE 11 20.45 31.67 26.06 12.25 15.21 13.73

1— 11 (m=0) | 20.44 (0.06) 32.22 (—1.71) 26.33 (—0.83) | 12.25 (0.00) 15.35 (—0.93) 13.80 (—0.44)

2 Bt 311 (m=1) | 20.17 (1.39)  31.12 (1.74) 25.64 (1.57) | 12.11 (1.16)  14.95 (1.70) 13.53 (1.43)

Fine-tuning | 5 — 11 (m=2) | 20.12 (1.61)  31.01 (2.09)  25.57 (1.85) | 12.09 (2.32)  14.71 (3.30)  13.40 (2.29)
7—11 (m=3) | 19.96 (2.40)  31.44 (0.73) 25.70 (1.57) | 11.97 (3.55)  14.97 (1.60) 13.47 (1.95)
9 — 11 (m=4) | 20.21 (1.20)  31.42 (0.80) 25.81 (1.00) | 12.15 (1.33)  14.92 (1.95) 13.53 (1.38)

RT KRHET—5125% 2 B Fine-tuning D%

et (CER), kT2 50

TR Y I (CER Reduction: CERR), 77540 % (KER), EkFEIrHD
71930 FHIHEE (KER Reduction: KERR))
Table 7 Two-stage fine-tuning with large amounts of training data. (Character Error
Rate (CER), CER Reduction (CERR) from normal training, Kana Error Rate
(KER) and KER Reduction (KERR) from normal training are shown).

DNN SRR B (SUTRR D SR (%) J R B (1 RA D SR (%)
B y 271 5 A7 2 SEY ¥ 271 52 2 Sy
kT 16.28 26.80 21.54 9.14 11.48 10.31

2 B¢ Fine-tuning | 16.12 (1.00)  26.42 (1.41)  21.27 (1.20) | 9.05 (1.00) 11.20 (2.37) 10.12 (1.68)
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