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1 Attention-based multiple encoder-decoder
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a, = Softmax(e;) (15)
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F1 a— A
Speaker ID Num. of Session Num. of Utterance
SPKO1 23 138
SPKO02 20 120
SPK03 20 120
SPK04 20 120

LIE L a— A #EERT, a—/SARET
WX, BRI 3 D —r 2 E 1 vy a6 FaHE L,
WERE L IEHE v a v DT = Bk LT, BERE
IXBME A AT OEBRR L) Th D, 7ok, INET
ey a r TEICHREA EEAAL v T OREFEEZMV X
TR EAT > T,

5.2 EERZH

AR D 23—/ 2% T, leave-one-subject-out FRFIEIZ I
DL EBRWFHI 2 £ LTz, 4 L OHBRED S B 24 %%
Br—r L L, &Y 24%, TNEIRGET — & R OFH
T L LTHW, M7 —Z I D 85 2 IE % 1
AR Z TEFHT 4 BOFMEIT, Z DI & e f& i 72
FHIE & LTV,

TR OFMEE 2 17T, SEOKFTIX, XFH
{i£. Hybrid CTC/Attention architecture [10]D3£%E % (ESPnet
[22) & X — R T, ##E T 1L D Attention-based multiple
encoder-decoder % 4 L7z, FH T — X Q&MLD&
ThdrZ b, HARGEMLSHE2— /XX (Corpus of
Spontaneous Japanese: CSJ) [20]1% 7= a8 2 EhE L
Teo £, CS] OEFET —FZ 2T, EifgTra—x
W EBRWEET VDT EE T2, £0%, FELEE
B a—FES LT a— XSy OESEYIHME L L TR
AL, BTy a—XHoak a0t VARKORYE %
1Tolz, 7ed, W= = — 4 0> CNN T X 2 R fli 5
X, ImageNet [17]% W TFEE INTEAZIHMEE LT
PR LT, iz, HBx L a—F 05 IZE, CTC D AW
B %% & CHIH T B Joint CTC-Attention multi-task
learning ZFIH L 72 [10], FHEREICIT, KA9)TEKEND
character error rate (CER) % FH\ /=,

S+D+1
CER = ——— (19)
Z 2T, S,DJI KUY NIZEAEFUEHER » H, HIFRRR D &,
AR, T L CalTHheEE£T,
BETIEOFIMEETGRT 5720, LLTO 2 EHOET
N (i a—FmL) L OkkEITo,
1. CS] D&FEHT — X2 E AW CTHEE LizEeT v
2. CS] OEFMET — ¥ & AW THEE Li-EA %2 0 HE
E LT, FHliZ A2 OF — & THEE (fine-tuning)
LI=ET L
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2 FREM
# CSJ training data 445,068
# utterances in our database 498
# unique characters 3,260
sampling rate 16,000 Hz
window size 25 ms
shift size 10 ms
acoustic encoder type VGG -BLSTM
# acoustic encoder BLSTM layers 4
# acoustic encoder BLSTM units 2,048
# acoustic encoder projection units 1,024

video encoder type

AlexNet-BLSTM

# video encoder BLSTM layers

1

# video encoder BLSTM units

2,048

# video encoder projection units

1,024

acoustic encoder Attention type

Location-based

kernel size in acoustic encoder Attention

100

# filters in acoustic encoder Attention

10

image encoder Attention type

Location-based

kernel size in video encoder Attention

20

# filters in video encoder Attention 10

decoder type LSTM

# decoder layers 1

# decoder units 1,024

learning rate 1.0

dropout 0.2

gradient clipping norm 5

batch size (pretrain) 20

batch size (finetune) 8

maximum epoch 15

optimization method AdaDelta [21]

AdaDelta p 108

AdaDelta € 102

beam size 20

MTL alpha 0.5

CTC weight in decoding 0.3

# 3 EEAER
Model S % D% 1% CER %
CSJ pretrain 23.6 2.5 7.0 33.0

+fine-tuning 5.3 0.9 1.0 7.2
+video encoder 5.2 1.1 0.7 6.9
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5.3 EE#HER

FEBRER AR 3T, CSI DA THEEEToIET L
(CSJ pretrain) DMERENIEF IR, ZAUTEIZFEN Z A
7 EHHDRAFEOEENRKENZDTHD, iz A7 D

2 — /X R % 72 8 (Hine-tuning) (2 £ D KR 72 PERE L
X, BFEMNMEISEIFITMZ, Z ORMGEDZEPMEIK
SN EICERTEEX NS,

REFIEODRTH DN, £ 3 OfER(+video encoder) &
DEfgT a— 5% A5 Z LI X 5T CER 28 7.2%0 b
6.9%\ZUWE I NTZ, ZTHUT XY, Attention |ZFE-D < F AR
MICw LT E—FNERE L CERSEHND Z L OFL)
PERTRIE SN D RER DG BT,

6. HBHYI

ARFIECIL, FERHENEY & FERERF O ER XIS & ORICAT &
POMBBEGRRH 2 LIREL, EFEEEEEANLRD
TN T = AERE AN T D72 728 R D
Pt R L, £z, BEFLEOFMMFTM DD

B RMBAEDOR R X X 7 &3 E L, BERFOH S & Eéﬁ
WLt th O ERRLS DD B D 2 — R A B IUE LTz,
ERETIE L AR 2 — SR & W72 FFM SR Tid. Attention
N 2D F RIS ARG T 2 FRXOF RN
TRINDRERDE LN, SHOMEE LT, HRA
%510 Attention A DM, K VKB 2 — /X2 % JH]
WEREHE 2R E R B D,
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