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Depth image caption model based on

attention feedback mechanism
DENG Yuanyuan ,SHEN Wei
(School of Information Science and Technology , Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: A depth image caption model based on attention feedback mechanism is proposed for image
caption tasks. The model uses the encoder-decoder framework. The encoder adopts the VGG-16 network
structure to extract the feature information of images. A stacking method is designed in the decoder part to
handle the attention information from top to bottom, so that additional feature information is available for
each layer of network. Then, the feature is extracted from the generated annotation statement, and the
attention feature is combined with the attention area of the image to enhance the matching with the image
attention area, so that the generated annotation statement approximates the real context. Experiments
were carried out on data sets such as Flickr8k, Flickr30k and MSCOCQO. The experimental results show
that the recognition rate of the proposed model is 5% ~ 9% higher than that of the classical image
recognition model.

Key words: convolutional neural network; deep learning; image recognition; attention mechanism

- FBL QA o UG AR AT 45 A S A 4 M DL el /D e A
0 51 7 1o
) T AR,
Fifi 25 7% 5 HL B 5 R R FH AR Ok R IR E EG bR AT 55 A AT B 5 H B % A ok

WA 5 B E A . ARSI TS S F AR BT AR R AR Z A OC R L
LRGN E 2 A B E SRR R B Bl B S 58 A AR TE i 4 . Bernardi 555

e HI . 2018—09—08 P4 H 3 2018—12—28
YEF T AR (1992—) , B IR 22 BN AR 5T AR, 323 AT 4R 1) 7 T B IF ST .
WEEH 8 Hi» E-mail: 120259565@qq. com



%28

it T AR T R AT TR S RN A L
PRk . Hodosh %M 57 7 3 4] F 19 B 1%
AR ARG F A HE P HE SR L 38 2o HE S L Ak A R OC
%, Gong U@ i 4 Mr e I 44 & P 15 B
W 7 B BRI AR B . Cho 8813 i %t Ji
TR Y 6 )3 756 3 B 4% (Recurrent neural network,
RNN) 8 g5 g 8 47 430 1 » i U 1 G B - fift 1) 2%
R K BN — 3 i) 31, Vinyals 25850 F1) ) 3 B2
2 W #% (Convolutional neural network, CNN) 10111
PR B E {E By A LSTM ( Long short-term
memory, LSTM) ") 1§ 35 #f 28 X %% , 3K £ — B X
BR8] bR s br 1 ) 2 0E JLSE iR B . Xu
SELOAR Y — P R R ML A AR TR Y
AE . 7E TR 2 L i R bR A AL rp, SR
T I AL Y 458 Y ] LA A A 3R PR R A AR Y
XFEAF R G B IR B0 bR R 1 A A AR Lk
AR T & WL R BRI s a2 . SR
T G o AS A7 AE A8 0 1) 38 79 O 7 X888, 2R o
A5 K A S 7 DX S8l FHE U 1)1 AR G B B SOk
T DXl A0, A A i DO B AR RO BE A R
R OC T DX IR N 42 3 S 48 1) 3 L I
TR T A A5 v 1 A Ak AR R EL

B A% Gt MG bR AR AL () J2 R B o A S 3R
PP R T R ) SO AL B TR B R bR T AR A
IR SR CNN i 5 — B EE M EE
FIRHEAE B B RRAE 0] f 5 A 2] RNN 1, SR Rt
— PP SRR AL I EOIE B BRI A S TE
B IIHLHN I SCAS S 15t 454 o LA R0 IE i A i L
TR IR S R DL CPE | i A B AR T 1A T A
o HEE,

1 EEANS

CERILHNIR T X AN TS ANKE
Fe 4 SR TRLE L IR i X B % 8 A P AR DX ek it A7
KRB 5 VRN 1 OC T X, LA SR IO R R
B BEFEN BUAE BEAT MBS T8 I 2 it o K 2 0 )
AL L 20 H r s R P A8 e ) A 5 3 X ot
IO F) B TR R T A RS TE TR D . ARG TR
B B R bR A RL T 18] 1 Pl s . AU R T
CNN 2 BB RRAE AR B - 2% e R e AR A5 B i A
# LSTM v, i A LA LSTM fige 5 (9 AN 7] i
205G ARG A TR) DX 3, 2 T A= il B 3 3]
LSTM 40 B0 Az pi i A1) v A s — A B i i
Az il — Boxt R Bk

ABICFEE . BT B I AL AR G bR 1 A A 209
| F1RiE4 S
M I I
T | LsTM{—LsT™ |
| |
CNN | LSTM I {LSTM }
[ [
| | LSTM} ILSTM }
REAE
[l &
v 2 AL ARE
| { {

BT TR PR A B AR A 1Y

FERIHLH P A A LB E B B B —
i 2] LSTM Az a4 AR 285 F i A 8 PR R DX 3
ARG S DX IRAE I — I AT 70 bR e o %
PRECT A AR N e = fuVisho), Hrf
oy S I 2 B REROIRAS - VS A S
DX f o FEFT 20 PRER

A PR DR B BUE T FIERIBOGTE X Ak L

TR Z,, TUARFERY: Z, = Da.V,, K
oo L RS RS s a, AR

L
TR S a) —exple,) / S explen).
k=1

2 ETEENRBNHNREBRGRE
=E

2.1 1REIGEZS

AR A G HOHE A S AR T B SR H G A -
fil i A% 45 48 . g 1 8% R H1 VGG-16 1y W 2% &5
Fa s DLER B W R AR A5 2 o A A 2% 35 2 ok
— P 2% 45 # Q-LSTM, & i LSTM FIvE & 7)
BL A 20 B - DN BT AR Hh 3R B R AIE A7 B, 38 2o 16
FRAE ) 5 09 1 4 . 2 R M R AR T RGBS
HB 43 4l B DB R BBy BRSO m = i
A il — B s B . R A B A 1 1 A
3R BURRAIE S B 56 T R AR RN RS B % 1 X 8 4
B Y5 R R G DG T X 88 DG HE P B A B B AR
FEiE A N SR b . BIAVAE AR A&l 2 Y
s o s f e B A5 BRI 45 DA EZ R B
FRIE M . N A bR EE K E, ¢ #oR
LSTM A i 19 33 & 71, QLSTM i LSTM F1 i
BHWLHI AL, S; FnSHMiEA]; logp(s)
27 TR PP ] 5 KA,



210 o BT R MOARERERD 2019 4F A1 %
r— logp(s) r— log p(s,) N log p(s,)
| | |
| I | ' | I
: Q-LSTM : Q-LSTM > : | Q-LSTM
| | |
| I | 1 | 1
: Q-LSTM : Q-LSTM > : o QLST™
I, [ I
1 L |
: Q-LSTM :ﬁ Q-LSTM P> : | QLST™
| | |
C 1 1 L]

: Q-LSTM :A, Q-LSTM » : —| Q-LSTM

| | |
SRR B i il s il s §
5:) S] AS‘.‘\“—l

B2 BT R RABHILH 0 TR L SR A 1

2.2 YmALESLEH

CNN Zfih i 43, 5o Xt BRI s 34, X &
AN RUEE R A MR T REAILER BY | 5 e | 2060 VR R S 4K
e 7875 AR AT IH— 1k B IR EUSRER L A2
224 X224 MER . 7E CNN $2ECEMR AR R FITE K
PR HLER 25 R 03 8 4R TmageNet b TRIIZRRY
VGG-16 1M 251, VGG-16 FAY (1 45 )2 S 8k
BN 1 PR, HhadE 14 Softmax K i)z .2 4
EEZEM 13 ANEBRE . REGHE Conv-5_3 1Y
GIRREAE, 48 8 O 14 X 14 X512, H b R§ Ak &
Feature map B R/ 14X 14=196, @ 1E%C K 512,

x1 VGG-16 HAWESHIEE
BT BEEXRN K R HEER
Conv-1_1 3X3 1 1 64
Conv-1_2 3X3 1 1 64
Maxpooling-1 2X2 2 — —
Conv-2_1 3X3 1 1 128
Conv-2_2 3X3 1 1 128
Maxpooling-2 2X2 2 — —
Conv-3 1 3X3 1 1 256
Conv-3 2 3X3 1 1 256
Conv-3_3 3X3 1 1 256
Maxpooling-3 2X2 2 — —
Conv-4_1 3X3 1 1 512
Conv-4_2 3X3 1 1 512
Conv-4_3 3X3 1 1 512
Maxpooling-4 2X2 2 — —
Conv-5_1 3X3 1 1 512
Conv-5_2 3X3 1 1 512
Conv-5_3 3X3 1 1 512
Maxpooling-5 2X2 2 — —
FC-6 — — — 4096
FC-7 — — — 4096
Softmax — — — —

7 : Conv FARETHZ s Maxpooling Fnibfb)Z2 ; FC Fm ik
)2 ; Softmax /R )Z,

2.3 fREIFLEH

1% 58 W T TR R T LR B8 PG AR T AR Y L )
CNN MG SR IURAE ) i, SR R RHARE (R B A
# RNN 1, RNN #7518 12 Ve 3% FGAFAIE [6) 7Y
B PRPEME D IR A T KR A FE 880y, i P s X3
WAl B . e R LSTM 55 H ok i A% ey
AR BT . g — KIS 1, R ARt
B A o, BRI S8 i

S={s1s525 5500

RIS AR (1 B KA -

logp(S | I = E;llogp(s‘, | Iy51,1) s
Hrpsi RESHERPE LR — 1T
o pGso | Losyo0) 2R TR Z 05 100 /Y SCAR
St RT s, BRI BENE . HAEARN .

p(sf ‘ I,Sl;z*l) =uCh,),

Horpra G J2hm it s, BEARAYARLAE pR 40 I 2R 0 22
o0 246 2 B BRROIR 2S5 AT FH A R

h, =LSTM(s,,g, h,1.¢,—1),
Horpre, o 2t — 1 ZIAICICHTT, i BJZRBCIRES
AVRAIE R AR T3 S A B T AR RS R
g =¢(A,h),
Hirpr @ (o) ARSI 7 pR R 25 203 7 KUK 25 AR

TERS AR, 2% PR EOR ] — D RIEAE B . X P
AN BESEH TR R T SR 5 8 R R Ak 1] -5 A0 Y

(TP AR )

e TV 0 L 00 PG S o .
RS T AT B B F 7 A 4
AR A 5 TR A 5. S



%28

XRIZET A - T T S AL Y TR PR R b T 2 211

RN ELAR B X G, AT DL 5 Hb2E o) AR B
TSR TN (4 BT 2 B 1) B 2 113X A 48 i R i
UG AP AT I8 ) 1 11 DG T DX, an 2R i 47 700
A 7 DX I RG] 15 A 26 B S OG0 X 38
. B AR SO T — P HE B 0 N 4% S5 4 Q-
LSTM, A Lifi FHuab B I E. RE Q
LSTM W % yi 7 & an & 3 frsn. QLSTM H
LSTM FliE 2 1 LI 2 B W 28 45k 8] 4 fros
B ST AR E RN

g =¢(A,hi "),
Hor b Fm QLSTM (55 k™" 2%, b R4
A e BFZIA (B — D" 2 RRECIRE, g 2K 4
QLSTM HLIT iy — & 4. KR 7 S 1 ¢ B 20 A
(b — D™ ZF| k" RIEET.

log p(s,.,)
Bl 4 REE QLSTM M 45F K]

ARSCAE S 7 S AN T S Q-
LSTM (%4 — )2 7] L3R4S 0 2 AN IE (S B .
Q LSTM £ )2 iy B R T A FRR

h! =LSTM'(s, .kl .cl ),

hi =LSTM"(h}.g; hi 1 .ci 1),

Horp ke >1, BRI 38 J NEE 2T IR A
RBERE Q LSTM HHA77E n J2, 15 5 — )2 A
B s, o SRIEHG b — 2 AR BROECIR S b, FHEHRIX
WHEET g MARI N QLSTM 2, in=4
B AE ¢ B T SR A s, B AR —2 SR
FHRSTECIRAS A FIRFTE RS BT HE Y A R X Sl
7180, ZJEHs gi Ak H AR R AT LIAS 2% H
ki, SRIG kY BN =2 Sl A R 0 e e
71 gl. TR UZHE SRR T AR .
2.4 BEFFEANHHXAREEN

EUGHRE & — D B RUS R A  a FE . AR
LA SRR, S DX R AT A S8 FH ke 3l
PG P — ELRREL B A B — A T A R —
P ) (e R A ERAE . XA B BOGE KBRS
AiA: BbR RS A A L ) A, 36T LA b ), AR S 4R
T T R WL SO U T R SRS
CNN-RNN 54 f5e KX HI7E T 5] AL THER L
il 9 SCAR R R 454 A0 P 225 ARt B3 PR 1) 56 1 IXC
B, SCRMAE RS RO S B RN E 5 PR .

a boy rides a horse

aboy a horse

3
a boy

I él:
Iy B
: o :
t e R
ﬁE L/-.?»‘..'.&-w ﬁ

=

[ g

; ok

| [X 35,

|

|

UIECSE

KIS SOARMAE IS R R s =R

Eﬁ&%/ﬂiﬂﬁ&:%ﬁ ,3:<ﬂ1 9,82 [ ’ﬁ']‘ }s (f

BB AT RN
~expld,)

P ZZ;lexp(dk) ’
Hpod, =ga(h) AEADRIRNEZE S, T &
JSCA Y i B . ga (o) H— D2 Z AL N
SRS SRR AE AT A SR8

T
r= Eﬁzhz o
t=1



2L

L
S

212 oo Tk 2

e CHARBRA RO

2019 4F 45 41 %

IR FR AR Y A B — Ben 73 18], 48 BOhs 1 1
] SRR, SRR RN TN R A OC L 2 R bR
TR A TA Ay 2 rh A o 2 U A B, 5 A b 1
RERSIN Ry S A il s M . il AR 36 )
PEICA OCTERFIEAE 1 R B 7, B bR 1 15 )
FIIRG R FRE AT LA KRR R -

h :Whazi +W,r,
A% =softmax(tanh(h)) ,

Horr, Wy, A EMGOERHERIAE , W, R SCAR G
FRAEAIALE .
3 IBFNLERST

SRVFAG AR SCHE S AR L 78 = A8 A a4
Flickr8k, Flickr30k F1 MSCOCOM) |- #1752 46 Fl
G307 S i AN PE 0 B o BLEUY FIl Meteor '™ i
AT VP, TR0 2 B RIS 1 AR A R AT R % L
SEH RVEAS BT IR A MR
3.1 HiE&E

SEE R = A E O L 4 Flicke8k,
Flickr30k F1I MSCOCO, Flickr8k % 4 % A
8000 5K EIME , Hoh Yl 2R 5 A 6000 3K | 5 ik 1]
F AT 4% 1000 5K . Flickr30k 204 48 47
31784 sREML . A1 29000 sk ER H T I %5, 53 4b
1000 3k F & H F Wik, H 4 H F 5% F.
MSCOCO H#k S 1, Fodls 46 h K24 —2F 19 BIMR
2R o RN S IR TR AT AR DL RN T R
BAFERRE DKL 10~20 DR AT H
S~T MR,
3.2 iFMpristR

W T S e i B R T e — oy ok i

723
722

S721 S 4901
72.0 J'3&‘?490
£719 #4809
718
i 488

WA AR A RIS I . fiT ] BLEU
Fil Meteor YE R 1AM F6 4R . BLEU JEHLES BHIE 1T
DR & —Fh 208 WA 845 . Meteor 2
SRPEDHLAS BP0, X R 25 Y IR SC S S5
FEATIR)RE % TR 58 A DR G | 1) 1 UG FC A ] S )
G 5 5545 v D ) TR 3%
3.3 HBRHAM

ARICAE =AY B4R Flickr8k, Flickr30 K
A1 MSCOCO Liffrscs. M VGG-16 By& )2
Conv-5_3 HP 4 U FURFIE . 7RI S A2 v R Bk
v sh R B DT B8 momenteum %R 0.9,
R B R, BRZMAREREZEN R
G529 0. 01 F1 0. 02, HAw oy 0.1, 52 2] 4 10 4>
epoch ZEP— K. TR ECH 0. 1, YRR EL (epoch)
100, Tt 1A Y J7 A BEVE L
il F5 B Q- LSTM 5 B AN [m] )2 500 1 1 » 4 5%
RURE B 2 23 )24 25 B 6 JZ. 430
TE=AEEEAE TS SR A R 24
1t Flickr8k $dldE I JEATPERERS 1L, 78 Flickr8K %4
etk BRI S RN 2 fis.

2 TEFlickr8K #i#E5E FIVSEIRE R

FEASTE] PP A o T A HERR R/ 0

L BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR
QLSTM2 71.6 48.7 33.8 23.9 20.5
QLSTM3 71.7 49.0 34.6 24.6 21.0
QLSTM4 72.4 49.3 34.9 24. 8 21.5
QLSTM5 72.2 49.1 34.7 24.5 21.1
QLSTM6 71.9 49. 3 34.3 24.9 21.0

TERUE 4R Flickr8k b HEAT i B S B0 X LIS
PEAT RS AT A, A 6 B

71.6 48.7 33.8
Q-LSTM2 Q-LSTM3 Q-LSTM4 Q-LSTMS5 Q-LSTM6 Q-LSTM2 Q-LSTM3 Q-LSTM4 Q-LSTMS Q-LSTM6 Q-LSTM2 Q-LSTM3 Q-LSTM4 Q-LSTMS Q-LSTM6
B 4l B

(a) BLEU-1 (b) BLEU-2 (c) BLEU-3
248 21.4
o 246 <212
K B
g 24.4 g 21.0
& 242 ® 08

24.0

Q-LSTM2 Q-LSTM3 Q-LSTM4 Q-LSTMS5 Q-LSTM6
B

(d) BLEU-4

206
Q-LSTM2 Q-LSTM3 Q-LSTM4 Q-LSTMS5 Q-LSTM6
B

(¢) METEOR

[l 6 7& Flickr8k | AYXT L5245 5



%28

XRIZET A - T T S AL Y TR PR R b T 2 213

M 6 AT LU EE ), 43I A5 #E S BLEU-1,
BLEU-3 fl METEOR, f## 2 50i% &k 4 0, B4
PRI 1 7 B % 0K B 05 KL 25 R4 B 72,40,
34. 9% M1 21. 5% . MIFM$E 45 A BLEU-2 i, 457
BEHEE A 4 JE 6 2, Hah Rk 49. 300, BG AR
TR R K, MIF bRy BLEU-4, BRI
BB 6 B R AR B R Rk B . LS
48 Flickr8k - (R Lb 52 56 285 5 AT 0, B AU )2 500
4 J2E 6 )2 R PR R Rk B e K, N
£ Flickr30 K Ha4E 9 47 R a0 L SE 50, R 56
WEBIHIBE R 220 2, MG R 1 T8 B e i (R8O8R, S5
XT3 PR,

R 3 TEFlickr30 K #iE&E FHWTRER

TEEHE 4 Flickr30 K i1 KR EXT L3256 5
AT RTRRA ST, Qi 7 s . AR 7 R AXER ],
M PF W bR #E S BLEU-1. BLEU-2, BLEU-4 HI
METEOR, B8 2800 Bl 4 B, UG bR 1 9 HER
FIRFNE AL G5B B o 70, 3%,47.1%,23. 8% il
19.0% ., MPFMFE4R K BLEU-3 i, #5541 2 45015 hy
4 2N 5 2, HEE RN 33. 5%, RS ARTE 1 HERR 3R
. MERAE Flickr30 K I 9% Fb S2 56 45 S ]
RN 4 JRE 5 )2 BUGAR T R HER Rk
B K, 7E MSCOCO Z#li 5 T i #E47 XF b 52 40,
PIE PR QPR R I 21 i 4 1 S50 I R 7 2 40, SIE 56
X g RN 4 PR,

&z 4 7 MSCOCO ##E& FHILIG £ R

FEASTE] PP AR T AR HERR R/ 0

FEASTE] PP A o T A HERR R/ 0

8l el
B BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR B BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR
QLSTM2  69.2 46. 7 31.8 22.6 18.5 QLSTM2 74.1 53.2 43.2 33.1 26.2
QLSTM3  69.7 47.0 32.6 23.6 18. 8 QLSTM3 74.8 4.1 43.7 33.7 26. 4
QLSTM4  70.3 47.1 33.5 23.8 19.0 QLSTM4  75.4 94.9 44.5 34.6 26.5
QLSTMS5  70.0 47. 8 33.5 23.4 18. 8 QLSTMS  74.2 94.3 44.1 34.0 26. 4
QLSTM6  70.2 47.5 33.3 23.4 18.9 QLSTM6 75.0 54.5 43. 8 33.8 26. 3
02 478 33.4 \
476 332

. 70.0 < 474 Q\\" i;g

S 698 5

g § 472 §32.6

& 69.6 @ 324

47.0
69.4
46.8

69.2
Q-LSTM2 Q-LSTM3 Q-LSTM4 Q-LSTM5 Q-LSTM6
B
(a) BLEU-1

238
236
e 234

Ly
& B2
230

2238

226
Q-LSTM2 Q-LSTM3 Q-LSTM4 Q-LSTM5 Q-LSTM6
et

(d) BLEU-4

Q-LSTM2 Q-LSTM3 Q-LSTM4 Q-LSTM5 Q-LSTM6

(b) BLEU-2
19.0

318
Q-LSTM2 Q-LSTM3 Q-LSTM4 Q-LSTM5 Q-LSTM6
WA
(c) BLEU-3

18.9

18.6

18.5
Q-L'STM2 Q-LSTM3 Q-LSTM4 Q-LSTM5 Q-LSTM6
BA

(¢) METEOR

& 7 7 Flickr30k [ X LS g 45

FEHAESE MSCOCO | f7 K A X HS2 86 5
WEATEE T IR A B W& 8 B . AIE 8 AT LA
FLH], 417 47 #E 9 BLEU-1, BLEU-2, BLEU-3,
BLEU-4 fil METEOR., #5502 50i% & 4 B, K%
BRI ) v B 2Rk B B KL 25 SR Bl ok 75.4%
54.9%. 44.5% F1 34.6% F1 26.5%, M H 4R
MSCOCO _- [R5 b S g 4f 5 nl i, B8 2 B0k R 4
2 VGBI Sk iR .

M UL 4 %) %t Flickr8k, Flickr30k Al
MSCOCO H¥ 45 17 52 5 43 H7 7] 201, 78 Flickr8k

BRI R 4 28 6 JRRORIA BN SR
BN 6 J2 QAR bR i BLEU-4 _E 2R fe s
BNy 4 JRAE FHAD DI A5 o SR B 4f . Flickr30
K S S 86 45 LA FlickrSk B4 45 I i 52 56 4%
FARBL. 7E MSCOCO #i#i4e b, BRIl 4 2 AE
FIA BT AR L #RIR B T B ROR . AR SCIER
FH Q- LSTM4 #5#) 5 28 i i) RIS RL AT R
X EL S B, 28 i Y PR R A R i BRNIN
Google NIC, Log Bilinear, Soft-Attention, Hard-
Attention, X LS ER 25 AN 5 PR,



214 WO WL R AE % MAKRREEND 2019 4F 4146
754 54.8 444
752 54.6 442
- 75.0 ° 54.4 ° 44’0
= =542 P
g 74.8 g 54.0 £438
& 746 & 538 € 56
74.4 536 R
742 53.4 434
432
Q-LSTM2 Q-LSTM3 Q-LSTM4 Q-LSTM5 Q-LSTM6 QS-3L2S"IM2 Q-LSTM3 Q-LSTM4 Q-LSTMS5 Q-LSTM6 ~ Q-LSTM2 Q-LSTM3 Q—I&SQW Q-LSTMS5 Q-LSTM6
WA WA
(a) BLEU-1 (b) BLEU-2 (c) BLEU-3
346 26.50
344 26.45
2 2 s 2640
340 =
g 3338 g 2635
& 3356 £ 2630
334 26,25
332
Q-LSTM2 Q-LSTM3 Q-LSTM4 Q-LSTM5 Q-LSTM6 Z(S’Li%mz Q-LSTM3 Q-LSTM4 Q-LSTM5 Q-LSTMG6
! WA
(d) BLEU-4 (e) METEOR
& 8 7E MSCOCO L (% b Sz s i
*5 HHMRBILER
el . P [T A o B DA HERR 2R/ V6
- BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR
Google NIC 63.0 41.0 27.0 17.0 17.2
Log Bilinear 65. 6 42. 4 27.7 17.7 17. 3
Flickr8k Soft-Attention 67.0 44. 8 29.9 19.5 18.9
Hard-Attention 67.0 45.7 31.4 21.3 20. 3
Q-LSTM4 72.4 49. 3 34.9 24. 8 21.5
Google NIC 66. 3 42.3 27.7 18. 3 17.5
Log Bilinear 60.0 38.0 25.4 17.1 16.9
Flickr30k Soft-Attention 66.7 43. 4 28.8 19.1 18.5
Hard-Attention 66. 9 43.9 29.6 19.9 18.5
Q-LSTM4 70. 3 47.1 33.5 23.8 19.0
BRNN 64.2 45.1 30. 4 20. 3 20.1
Google NIC 66. 6 46. 1 32.9 24.6 20.3
o Log Bilinear 70. 8 48.9 34. 4 24.3 20.0
MSCOCO .
Soft-Attention 70.7 49.2 34.4 24.3 23.9
Hard-Attention 71.8 50. 4 35.7 25.0 23.0
Q-L.STM4 75. 4 54.9 44.5 34.6 26.5
[E =AM B4R L 0 SEge 28 Bk A7 s vl Al e Google NIC
— + Log Bili
fearprn i 9—&l 11 iR, 70 —— Sofi-Attention
60 —» Hard-Attention
S ~= Q-LSTM4
—e— Google NIC ‘BE‘ 50 +
70F + Log Bilinear &
= Soft-Attention 40
60F —»— Hard-Attention #
\o —=- Q-LSTM4 30
ga_ 501 20
£ 40
& 30l Q-LSTM2 Q-LSTM3 Q-LSTM4 Q-LSTM5 Q-LSTM6
PR AE %
20t & 10 Flickr30k X [ 5246 4% B
= ) L AP g #%r BLEU-1, BLEU-2,
Q-LSTM2 Q-LSTM3 Q-LSTM4 Q-LSTM5 Q-LSTM6 Fﬁ% ih E/J )F;% - E i1 q: ﬁl\ ;'FE' 1:/3

PERIARAE %
9 Flickr8k XF b 5z 4% 5
ME 9 FTLAE 8 AL 53 S 7E Flickr8k %X
PR LA TS5 I AR AL T At J LA AR,

BLEU-3,BLEU-4 #il METEOR | /9 45 53 43 51 H
72.4%.49.3%.34. 9% .24. 8% M1 21. 5% ., HFXH
DI HETR B AR R AL A PE Rk 47, (&1 v it
7 T TR AR 1 45 T BE AR AR AR X H AR



% 24 XRIZET A - T T S AL Y TR PR R b T 2 215
— BRNN 1 Bl 32 35 ) 23. 800, 7F S 5 45 5L 1 3T f 45 A

+ Google NIC
+ Log Bilinear
—= Soft-Attention

70

60t —»— Hard-Attention
o\\° -=- Q-LSTM4
ﬁ‘é 50

40+
&

301

20t

Q-LSTM2 Q-LSTM3 Q-LSTM4 Q-LSTM5 Q-LSTM6
PERUARAE/ %
K 11 MSCOCO X Sz 8a s 5t
TEE] 10 o, 5@ b fif ] Flickr30 K 454l 82 X ffr 4
HH BT R 25 B 1 P TR ) B Y A7 S 56 X EL 4y
Mro ISR EITT LA 1 T3 ) AR A4 Rl = T
AR, FE S5 25 S 1 PE F5 A% BLUE-L o, B2
RUAG R 2Rk 21 70. 3%, 78 T2 06 45 J A IE A 38 A5
BLUE-2 tfr, S5 (1 MEf R IB B 47. 100, 78 5L 50 25
BT 78 ¢ BLUE-3 b, 85 AU (/Y 76 A Rk 3

33. 5% FE S 25 L B PF A 48 B BLUE-4 oy, #5578
a(0.23)

a(0.44)

laptop(0.40

woman(0.42)

couch(0.45

METEOR v 822 i 6 %35 ) 19. 096, HLL L
SR AT AL BT B R AR b 2 L [ AR AR A L
IR

FER 11 v sl MSCOCO $ifii 5 4 B 2
H PRSI 1 232 B 1 PRI A5 R S A TR R A S 36 L
Mo ST AT LUA T S AR M REAT s T
ALY,

M= B G 1) HE SR A5 SR n] LU BT i
HASE A 1 T S 5 L 2 g PRGBS 06 ~
9%, BERE AT AR T UG b TE 18R, - AT 42 T i /)
PR R R, R 12 froR, 514 T LA FE
MSCOCO #fiafk By bR i, IRl
PAA Y+ 2 5 A X2 — > AN IRk A5 7R iy
woman SFEHER] AR SCHR HY B2 T RO AL
AR B PR G s 1 A5 8L R 5 T 52t il ik TR v B £
B A — BOE A LSRR R bR TE T A
is(0.44), sitting(0.48

with(0.47 a(0.44)

(a) a woman is sitting on a couch with a laptopi& £

a(0.30)

front(0.40)

Wii(0.25)

man(0.46

remote(0.29

standing(0.48), in(0.46),

holding(0.47

(0.30)

(b) a man standing in front of a tv holding a wii remoteiZ ]

Kl 12 MSCOCO $uHlatk b ik FbRTESS s



216 TN A N NS D = S

e CHARBRA RO

2019 4F 45 41 %

4% #®

ARSCR T R TR BABHLA A PR HE AR A
TS T R BB A AR TE RO B8 . TR Y i 72
HR L SRR 25 14 10 288 S5 A AR IR A AR A R, AR
SRR BGE 15 B PR B I E &R ok
T DR (A S A TP L RS AT RO FUI T ) P Y
AR . JE i S e o T AS SCHR AR L fiE
g5 PR A PR 755 P BN A AR — BUS BERY
A AR T RSB BOR . W T 22 i ]
BAFUIREAY LA BUE R R RCR EA T . e
S TAEH R AR EE TR AR ST R bR X — U 2
THEMERFRTE BRI

S 30K :

[1] Plis S M, Hjelm D R, Salakhutdinov R, et al. Deep
learning for neuroimaging: a validation study [ ] J.
Frontiers in neuroscience, 2014, 8(8). 00229.

[2] Roth H R, Lu L, Seff A, et al. A new 2.5 D
representation for lymph node detection using random
sets of deep convolutional neural network observations
[ C ]//International on Medical
Computing  and
Springer, 2014 520-527.

[3] Bernardi R, Cakici R, Elliott D, et al. Automatic

description generation from images: A survey of

Conference Image

Computer-Assisted  Intervention.

models, datasets, and evaluation measures| ] ]. Journal
of Artificial Intelligence Research, 2016, 55; 409-442.

[4] Hodosh M, Young P, Hockenmaier J. Framing image
description as a ranking task: Data, models and
evaluation metrics[ J . Journal of Artificial Intelligence
Research, 2013, 47, 853-899.

[5] Gong Y, Wang L., Hodosh M, et al. Improving image-
sentence embeddings using large weakly annotated photo
collections [ C]//European Conference on Computer
Vision. Springer, 2014 529-545.

[6] Cho K, Van Merriénboer B, Gulcehre C, et al. Learning
phrase representations using RNN  encoder-decoder for
statistical machine translation [ EB/OL |. (2014-09-03)
[ 2018-12-06]. https://arxiv.org/abs/1406. 1078.

[7] Fang F, Wang H, Chen Y, et al. Looking deeper and
transferring captioning [ J .
Multimedia Tools and Applications, 2018(8): 1-17.

[8] Chang Y S. Fine-grained attention for image caption

attention for image

generation [ ] ]. Multimedia Tools and Applications,
2018, 77(3): 2959-2971.

[9] Vinyals O, Toshev A, Bengio S, et al. Show and tell: A
neural image caption generator| C]//Proceedings of the
IEEE conference on computer vision and pattern
recognition, IEEE, 2015.: 3156-3164.

[10] Mojoo J, Kurosawa K, Kurita T. Deep CNN with
graph Laplacian regularization for multi-label image
annotation [ C ]//International Conference Image
Analysis and Recognition. Springer, 2017 19-26.

C11] P, FHERR, Je T or i SO 2 TR . 115
HLBF#,2017, 45(1) :144-147.

[12] You Q, Jin H, Wang Z, et al. Image captioning with
semantic attention [ C ]//Proceedings of the IEEE
conference on computer vision and pattern recognition.
IEEE, 2016. 4651-4659.

[13] Xu K, Ba J, Kiros R, et al. Show, attend and tell:
Neural image caption generation with visual attention
[ C]//International Conference on Machine Learning,
Lille. JMLR: W&.CP, 2015, 37; 2048-2057.

[14] Lin T'Y, Maire M, Belongie S, et al. Microsoft coco:
Common objects in context[ C|//European Conference
on Computer Vision 2014. Springer, 2014 . 740-755.

[15] Papineni K, Roukos S, Ward T, et al. BLEU: a method
for automatic evaluation of machine translation [ C]//
Proceedings of the 40th Annual Meeting on Association for
Computational Linguistics, Stroudsburg. Association for
Computational Linguistics, 2002; 311-318.

[16] Lavie A, Agarwal A, METEOR: An automatic metric for
MT evaluation with high levels of correlation with human
judgments| C]//Proceedings of the Second Workshop on

Machine  Translation.
Computational Linguistics, 2007 228-231.

[17] Sutskever I, Martens J, Dahl G, et al. On the

importance of initialization and momentum in deep

Statistical Association  for

learning [ C]// Proceedings of the 30th International
Conference on International Conference on Machine

Learning. JMLR.org, 2013, 28 1139-1147.

(RERE:R %)



