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Salient Feature Extraction Mechanism for Image Captioning

WANG Xin' SONG Yong-Hong® ZHANG Yuan-Lin®

Abstract Image captioning is a research direction that combines computer vision and natural language processing.
In this paper, a novel saliency feature extraction mechanism (SFEM) is designed to solve several key problems exist-
ing in current methods. It can quickly provide the most valuable visual features to the language model before which
predict word. And it effectively solves the problems that the existing methods are inaccurate in selecting visual fea-
tures and time-consuming. SFEM consists of global salient feature extractor and instant salient feature extractor:
global salient Feature extractor extracts salient visual features from multiple local visual vectors and integrate these
features into a global salient visual vector; the instant salient feature extractor can extract the saliency visual fea-
tures required at each moment from the global saliency visual vector according to the needs of the language model.
We evaluated SFEM on the MS COCO (Microsoft common objects in context) dataset. Experiments show that our
SFEM can significantly improve the accuracy of baseline in caption generating. And SFEM is significantly better
than the widely used spatial attention model in both the accuracy of generating caption and time performance.
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(10 30 325 P P ARG 10 -5 A LA 05 22 S B AR 1 IX 45
I AR B GE F SEAR X B, BT PL GE I
TG X 3 () AR S R R . R R
FERUAS 220 BEUG L i SRS B BT 7 [X SRR AR 9 J%
WX, BT —AETRERIEMAEE R, Fik
R 2 5 N ERIEAT AL, 85 RRIE H B
N2, NIX— sk E, A GE Hstg—4
WA ER B, R 5 v LA H GE BEfg k&
B 5 ALK A 1 R 2.

3.2
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(a) SFEM: a motorcycle parked in a dirt field next to a fence

=

(b) SFEM: a little girl standing in the grass with a frisbee

(¢) SFEM: two ducks swimming in a body of water

(d) SFEM: a large building with a clock on it

K4 REPERRAEAE 2 A o A

Fig.4

0.06 0.052
- . 0.051
0.05 [0.055 0.045 o.on 0048
005 ﬂ44
= 0.038
0.03 0.035 o 50033 .
0.02 -

0.01
0

0.06

0.057

0.051
0.05 F0.052 0.047 ?
0.04 0.046 "grggz 0046

0.03 0.033
0.02
0.01

L L L
two  ducksswimming in a body  of  water

— D,

Spatial distribution of salient features

0.07

0.06 060 0055 0088 | 005
0.05
:
0.04 [0-047 0050 0.515 5574
0.03
0.02

0.01

L L L L L L L L L |
a little girl standing in  the grass with a frishee
— D,

ggég 0.037 0.036
0.030 0.029
0025 |0 0039 o380 0! 0.027
0.020
0.015
0.010
0.005
0

L L L L
a large building with a
— D,

clock  on it

Bl 5 RIS 22 AR B T 5 3] A 22 1

Fig.5 The change of instant salient features with predicted words

3.3 BB BE AR RE DA

4 R B PR 1R B o L T R G R
B EVERLDRAE, AH 2 05 5 52 TR0 AS [] SR 3R] B 75
TR ARFAE A A, A R R o i o0
WARFEAE G, BT L IE 7522 ) 1 5 A A PR 0t ¢ i %0 Bt
B AR AE, X SR AR R R AE ¢ B 2 T
T ) R EL A R IR AR S M, X B B RFRE AR A
BN 221 00 B 1 %o 9L ) S 3 T A B R AE

AES DRAETR: TE 1 ¢ I ZHREUR S AR
TR, DT d) © o 19 L1 JEEs DL o gk, B

_ ldf o9

D, = % (13)

5 2.3.2 T IE MAAH, ATULE H Y D,
N0, TE N2 A ey I 32 A 0L 1) 2 rh R BT
A RE SRR AE , b IS A 6 8 6o B0 4] (1) T 58 4= 5 %
LSTM 1t t B} % 2 5 RABIE CFFAE. 4 D, 8K
I, P8 LSTM 7E ¢ I %1225 AL S R IE i .

RGN REFE RGN BT, BN
B HORFNAZAE R LA R, i LA X
LK) Dy ARS8 H A4 0, T Dy A8 ) IS 32 AR
T 3R H e R I RAE L (fh SR
BRI Dy B R ) 5 He IR BT L P 145 A 2K
BT GE @A i B MR B X (GE &
IEPE R EAGERAL); e A2 in S g rh B
(R AA (IS e ) D, B ). S DL A
JE A B A, A A B SO AR
BECA 22 R R DR AR SOR B (Rl R AT T
7 B S AT UM EME B BB R, AN 5 ZEAR Y
PG PN 288 AR R PR BRI FRA T N oA R L LA
I, 75 ZARYE B P9 7 AT HE B B 75 BRI L
TR AT HE BRI B B ATTIA D e il SR S L
(VE R RIA B R AR S PR BRI
FR A PR BCR AR P H A AT O W
23, Prl eI REEE — BT LK.

AT A SO g4k b Ay B 2B poxt
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¥

A AR JE Gu iz R AE T A AT Dy I 3AE,
M8 3 Dy, 7E£ 1 A T D H&E 1 20 A
B T DA HY I S B ] AL S Ao B i 44 R DA R
JE T, JEE O AT LA EME L E MR R FRAT]
W 5 5 1 sk B AN R B TGN AT B 1A
R “a” RONBEFE AR, T DLE N EG R
K3, A H MR REERAL; 2 2 A~ $18 “motor-
cycle” KR EEFE MR 40K, 7T DL E B2 G
MEF, B DU R A2 R 28 3 AN “par-
ked” $h R PR LA mn, (RO Y 75 2 N BEHE 4 Bk
A NRHENE PR R AT T ; 26 4 A “in” 4
FAEFE L s, PO AL 35 BRI A R N &
HATHEEE A BEAS 25 28 5 N “a” R LR
m, BRI —A “a”? HARIBEM, © %ML
FEG AR AT HEE A GE/R 3], 55 6 A Ha “dirt”
FEon T B JE M (H R BERA T E R “field”,
RN “Field” T 7E 1) 5k 35 14 R P 2080 v ) B e Xk
AT LA e b T AR s 25 7 AN B “field” X
N R N2 KER AL T GE 45 H I B 25 MR R
R IX I, AR L S 35 4 A 1) DX el A 7R 4R
MEPUAIH “field”; 56 8 /N HiA] “next” I RFESE L
B, RO T 2 A BEFE ZE RO A 1 Ao B % Rt
HEAFF), DA S 1 1) LA 535 (1) Dy AE.

# 1 DR 20 A4
Table 1  The top-20 words with D, value

Him] D, HAi] Dy Him] Dy

hood 0.0592 ducks 0.0565  doughnut  0.0546

cats 0.0589 pug 0.0564 baby 0.0546
teddy 0.0576 rug 0.0561 bird 0.0545

little 0.0573  hummingbird  0.0556 pen 0.0543

duck 0.0571 pasta 0.0549  motorcycle  0.0543
bananas  0.0569 horse 0.0547 colorful 0.0542
seagull  0.0565 panda 0.0546 — —

3.4 SFEM ¥

1) Encoder-Decoder + SFEM. ACAE A 5
2.1 IR AL SR S g, LASE 2.2 774
B H)TE SRR UMY A5, B A g 0D 25— AR D 4%
BETIAE g SE5G () B AR T | (R B AR E 1 70 7)) s

Iz () AR SR ) SFEM. #E47 X B
. IR 2 PR, AR SO BB HERLRL/E BLEU-
45 E3ETHT 8.63%, 1E CIDER fH 3T T 11.24%.
ARSCREAY L7 () ) ALE BLEU-4 {8 B4 T+
T 4.29%, 1£ CIDER F3#F+T 5.79%

2) Up-Down-SFEM. 4 T 7843 %f t SFEM Al
ANE B R YERE, JFS0IE 2 2 1 H Ry
ERE IR R SFEM ITERE, AL BASCHR [20] R4 H
1] Up-Down FEAYAE N FEUER T FE 1T 5256, Up-Down
BB R Ir) b e AR | T ) T R A
B Horp B A By S A R I R A SR R,
H— Faster-RCNN (Region-based convolution-
al neural network)™ sk, BTl F = B R 5L
AR A Up-Down #A4{# H] Faster-
RCONN M ENG Al 525 v H bR, e 22
(SRR E VAT R ST E S EER AP P A
PR )&, BT DAL R AR B I 4 2 — AR
BERL O e AR, R ORI L R FRR BT 1) ik 4
7% () 8 B F R AR A5 5 A A T A B 1] Hf
Fr @ B SR AE. BT 3Tk [20] H1illZk Up-Down
RS T 817 VG (Visual genome) " 4 45
DA Ak 2 21 B Fir AR SO Up-Down 888 [ 51
LT VA SN 577 :URT 226 30k [21]. 9256 A
SFEM # i 2% [8]3E 5 /RIS H SFEMAN 4[]
EREJIRYERE, & 3 # Up-Down-Spatial Atten-
tion F/RAZIEICHER [21] T79SE LT Up-Down R,
Up-Down-SFEM K7k SFEM % # 2% [R] 73 55 A
HUE AR, FRATTEL Faster-RCNN H (Region pro-
posal network) 2 Hil IR B RFAE B B 28 E Dy 4 i
v, MIE T — A g 0D A% — A A 5T O Dy LA
SFEM #58, DLk I8 ik F 5 35 P B A il 77 i &
Bepigmih 2% RS 12 M SFEMPITERE, £ 3 %
i KRN Encoder-Decoder « + SFEM. X}t En-
coder-Decoder « + SFEM Al Up-Down-SFEM )45
S, TCUE H S B35 P B AR I 7 R A B
$wm SFEMIPERE, i+t BLEU-4 #1 ROUGE-L {H
AR T, RAOTVAEWITHBER, &2
SFEM H' GE 7 & gt B A7 16 B 35 1 X 380 /g
Bt LA 25 1 B ARRL I 777256 SFEM 13 25 A PR 3
U 2 25 11 B BRI 7 V25 2 S ARG R 53 B R
A RE 21 SRR IR SO GAH B R IHRFE. 55 4hxf

#* 2 Encoder-Decoder + SFEM 7 MS COCO ###4E 13RI (%)
Table 2 The performance of Encoder-Decoder + SFEM on MS COCO dataset (%)
[SEy BLEU-1 BLEU-2 BLEU-3 BLEU4 METEOR ROUGEL CIDER SPICE
Encoder-Decoder'™ ') 72.2 55.4 41.7 31.3 24.6 53.0 95.5 17.2
Encoder-Decoder + Spatial Attention™ ' 73.4 57.0 43.2 32.6 25.3 54.0 100.1 18.5
Encoder-Decoder + SFEM 75.1 58.8 44.9 34.0 26.3 55.2 105.9 19.5
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# 3  Up-Down + SFEM 7£ MS COCO $#i4E IR (%)

Table 3 The performance of Up-Down + SFEM on MS COCO dataset (%)
FRT 2 FR BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDER SPICE
Encoder-Decoder » + SFEM 74.3 55.8 42.1 33.2 25.7 54.5 105.2 19.4
Up-Down-Spatial Attention®**! 74.2 55.7 42.3 33.2 25.9 54.1 105.2 19.2
Up-Down-SFEM 74.6 56.0 424 33.1 26.0 54.2 106.1 19.7

tt Encoder-Decoder « + SFEM Al Up-Down-Spa-
tial Attention %5, 7] LLE H7E 225V B AR
JIERARBN T, 23 (B R A 1 R A Re g fik
AICH) SFEM, AHIXFEE— D FRAK 1 2 W)y = A
AU IR ] P fe.

3) SFEM Ky [EIPERE. £ 4 Hhgath 72 A
BRI AR SR SFEM f I 8] 14 GE Xt e, X6
Karpathy X14> T FIMHAREHHI 5 000 MEAS, A5
BERILE B Nvidia TITAN X GPU 353 F AT
F| FPS fH A MVE & B & 17.34%), 1E Intel
Xeon CPU M BE FASCHIR ) FPS {8 b2 (8] 7E &
JIMERY T 43.80%. F5E b, BUA IR 2 BUE J 48
SEAE A B AR () Bt B IR AR 21, B
DLIX 86 77 9% () 1 B 52 % S S L s ) e i g Y
15, AH NP P b L s A i B Fir L
ARCTTIFEA EEIX Be TR AR T B4 0 2.

R4 AR (R TR (R BEXT B (i/s)
Table 4
model and the spatial attention model (frame/s)

Time performance comparison between our

) i3 2 TR 2
) 4 e
ok (GPU) __ (CPU)
Encoder-Decoder + Spatial Attention!™ ') 69.8 36.3
Encoder-Decoder + SFEM 81.9 52.2

23 [ B ST AT DL
s expla (v, hyy))

Vs = N
=1 > exp(a(vj, hi1))
j=1

%

(6% (’Ui, ht—l) = 'w(]; tanh (VVq,avi + Whaht—l) (14)

SIS, Wi 53 (9) B Wy, ZEEMFE, B
A Wiahy—y 520 (9) BITHRE R —BUK, 20 (10) 2
AN ) 0 BTG ZR AR, e ) TE SR A bR R ek
] DLZRS AL, BT A Whohe oy PIIFHE & LT 2R T
BAIE BHEE, RN T AR BIA R a(v;,
he_1) TV N X, FrLLIE iR B T
[PV = WAL it

F 5 v % B AT IS ST 38 8 2 R I
6], Horh GE BT 48 3 (/) I [a] 17 8] 73 2
RUAHY, (2 H T GE X T HiE G R & EHIT—
OOk AT DA R A AT B K R AT B 1 R R,
JIT AFE AR R UG A 1) e B R b GE 8 2% (1 I 1]
INF R R I IR 5 28 [y i S B 2L,
FEAE BB B # AT — X, (2 GPU 35
A A R IR AAE 2R B I R 2 TE () 4.79 £,
CPU 58 T 7% A 7F: i Sy R A 2 () i ] 52 TE 1)
21.84 fi5.

# 5 BMEHEARIAT I TR (A] (s)

Table 5 The average time spent by each module in

a single execution (s)

(LR BRPATEE] (GPU)  BKPHATE ] (CPU)
Spatial Attention™ " 0.00035 0.0019
GE 0.00034 0.0020
IE 0.000073 0.000087

4) SFEM 5 HAthyd: m B (T b, 2 6 il
W7 I LA AE BRI — S
. Horh Soft-Attention. Hard-Attention 5 A H
X LU 23 () B R B B AR — 5, ARSI SFEM 14
R T X P FRyE & 7188, SCA-CNN A1 Up-Down

%6 ASORIEIZE MS COCO ¥R i (%)

Table 6  The performance of our model on MS COCO dataset (%)
TR A2 FR BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDER SPICE

Soft-Attention"” 70.7 49.2 344 24.3 23.9
Hard-Attention"” 71.8 50.4 35.7 25.0 23.0 — — —
Semantic Attention®! 70.9 53.7 40.2 304 24.3 — — —
SCA-CNNM 71.9 54.8 41.1 31.1 25.0 — — —
Up-Dwon™ 74.2 55.7 42.3 33.2 25.9 54.1 105.2 19.2
AL: SFEM 75.1 58.8 44.9 34.0 26.3 55.2 105.9 19.5
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¥R 8 %

AR S R R AR _E AR AR B ek A5 B Y
LA AT SFEM 553X 26 ik o 1) 2% (] 7
IR R B AT R Y, B LA A SO
(] SFEM W% 11 09— R 7 A0 = A 70 7 P 7 1
AR U

HEEBIFY

1) 4 ey S0 35 PR R AE 32 B 2 4 2 () i A,
ASSCI) 4 J) 2 35 PR R SR I A 5 2 [R] VR A A e
RIS NG G S P Y E S R
FEVEAEE B R o BRERWREAEg HIKE
HOP A — DR AR S B A EE S (v,
vy, -, vy} BAUREE R EE S, AR
(15)

2) BRIV I 25 VR IR S HL 28 4 AR R,
ARSI BRIV S 25 PR S HA A 2 [A] R A A
A I A P72 5 1 PR s ) R R A
AT, 1 BN I 2 YRR AR SR AR AR 5 5 2 U5 R
I 25 VR AR AL AR R AR R T, 0 2 TR R A S
XA T AR BE NS SR T 2 IRV R ke, 1E
R 5 2 F S SETE IR, BT DAAR SCAUR 58 2

3.5

vl =d? Oy

TP & 77 AT, 5 2 P& 07 20K BT 2 2%
PERFAE SRR ] T8 — A R LS [ & b, A
THEHME T —NREEEEEEEnEES

{of, vy, -, o} BAREAT IR B AL 1 AR A
HARFLR A

v =d] Owv; (16)

TE4E T R T AR BB MR B 4
Y2 0 0 S R L, M 25 A T S
Sk 2 2 VR R B SR B LAE Hhe1
VER VBRI T 4 5 2 e R AR 28 P i
SRR AE SRR 2 5, 75 4 T b v AR
— R

4  LERIB

AT 22 ()3 T AR B2 G B 2 — A A HE 2
FE BGOSR 2 1 )2 MIRLHT, B 2 Al
IR 3 A FEBRFE. ARSI TE 5 AR &
B EALSEAE B R R, R R A B AR ARy
S AN R AE A A 2 VEA A, E SRR
F ERLGE R D P AR B 2 PR R AR A B AR 3 R, A
LB — Pl ) 5 2 PR RFAE S IL A (SFEM)

£7  HABEE MS COCO ¥R I (%)
Table 7 Performance of the combined model on MS COCO dataset (%)
1A 4R BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDER SPICE
Spatial Attention” " 73.4 57.0 43.2 32.6 25.3 54.0 100.1 18.5
GE+Spatial Attention 74.5 57.9 44.0 33.1 25.9 54.4 103.6 19.0
IE+Spatial Attention 74.3 57.8 44.0 33.3 25.9 54.7 102.7 18.9
| =8

A little girl holding a

cell phone in her hand kites in a park

A man talking on a cell
phone in a city

K 6
Fig.6

A group of people flying

A young boy holding a
plate of food

throwing a baseball on

A row of motorcycles

A group of young men
playing a game of soccer

A baseball player

a field

A bedroom with a
television and a book
shelf

parked in front of
a building

AR SRR AR R B R IR R
Image descriptions generated by the model of this paper
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