http: /www. jsjkx. com

DOI:10. 11896/jsikx. 200300146

St A 2

Bx & BiEE NI FTEIA M 45 1Y B R AR £ R

F 3 Kk ' =FEE O F O KEX

L AMKFWENHFEEAFER TH %M 215006

2ERXRIVLERZAREREF S Jx 100000
(20185427010@stu. suda. edu. cn)

B E ABWKSHMBBRAAAERERAE G AL T AERAZ MW % (Convolutional Neural Network, CNN) #) B 1% 4 75 % #=
— A T3 AY 2 W % (Recurrent Neural Network, RNN) #9 A7 A ## 75 35 40 %, . F 7 B AL % #5 5 8 T 4% B0 B AL 09 AL 3 45 45, 47
MM B A TR BT EZZ AP RERAAE, Rm AR KTEZHAF 6 RNN 6 F M E T, E5SH R KT B 4%
HIEFAF MR LGS RTEE AR AR LRTAMAFZLIERNG AREE, B 4 BAGEFAEERES, L PR
BT —HERNESEAMEA A EEIMBREAERY, R - FT oS ETEEIRAEAL—WEZT N RB AR
WEBEEAREENGMHMEIER,.F —FTBXRFTHERAMELE A GHLE, £ MSCOCO #3EE Loy g R &9 ,CIDEr &
M1.135 2 & B T 1. 166, AT4% 77 ik sk 4 A A48 A B AR AR AR A s a9 M G

KBER-BYRFA; BEEANBERNE A%

mEZESES TP39L.1

Generation of Image Caption of Joint Self-attention and Recurrent Neural Network
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Abstract At present,most image caption generation models consist of an image encoder based on convolutional neural network
(CNN) and a caption decoder based on recurrent neural network (RNN). The image encoder is used to extract visual features
from images, while the caption decoder generates captions based on visual features with an attention mechanism. Although the de-
coder uses RNN with an attention mechanism to model the interaction between image features and captions,it ignores the self-at-
tention of the internal interaction of images or captions. Therefore.this paper proposes a novel model that combines the advanta-
ges of RNN and self-attention network for image caption generation. On the one hand.this model can capture interactions within
and between modalities in the unified attention area through the self -attention simultaneously. On the other hand,it maintains the
inherent advantages of RNN. Experimental results on the MSCOCO dataset show that the proposed model outperforms baseline
by improving the performance from 1. 135 to 1. 166 in CIDEr.
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2 MHXIE

PEAGb RAE J81) A% e T vk 02 1 S R T BT 44 A 330 ) — S 5
TR SRR R R AE L 28 18 32K 1] & Bl (Support Vector Ma-
chine, SVM) 43 2545 5| & b AT BEAFAE 1Y H AR X 4545 SR 5 AR
I B2 I ¥ x5 4 L K BT Y J L A 2% £ Bl BL 3% (Condi-
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PR B 3 o 3 ol A =l o R 0 P 15 i 19 582 BB L R A )
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Fig.1 Framework of Transformer model
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Fig. 2 Framework of image caption generation model
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F LI TASCER By UT B R i Ak 27 2] 5w R LA
HI B 77 96 %0 L B 45 L, AR SO T T R AN [m] g R 7R e £ R
BB AE , B 2 H ) Up-Down: ResNet-101 il Up-Down (Up-
Down 7~ i ] Faster-RCNN [ 4% > $2 B B 5 A9 F2AE) . i
F 1 AT, Mk B Resnet-101 W 4% 5 $2 UL 58 4R 1E B, UT A
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T 0. 342,32 5 T 0. 008, CIDEr 15 M 1. 054 £ & 2] T
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R AE G SCAR R R R AE AT AC B, OF H#FIT IR I
5.

1 AR A B SCIE bR D5 1 B2 AT 7 ¥ 7E MSCOCO Karpathy 4R 1 #9 LE 4L
Table 1 Comparisons of the proposed English image captioning approach and existing methods on MSCOCO Karpathy test set
Method CIDEr  BLEU_4 BLEU_3 BLEU_2 BLEU_1 ROUGE_L METEOR SPICE
DeepVS! 0. 660 0. 230 0.321 0. 450 0. 625 — 0.195 -
Hard-attention"* — 0. 250 0.357 0. 504 0.718 — 0. 230 —
Adaptivel " 1.085 0.332 0.439 0. 580 0.742 - 0.257 —
SCST: Attzall-'4 1.140 0.342 — — — 0.557 0. 267 —
Up-Down: ResNet-10111% 1.054 0.334 — — 0.754 — 0.261 0.192
Up-Down? 1.135 0. 362 — — 0.772 0.564 0.270 0.203
ResNet-101+UT+RL 1.178 0.364 0.477 0.618 0.776 0.566 0.275 0.212
Faster-RCNN+ UT+RL 1.264 0. 389 0.506 0. 648 0.799 0.587 0.286 0.223

FH2 1 AT, A TR T LA g — 2 48 vy T D 4% A 1Y
e . Ml Faster-RCNN k48 B 3t 45 4F i, CIDEr {8 A
1. 135 $& /5 2] T 1. 1665 24 fff FH 5 1k 2% > S s pef L A R0 3k ) 1
T PERE . BLEU_4 M 0. 364 $2 %5 2 T 0. 389, CIDEr {4 M
1.166 #2317 1. 264, H MW H, 38 Ak2F > SR T LLgE — b
PRABRMERE . Z5 L, A SCEE A 5 Tk I DLHT By O kA L B

A AR T B G 5 A B P BE

F 2 5 T Y8k ResNet-101 [ 45 o $12 UL 5 45 AiF 1) 52
sE R R P ff R Transformer #%1, 13 2 714, UT
BRI BLEU_4 fH b of SI70E5 0. 009, X KM T UT £y
B FEATAE B8 B 1 = 1 RE WS A S 9K #b Transformer 458 8 1)
NI,

# 2 PREFFIEAE ] ResNet-101 M 4% ) 52 56 25
Table 2 Experimental results of visual features using ResNet-101 network

Method CIDEr BLEU 4 BLEU_3 BLEU_2 BLEU_1 ROUGE_L METEOR  SPICE
ResNet-101+tf 1.071 0.333 0.439 0.576 0.743 0.547 0.267 0.198
ResNet-101+ UT-base 1. 080 0.335 0.441 0.579 0.745 0. 550 0.269 0.200
ResNet-101+UT 1. 086 0.342 0. 446 0. 581 0. 747 0.551 0.269 0.202
ResNet-101+tf+RL 1.155 0. 347 0.464 0.608 0.769 0.558 0.271 0.208
ResNet-101+UT+RL 1.178 0. 364 0. 477 0.618 0.776 0. 566 0.275 0.212

£ 3G H T B Faster-RCNN X 45 3 52 B9 3 4% 1F 119
LU EE R, & 3 AT A1, UT BiAYEF Transformer AL, H
{1 FH 5 A 2 27 SR W T LA AT 555 e B 8 PRI b B A I P BE . R

TGN UT BB T Transformer 5578 (4 1 J22 i 15t ™)
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