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Image Captioning Optimization Strategy Based on Deep Learning

ZHOU Ziyi' and XIONG Hailing®
1 College of Computer and Information Science,Southwest University, Chongqing 400715, China
2 College of Electronic and Information Engineering,Southwest University,Chongqging 400715, China
Abstract Image captioning aims to describe image content with grammatically correct sentences and automatically generate text.
Image captioning involves computer vision and natural language processing. which is a classic task in multimodal field. In recent
years,a large number of studies have begun to focus on image captioning,a multimodal task that combines vision and language,
and has achieved many breakthrough results. Most of the existing surveys on image captioning take technology as the core and
analyze from the perspective of classification. Considering that image captioning based on deep learning has become the main-
stream research method at present,and its essence is an image-to-sequence problem, this paper takes visual input subtasks and
language output subtasks as the theme,takes optimization strategy as the core. The optimization logic and technical development
trend of these two subtasks are compared and analyzed. The existing challenges and task variations of image captioning are dis-
cussed. Finally.the optimization strategy and development direction of image captioning based on deep learning are expected to be
further clarified.
Keywords Image captioning,Deep learning, Computer vision, Natural language processing
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A SCPRA 0BT T F 2015 4F LUK [E N AT 0L 40k 3 0R

ST B T B 2 LI S PP R T IR 2 ) IR A i 19 A AL SR S

K JET7 1) LI Ja SR TSR S %
i)

A group is sistting around a snowy crevasse.

Five people are sitting together in the snow.

B R R R

Fig. 1 Example of image captioning

2 MEENFES MR K

WOE A TS0 2 B AR 2RI ER B & 5B
Wit G EBRAE ERTESHE LS. ZIE5ER
B R A 20 PR T, 0 6 R A A TH AR A (Y B IR M RE . A
RS A AT S A A 3 A B AR EEX NI
FURFRAE 43 T 5 EUR R AE 48 & 2 S R4k Oy milk A7 43 2%, 15
FILLF 3 AR WS 1) 3 BLe R R AE 8] X SRR A 5 2) AT
L HHLHIE] A S HLE 30 A BURAE 2 3 BRI RAE 3],
2.1 NEREFHEHER RIBFE

L5 43 T R DG STk e B« A0 4K R 2 B 1 LA 2K TR A 5
B Tl A5 SR AE S B TR O b 3 W, 7 Tl AR 8 3R 4 0 v B AR SR I Oy
A G R A ) DX 380 0 R A ) 3 A . Hp, KOS R e AE 1 £
b7 1) SCALHE A T AR I A% DX 38 6 AF B [ 1R 3 X R AT 19
2.1.1 AReB#HiE

% FH 4 22 M 4% (Convolutional Neural Networks, CNN) 7E
BG4 2 B BRAG DU FHVRAAE 48 BUSFAE %5 B R IR 5, [ b 7 Bk
TR B 2 20 1) UG R AT 55 W 52 W01 R8T 4 A6 30 R ) 45
AR . F 2 JBR T & W03 T 45 4 5 FR 1F (4 4
BTN TFAT S5 R .

Kiros ZF01 CNN R 3 BG4 38 4T 55 L SR 2 S
P2 1 AR AL A X RO M AR A Yy S L R R e T 4 2
2 E BB . B 15 25 T 7E AL 28 B R U R B R
A AR ARG AR 45 4 . Vinyals 257 FE 2015 45 B OB g 5 25
fifE T 25 45 M 7 T AR R AT 45 b A o T A 2 TR R
#1 (Neural Image Captioning, NIC), NIC £ #1 % [ 4 £ i 1T
% WG 8K A B s W R STk, TR BRI AT 55 B AR T
ISR AT 55 0 AR AE S 0 AT 516 4 5 o A 7 R i 7
§, FHA#H H GoogleNet!™ /£ g BR K 1F $2 B A% . B /5 » Mao
SECET R TR Sy G Y 22 BRSO A 2 IR 5 AR G A A o
WIZ BB 4 W4 MR 2R 2 W4 EAER T 2EE2
oA UG RHAE 5 )RR AL AT R 5 AR 2 R TS S HOAR I
B, 5 L TR, B & CNN R & J8, N AlexNet' 5|
VGG 5 GoogLeNet, F 5] ResNet''™ 45, W 5 iy A T 1F %5 (1

PEREAS W72 T, T9F 50 35 {00 1) 3 AR 4 4S80 (39 A T 5 3R 18 R )
N R G CNINE

4G FRBETIAE P, B KR 43 55 T4 45 FH A JR) R AE .
BHTIESHE TS, Wa S0 30 42 03 WA A8 31
A e 2 E B R E B A AR TR Wl AT S
Wou ZE 48 A 40 B — AT R B4R 2 VGG B Ll i £
B 25 BUHE 4 MSCOCOM 1) £ 171 , B #L ] 4y Hh 22 i 45y 25 45
Fo B AR B 2 A UG X 445 05 46 10 Ja M T )
X FEGE A TR S R B S S R ROE e, T
JESERIETE LR 2 R L fE CNIN BB 20 38 1 T 30 o7 5 )2
YOI LI R0,
2.1.2 M KR

F T A TR A R R AR 1Y L5 0 AR B R 45 by A O O L HL R
B BRI AR L SCE B AR 6 L4 R AR AR X [
A& P BT A DX S — AR [l T B 4 220 LR vh i 3 40 401, L
AR 1 AR AE S A s R L AT Ot ot A AR AR i 7 7 A T
RN E RS R R SR L A G E R P ANk R A Sl L i
T U 0] L B 53 TF AR G T TR AR I A X BURR AR, Xu
2 H 19 “Show . Attend and Tell”B e VGG ™ 4 th 5] Ak
ERNL U R RGPS ENER ONE, Al P25
LA R 72 0 6 A AR I A R AE E AT AR i AR e
B 2Ch) 45 TR UL 00 3 AR X 38l 5 AE A 40 38 3 A T AT 55

WA,

L/ 1% & i i
= Do |
B4R

Ca) 5 22 o) 5 fiE

=T
N= L5

oy BRI

(b P 4% X 38l 5 A

B i

THES

(o) 58 25 DX I e AiE

B2 R4 SR AT ) DX 3R AE O Ab 3R w1 3 i L it A2
Fig.2 Three common processes used for optimization strategy

from convolution global feature to regional feature

LL“Show, Attend and Tell” & B 4% 2 08 & T 0 4% 45 1F
AR R, 7E — e T2 BE b o 1 T PR A Ry R AE A AR B Bk =
I R R 0 1 IR, K T T IR AR A 1 TR 5 R A R
A5 FFAE — & B B, e 29 13 3 0 AU AR T A [ SR/ iy )
6 DX 3 o I 28 T DX 3 1 3 5 AR Y 52 B PN 4 O JE DR Tk L T
PO AR — & R BB AN T X R A R I R A I 5
BT o A AW EHE L 2 MURIPE T T B A5 4 s 0 At ]
65 25 I B AR AR BT, — BT E
T X Sl A A 2 A g ofF P 3 DX R AT L ELAR SR 3 )
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LA HIn A B AR I A5 LA
2.1.3 RERERHRHFHIE

A G T 2 — o PR AR 53 2 R L R 0 T PG P e 4 2
SN LA B R G 8GR %, VR BARRI Y 22 AL 22— R-
CNNAG B 45 B 4 Jmg RRAE A0 IR A X SRR AE (1 — LRI, 2
il 5 40 S0 4 B B b R 0 3 S N A . Karpathy 86000 6 i
X3 RV 1 P O SCRE SR L 4R T — Al 45 A R-CNN 5 3 a1
T 25 10 2% () BT, S8 RMR R AR AN SCAR IR 9 TR & . AL UG
— R 4TI 5 TG 1) AR IR AR vofin A B AR G A e, R
PRI SR B 0 50 5 53 AT e 1. Bl 2o 4 TR IR 3k
F H B T A A0 B Ay A TAT 55 TR

Faster R-CNN 5735V ki 08 Ak T 24 it E Aok 0 i
fig. 2L 5 T FasterR-CNN fiy B % i iR #5180 22 — 2
Anderson PR S T H R LA A LW T EZ W
Up-Down BERY , Z A8 AW 56 5 A4 A — 4~ 8 Fili LW
BB, RT3 T ResNet-1018% () Faster R-CNN 3k B
XBRHIE . A 5T B A R R 8 1 B 9 ROIPooling )2
ARIBLB B J2: 285 & 0 58 B 5 B AR AE i, Up-Down A58 84 38
F & P2 SRR R vk 22 H AR Y 8 M- B bR oo ik, R
ST B i B 80 19 2% ) Visual Genome ¥4 &5 w1y
J& R B AR AR,

TEMIERE b 55T FasterR-CNN (1 4 4l 7R 465 4 R W i
FRE 8T g AR A B 2 TR Ak D 1) R oK X SRR A AR
TR B A0 vh LR G . Yao DYl A 3% SE 1Y
FasterR-CNN Z 51 35 H P45 X 3 457 0F R 40 0 52 K 5 4
H e G 2 IR G5 F AT AR B (HTerarchy Parsing, HIP) 285
FEfil . Datta SF500RE 5 SUHCEE B4 MR X 3 5 0 0 A X 55 )
o Lou SR (R i P T 43 288 B O R XIS Y 48 S U
ELAASERY S AR B AT TR AR TR, B BB AG D AR 14 R I
HESG G R 0 A0 9 R LA, A v R B 2 T, BR
TR 2 DXCSRR AR A (6 O 95 Chen S50 bkt B T AL
il 4T T 2k, Chen 85I 2 1 K 2 408 B BB AL G it
25 [A) 77 » o L M 2 T R 3 R AR S o ) TR RN
R i AR T 2 T LB A G i B 2 R R )
WIEFEEIMEES , HAEZENE T Lk HIP BAfH A
T SO FIHEAR AN, Li DR T — R I TR X E A
B, i A E AR AR RBMR R GURRE A B T X R b s
611 1 40 T, T By B A AR A B S R R . B AR G R 4
P 25 T R 1) B TR U 2 5 2 e MR 2% RE 5 5 T A A
AR T S — A B AR S M ), Li %56 F UNet 4282
T SCRRAE (9 0 B — i B A T — )

TE L 3 il FH S TR R B8 AR AL A4 A0 1k 5 s o 45 32 B — A
RSP, I 51 26 K G AR A 19 45 AR HE VAL F5 AR . I 1 B
T, A 45 5 ) MSCOCO $eiiide . £ 1 P4 3—8 7%
AR TEY 14 DA B 2 T AN B A B TG A 5
KzZz—, Hr Bl fil B4 43514t 3% BLEU-1 4 0 BLEU-4 43
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Ui B 3 DX IR AE A D L o 1 S R A T A IR
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Table 1 Evaluation metrics of classical image captioning models

with different visual features

HR 4 AR 3 4 AE Bl B4 M R C S
NiCH ERARBME 72,4 31.4 25 53.1 97.2 18.1
Show, Attend g
) M4 KB AAE 74.1 33.4 26.2 54.6 104.6 19.3
and Telll23]
Up-Downl26] EHREBEME  79.4 36.7 27.9 57.6 122.7 21.5

2.2 WNEEANHBBEEZEANSA

Lh*“Show, Attend and Tell” 5 g A %ifi , 12 = 7 HLH — B
YER“m " FHAE M A TAE S5 S S Wl 755,28
AT i (A5 0T 5 F00% 0 A R ) Y OGRS IR 55, TR BOL T
WEMEAET R ERW LR, FRBREFEEH LT
CAE B, BEE IHLH S Transformer Z5 #4158 H B S 76
PRG3R ) B8 B v . AR DL A R B AL A A R A
TR AR R E DG T 1 TR T A5 280 235 g s A SR B 1 X0 o DA B
JIBUH R 7 2 AL 0 08 1k SR W 43S LR BERR LA TS )
2.2.1 AT Transformer % 7% 35 64 4L 7 &

BT B T AL AR Y S B O AR T v A if) | B N (H E
rtfl s L B = JIHLE S O, [ BB P B  Transformer
i AR L5

Li 45070 (4 485 R R 6 A Bk 52 B9 Transformer 4 5 4% , 4
Il A P A5 DX R 8 A R 2 25 SOAS i SUJR M TR L L R
T S 78 5] 8, Cornia 2RSS EE A5 HCHE A AL B T ST
TR b B T —F s i A2 i PR Transformer B2 AL, %
R Z R it 4 5 2 )2 M0 88 LU AS 25 M A i 4, 5
DLRY BRLAREAE | BAREASARETR AR L, A 122 B9 AR Transformer R
P A A5, m] LS AT R0 A 2% J2 O B A0 G &R L 148
XF A R I HLE A S R T R A A, T DU A O
) PR A 5 36 1 4R LA K PRI ARG 20 A v SRR AE G R T
L & SR M 58 Transformer #58Y i 42 J5) [ 35 I 32 i 2% 45 &
B&Jm AR B A S s v, 3 5R T RHR &R R AR 52 m g,
WHNEAH 2 R AR KA TR RS0
FYLooonl

RS RR SR IR AT A i A0 AL SR w1 A A6 B B R 1R 5
TE R I HURIAE R AR A A28 Ly s —E . AR IR ER 3
IR TR SCACREAIE 22 ] 04 SRR 30 2 48 58 [E1R 4 Jr) R AE 1Y) 52 ) )
ST v AR 2 W AR TR AN MR B R — U ) A U R R R
B9 . B9 2 Bk AT ) T 2R P 22 A T T SR il B A P AR A
AR T NTEE AL R B A AL LI SR ke
2.2.2 T WA R AEAGRA T @

—HB 5T LA TR AL AR AL S5 4 O AL AL U7 . Trans-
former £5 4 BE BLH/E FI T MRS DX 38, /b T S 4008, T 4K
PTBERIR XS WA XU E PR A2 B A R E
WL, T TG T R A A B A TR R L T B R
DY R HE R A A 2 3 7y ™ Sl im A H AR R
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205 BB P R A WF SR AR S, B A 4 B T AR RRAE R A VE R
J3 WL 9 TE G T 45 ] 5 A 3t AR 2 1 00

Zhang SEF 1 RSTNet BEBIZE AT A IE W 7 & SR
L IX 43 A5 1) 5 AR A0 T B DR A L O AR 2R i AE L A 1R B
FIEFE B AT 6 IR, [ B 3208 B ) J 2 R 67 5 AL A
RO, TG0 % P T Transformer A0 $ W 4% R 1E B & £ &
25 45 B Y 1) B, Fang 5507000 3 F AR R T (Y 11 45 4 i
RERL T E AL B2 0 T 5 SR i p Bs 4, 4R i T
— R TC B bR A I A RS R AE 19 35 T Transformer (1
WA, SRR T WROCEE T B b R DR B i I L 25 A
R 8 3R A T A0 TR 25 R R AR R i BB b A T H A
G B A i 14 45 TR A B A A b R v TR B o Ak

AT il A £ AT TS R TR L e S TR R
A 77 T BRI B bR G i B A TR R A R A R T T
A0 TR 3 R

L5843 T LA A D0 A T3 1) X B SR I vk i ) R
B FaR R H H 3 & S F1 Transformer Y45 5, 485 5 3 4 45
pRane 2 BT o AT B 2ok B MSCOCO #udla f. Horb, 58
UL 2546 2R FH 22 SUJg 5 g Y 25 K 8L, CIDEr {16 A6 )Nl 25
o SR ISR AL 7 ) M Y SRR B, 43 A BHiE vl N B )
FI T 7 A0 SR e (AR R PR A 8 AR R B T . X LT
Transformer % 5 25 (149 0 £4 75 18] F1 3% T [0 K& 4 AF 189 00 4k T 18]
WA 5 19 A 4 AR 09 3 T IR B IR KBS 38 0 00 B e TR
LR EROR =g

F2 AR TR R Ty AL B0 R DA 4 AR

Table 2 Evaluation metrics of image captioning models using different attention mechanisms

R4 T 28 O Ak A SR : : CIDEr £ b 3 %4 : :

B4 M R-L C S B4 M RL C S
Up-Downl26] ot E & A 36.2 27.0 56. 4 113.5  20.3 36.3 27.7 56.9 120.1  21.4

Adaptivel 2] ol E E A 33.2 25.7 55.0  101.3 — - — — — —
ETAL7] HEEA 37.1 28.2 57.1  117.9  21.4 39.3 28.8 58.9  126.6  22.7
AoANetl51] HEED 37.2 28.4 57.5  119.8  21.3 38.9 29.2 58.8  129.8  22.4
2-TL8] BEES - - — — — 39.1 29.2 58.6  131.2  22.6
RSTNetk56] BEES - - — — — 40.1 29.8 59.5  135.6  23.3
ViTCAPL) HEEN 36.3 29.3 58.1 125.2 22,6  41.2 30.1 60.1 138.1  24.1

gLk, 2.1 WP EREMERESTEENEN TR
A58 i AR T L P 22 R i R G AR R AL T b 2K
T HEBE LR MBS N EE R TIRI Wi A G S
i 2 B RHE R IRAR DG . B B I MLEIME A ST RARIR
55 A 5T FE AR E L B G T Al 3 RS ] B AR R L B
A L CNN B K193z BF 3 F T 27 2 Rk oG &
2.3 NBRREFIINEREES

R PIRR LA HE s T U 2R T A SR T K 2 B
B DU FRSRAE 2 2] Oy 3, T 5OCTE KA S Y 2 L DL 45 R
X3 2 ] 59 26 RAE A VI A R AR SR X 80 . 3 5 R R —F
P EE HE e B2 R &5 i 7 25 L n-tree BB AR AE L AL
WRARR M 2 A . 8K B2 Y R H R A BT R 4
X Ak Kb 25 R L 86 A B AL 4% (Graph Convolutional
Network, GCN) #47 R AL 4% 2] , 44 HAE Ty 096 F1E 5 (5 B &2
ICHYBF 3 . o WA L T R AL AL SR S5 M an1s] 3 s . AR 4R
RERY G AL 0 AT K R4 Sy T 2 < 1 X O Bk M R
BNk 2 FEE

B i
= FHES

KA E GON

3 R T P AR A TR 55 L R

Fig. 3 Common process of visual input subtask based on graph
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(Controllable Image Captioning,CIC), 7] KL ik 5 fEAR
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FARIEF A0,
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Fig.4 Three common structures used for optimization strategies from single LSTM to multi-LSTM
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Table 3 Evaluation metrics of image captioning models using different LSTM structures
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Fig. 7 Two common language output subtask structures based on Transformer
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