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From image to language. image captioning and description
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Abstract: Image captioning and description belong to high-level visual understanding. They translate an image into natural
language with decent words, appropriate sentence patterns, and correct grammars. The task is interesting and has wide
application prospects on early education, visually impaired aid, automatic explanation, auto-reminding, development of

intelligent interactive environment, and even designing of intelligent robots. They also provide support for studying image
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retrieval , object detection, visual semantic reasoning, and personalized description. At present, the task has attracted the
attention of several researchers, and a large number of effective models have been proposed and developed. However, the
task is difficult and challenging because the model has to bridge the visual information and natural language and close the
semantic gap between the data with different modalities. In this work, the development timeline, popular frameworks and
models, frequently used datasets, and corresponding performance of image captioning and description are surveyed compre-
hensively. Additionally, the remaining questions and limitations of current works are investigated and analyzed in depth.
Overall, there are four parts for image captioning and description illustration in this study: 1) the image simple captioning
and description (one sentence is generated for an image generally) , including handcraft feature-based methods and deep
feature-based approaches; 2) image dense captioning ( multiple but relatively independent sentences are generated in gen-
eral) and refined paragraph description ( paragraph with a certain structure and logic is generated generally); 3) image
personalized and sentimental captioning and description ( sentence with personalized style and sentimental words is genera-
ted in general) ; and 4) corresponding evaluation datasets, metrics, and performances of the popular models. For the first
part, the research history of image captioning and description is first introduced, including template-based framework and
visual semantic retrieval-based framework based on handcraft visual feature. The classical and significant works such as
semantic space sharing model and visual semantic component reorganization model are described in detail. Then, the cur-
rent popular works based on deep learning techniques are sorted out carefully and elaborated in great detail. According to
the usage of visual information, the models for image captioning and description based on deep feature can be mainly classi-
fied into three categories: 1) global visual feature-based model, 2) visual feature selection and optimization-based model ,
and 3) optimization strategy-oriented model. For each kind of model, the current popular works including the proposed
models, superiority, and possible problems are analyzed and discussed. The models based on selected or optimized visual
features such as visual attention region, attributes, and concepts as prior knowledge are usually more intuitive and show bet-
ter performance, especially when advanced optimization strategies such as reinforcement learning are employed and the
quality of generated sentences frequently possesses more accurate words and richer semantics, although a few methods based
on global visual feature perform as good as them. Besides the models for image simple captioning and description, popular
works on dense captioning and refinement description for images are presented and sorted out in the second part. The mod-
els for dense captioning generate more sentences for images and offer more detailed description. However, the semantic rel-
evance among different visual objects, scenes, and actions is usually ignored and not embedded into the sentences although
a few approaches take advantage of the possible visual relation to predict more accurate words. With regard to refined para-
graph description for images, the hierarchical architecture with multiple recurrent neural network layers is the most
employed basic framework, where hierarchical attention mechanism, visual attributes, and reinforcement learning strategy
are also introduced into the related models to further improve the performance. However, the semantic relevance and logic
among different visual objects remain to be further explored and represented, and the coherence and logicality of the genera-
ted description paragraph for images need to be further polished and refined. Additionally, in consideration of human habit
of describing an image, personal experience is usually embedded into the description, and then the generated sentences
often contain personalized and sentimental information. Therefore, a few significant works for personalized image captioning
and sentimental description are also introduced and discussed in this paper. In particular, the discovery, representation,
and embedding of personalized information and sentiment in the models are surveyed and analyzed in depth. Moreover, the
limitations and problems about the task including the granularity and intensity of sentiments, the evaluation metrics of per-
sonalized and sentimental description, are worthy of further research and exploration. In addition to classical frameworks
and popular models, the related public evaluation datasets and metrics are also summarized and presented. First of all, the
image simple captioning and description datasets, including Microsoft common objects in context ( MS COCO02014 ),
Flickr30K, and Flicki8K, and the performances of a few popular models on these datasets are briefly introduced. After-
ward, the datasets, including Visual Genome and VG-P (Paragraph) for image dense captioning and paragraph descrip-
tion, and the performances of certain current works on the datasets are described and provided. Next, the datasets for the
task of image description with personalized and sentimental expression, including SentiCap and FlickrStylelOK, are briefly

introduced. Moreover, the performances of the main models are reported and discussed. Additionally, the frequently used
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evaluation methods, including traditional metrics and special targeted metrics, are described and compared.

In conclusion,

breakthrough has been made on image captioning and description in recent years, and the quality of generated sentences has

been greatly improved. However, more efforts are still needed to generate more coherent and accurate sentences with richer

semantics for images. The possible trends and solutions about image captioning and description are reconsidered and put

forward in this study. To further promote the task to practical applications, the semantic gap between visual dataset and nat-

ural language should be narrowed by generating a structured paragraph with sentiment and logical semantics for images.

However, several problems, including visual feature refinement and usage, sentiment and logic mining and embedding,

corresponding training dataset collecting and metric designing for personalization, and sentiment and paragraph description

evaluation, remain to be addressed.

Key words: image captioning; the depth feature; visual description; paragraph generation; image sentiment; logical semantic
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£ W 45 ( convolutional neural networks, CNN) 45
Y HACH 208 o H A b 28 I 28 A58 (H PR T 2 1)
(R ERBE A A Feate— 20 T 5 2 3 1 BRI
ELH 2012 4, Krizhevsky 55 A (2012 ) B¢ IR 5 2% 2] 1)
FAE 5 CNN RlE Rk, T A T BRI AlexNet FHY
TS B 2 0d T 2 BRI S AR LA
e, HARAEM G RE 00 B ey T2 AL RE ) B0, (45 1A
HIAE ImageNet 732505 £E ( Russakovsky 45,2015)
ARG TR RE B

AlexNet (1IN TR E 45 1) B 58 2008, 2
Ja % T U VGG-Net ( Visual Geometry Group) ( Si-
monyan Fll Zisserman ,2014) | GoogleNet ( Szegedy 55,
2015) .ResNet( residual net) ( He 45,2016 ) Z5 IR 1%
R, WBEHIZERG RO AL S AR AT TR SBR[
I3RS T VERE b A AW HR T A58 N DI K R S
FROER T HoA 2 R 84T 55, B 48 B ARSI ( Gir-
shick 55,2014 ; Girshick ,2015; Ren %%,2017a) . 8 1E
P ( Wang 45 ,2015,2018b; Wu %5,2019a) Fl A
P (Sun 45,2013 ;Han 55,2018 ; Wu 5§,2019b) , LA

Ko FLA AR AR5 ¢ Z2 K 5 4 BE ( Dai %8,2017h; Yang
45,2018 HLGE IR S = E BT 55

TE SR U, Ho— SR &l 2 fs , Horh
w, =T AR, ¢ AR E RS, E e
DCNN $IUEHRAFE , %t UG A TRAE S B, SR
FHF SRR RFAE HE AT At | 2 A PR m) I L
HE WA — B R ) T, Zd R,
FEICEMGAFAEIS , 7] LA B HR ] B0 2558 B 1 TR B2
FERY A AT DA ISR b, X H A i S8 A T o B
B EfRAS AT A RNN 2% CRF ( condition random
field ) N7 15 H ALY AE AR RN (4 ] A, o B =X
WEE G R A, 3R O7 R IR PR TR
G SGER I I 30 (i, B 25 T R T LS
(20 R B Rz N2 BRI At 1 S B, (R
T 30 1) TR P AR — iR, 3% RS 1 288, HoAG
R S B TR IR E 22, Bl TR A
o PR R U BOH T A RPN B, BRI
M EIAIL S BRI RE AT 32 B —E B . [HA R AR IA
I, [ FH TR BERAAE 1 PR R AR | HAE R s i
ST AR ARERY | 2R i ) TR HERA P | % DTk
A SO R AR 5 AR A B B Rk, 4/ 1A
5 A SRR T Z A SO

= . w, w, w, 3

! It [RNN RNN RNN |

5 SN @) T @) P
8 A |

. 4 L “f-” > W, A A‘ltl |

2 BT URIERAIR A EHEAR A A — A HE SR

Fig.2  General deep feature based framework

of image captioning and description

AR XL 15 L B b BT AN ], AT LK T
GRS IE R RS IR R 53y 3 260 1) B T 42
ERFIE R AES ;2 ) T IS8 FFAE e 5 S AL Y
FIAHESE ;3) 1 ) 0 AL SR AR AE S LR X
HOH TR I
121 BT 2Rl od ik iy A A 1Y

FET xR IR R R B R A R PR (BRI B
Utk 25 HAEE TG SRR R i S BRI
PEXS AN R AR BEA T A0 | A ) 5, AR RIAE SR 4
K3 iR (CHH of Fon R R 2R A AE) |

Mao S A (2015 ) 1 Jod t b H 2 B AR Y J5
2O EUG AR RRAE S5 RNN R 45 i Hh (9 05 & RRIE 45
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Wl ~ w, < N w

t ot

(RNN(1,) > RNN(,) P—» —"I—HIRNN(t,fl)

FEort

w, vf aw v

1

AW

K3 BT ZRORHIE Y SR bR RS R A A
Fig.3 Multi-modal feature based architecture

for image captioning and description

HAE— R A SR A HIT , M8 515 5 R
ATICAZ N ZR T AE A 5] I, XY T [A] 25 RNN £
T U HR 8 A0 B R AE AN EL A 1) AT 22 1l P2 24 i
o TR T AR R AR 2F T AT ERRR EoY
248K, Donahue ¢ A (2017 ) BF5E T Z B AEAEA
] (38 5 B PP g M RE B, 45 82 RNN 1)
ZRURRFIEANF T35 5 R AR B 25T, 18 5 R AE AN 54l
%, HAE D) 5| NTE Z 0018 5 M | 52 ma 1l S50 i) o
P St T T R A R Al A O S R R A
TR T, ZIa &, BN N (2018) A Y
HIAY TR 5 B R B NS BR W T R & RRAE A9 R 5 ik
J1o ML, B TR 2 20 v 032 2 I A0 R B B
Dy MR T RIS SRR S IR RS R
FOBER TR EE RNN M4 e fr b b TRl & . 1k
G AMBZRAE N (2017 ) I B T S i AL 2 A 7]
ImageNet X RAFH BUAS 47 W00 25, (A i 8500 48 &=
BRI, 0T R 2 T B0 i ik S 5 1) )
IR, Tang 6 A (2017) $2H T —Fik &
Yrse 5 R Fe 50 50 0 UG R AR FH 14
EAELE ImageNet ( Russakovsky 45 ,2015) A3z 5t
SIBHELE Place205 ( Zhou %5 ,2014) 43 BIXF 4~ CNN
BRI HEAT T2, SR e b FL 0 FHAE S IR AT 55 I
P T4 IR)YFI  vEf

16 RIS R RNN R0 2% 4 4 s ] 25 |-
HB 2> A PR ) 42 Jsy FRAE 33X Ry 1 REAZ B 1 RNN
W & v A fg A AR B & K B Vinyals 5§ A
(2015) 5 Karpathy H1 Li (2015 ) WA S 75 454 i 1]
LR A B 2 5] ABAMO LM | T
TN B HERRPE, R, Vinyals 5 A (2015) $24H
Vg MG ARAE 222 B 2 A8 ¥ I T H2 i A RNN 25 (1)
S — RIS R S 22 04 B TR 256 AN P O
S HA R B B F SE s R 2D R R
fE SRR, BRIy X A R s AR S
BREAL— R, ERFEIR T AT BEA LSS T3, (HE i ) 25

BRI, R BE 27 A SN AR Y < B 7]
R, ETIRIR A1 B AR AT ST
1.2.2 BT OUSRAE e 55 UL A A

PUBE AL A9 2R BB T -5 6 7 v i s 4] 1 o
B HAT BRI, — BT, LA CNN A
PRV LE N (P E 4 =F 2 AN N Tl Ik o 27
AT ZUCUE BT BEAT Rl AT 2 00, X TR i A
BAYRIRAE ) CAF R SLEGUEN] , (EXF T Gl
L G RAEE R R A BEAIN ) 2P bab EAEA —
AN D A A A R R, B8 AT A2 | BT Y R L
FORAR SR R AE T8 5 B A A iy S50 75 T
A HEAT A BT B X R S A, A g iX —[a]
R, Sz AL B R TR ALE S A B RS
YR = WALIN IESES N gt R AN S Al
A S IRAT 55 R FEAN TR B R 25 T A R Y
RUE DI (RRAE ) LAASTR] BOASUAEL , B85 45 45 A [] ) 4
S/ TR LA ZE i L SE e i A 0, e — ek
TIHEZLUNTEL 4 B

E P4 L 4 4

) =) [RNNGE-SRNNG, Y - —>RNNG,)

P E . L

v ] | oW, yen > e, |

e

B4 BT IER TP EHS A HESE
Fig.4 The attention mechanism based framework

for image captioning and description

Xu & N (2015) & Je 4 1 2 J HL i FH 7E R
HRT 55 b K 4ad CNN 2845 i e n — 2 R E 1A
CAEFRAE ] 8 ) PR TR ¥ 1 R 3 0 SR X 42 0
ZZ MR R P P A () o7 8 A5 A — R VR R o 8 R
fEFr B, FEAS R A B )20 b AR e 2 B o RS AR
BN P R R B AU, X Al 5 vkl ik
BRSO, R R 1 5 RNN ST A
HATES G, BENS F 38 N M 2 > L 6E X 3 5 15 A oK
I JR) 9 A X6 oy R, A S 2% i 1 e S [l B ) 28
TeRAEAF B TP, $ T 1 i Fi w1 7]
BF I A B AP (R R . S S o
DL Rt 2 0 T Ao oy R 0 T AR
Fu 55 A\ (2017 ) D) B 422 fift FH A 0 DX S A Sk 3 3 0 R
TR 4, 456 FREE B AR RIS X 85
BEATE AL E . Pedersoli %8 A (2017 ) R A T [ FE
AR JELES ol FH AR5 IX S DA i ) AT R TE RN &R
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TEABATTAE 2 T — N A R 4 A R R, B LSTM
(long short term memory ) HHAYBE RS AT IX B 5
B A B TR R S BT E R RS HEE L, X
75 AR A Tt PR A A O3 DXl B i i) 1
BT SO L T 53 4h—Fh B AR B T
Bl

Chen 58 A\ (2017 ) W\ Wi Ji — )2 FRAE B JF AN g
e MG I SN A, T & 2 24
A R S A1 (5 B B 5, ARG IE SCIX Sl
FHOCHEXMELAFE A3 R . AL, AEAS TR )2 U0 B REAE 1]
IS ZNEi B EENE S AN SN TY: I = WA k1N
FEOHERA SO AR R o X RIS T BT IR
KU, Bl T 2808, SRS ) b At 951k
A, Lu %A (2017) WRLSETE SCREE 515 7 10
PRUSEN V-SSP DN EIE A ok YV e
FLARA A8 DI, XT38 53 i 1), e LA s ORI 1Y
MvEAE R U fEE B ot BieE T — IR
TG, [ 38 N Hb A ) T S OCTE R ]2 Jiang 4§
A (2018) ML BEFFAE AN A BE H R, 24>
CNN H AU £ R AL FRAE SR 5 R ok A 21>
RNN 4% 454 2230 5 L, 7648 [F] A9 I 1) 25 1
KEE R/ E . Mun 4 A (2017) KK
FERLSEE B ) Sr kB v, T RAB S AR ALY AR
AW IARAE J 5l By, B8 w5 A5 R 6 T A0 0 DX G 1 ) 7
BAPE, R, 32— e T SO | S 13 2 LI A 1
BAARRAY , E SeAR I G N 2l FHARARLRE 5 4
HYPUHE , NI h R 2 ARG iR m) - SR 5
i SCAR 51 1 R ) e B RN 5 A X 8k A
CBE I8 R R 1Y BT SCHAAIE

DL B0 P T B R R B T R R A R
AR, FLI T 2 0 A A A0 DXl R /N S [ 5
14, 3% LEHR AT BT BOE B ) P O T B A REAEATS 4K
Wi — & TR R . AR DX — (a8, 53 #F
FEN DL 2 X B T AT FRUORS B, U0 Anderson 45
A (2018) £ i —Fh Ak ] 5 F T P 1] 4545
HURE S =WAL RN E W U RV AT N B R 7 a1 K = N7 v ek
o 2 DX, RS T e 8 T D LR T
ZIX I Z ALE , Fang 55 A (2018) W% H — 4%
P RNN 28065 3 5 0 QT X A TR o, SR )5
g HE ATE F Rt A Rl BRSO T S B R
PR A B, o S o 1 4] - s 3 A R G B OE R
Gu 45 A\ (2018) R Al G W2 HE & 1 = 1 HLH Y

LSTM [, XHoe {5 St A7 ad o , 52 B0 oL B 40 /9
FUGHEA . BEAk, Shi 58 A (2019 ) PL R-CNN ( region
based CNN) Sy FEhtt A= il FGA we 18 S IX 38, IF-45 5
A SRy AL, SR ] — R R 1 T ) BTG, B iR AY
HOMECAY 22 Sk, 2D BRI RS T4, Zhang %5
A (2019b) A R GER) i AR AR PR S i B S i
FRRE R, 2% DX B [T 7 19, A BB ite t P50 L2
TR LN, PR H T R A B A B P RETF AN A F
R, AT 4 B AL 4% (fully convolutional net-
work, FCN) ( Johnson 45,2016 ) 4= i 41 k7 & 9 4% 1)
FRAEIE 7R LR F 52 BCRAE (BT v 0 1 SR 5 DX I
FERIBNFHE I & LU S| 5 10 B 7R R B
LT

FET R I HUR AR R O IR F R R I
IF b LI B A R ELARRRAIE , S5 A 58 R ik 11
VEPE S Ak, 7P 51 AR IS A A A ] TR TG G
HFRITH, BRILZAN W ARSI AT 2105
B IR A A L R A T A T B R
SOMEA 5 5 5 B 34 08 ) B9 2B i, Fang 55 A
(2015 ) 4 3 ) FRL 50 WE G 1 O vk e X — A1 55, 1
Jefdi 1 2 75 B % 2] $ R ( multi-instance learning,
MIL ) A4 A0 8 M AT g , 6 PRI b A0 T 8 11 4
v SOIEE: | 98 Je AR Al 3 6 L o i 3R T e
D7k R MR AT F R AR OGTR)IL, 1 2 i 22 A fe ik
B e e R B S ) 7 Z TR R R i e 1Y
TR o IR AL SE ML AR I A il ) 5 3
AR LA AP BR Z 6] 2 B 80, A 18 o 21 i
RO AL AR | ATt P 6 £ 75 A5 28 i AR 7 fie
PERAS PERESZ BIBR M, (IR0 55 i B MIL £
ARG GERE &0 T 28 & TARZ 98 & JF 4
T 2RI

You A (2016b) $i& H —Ffeke 48 & P 5 3 &
FIRAGE G B UG R AL | ) A fef 1 55 M 0% Jr vk
YIZRAL e J PEAS I 45 , (25 Fang 55 A (2015) J5 ¥k
AN]SR, AN ] E ARSI ) 5 20 e Lo DX as
T B e DA 22 ) 1 R BB 60 oz PR O ) i S
JE b, WS T R REAY AL SE MR T RIS I HIEE )
PLHIZERE I IR] 25 b O TR E AL oe I 1, D9 AN [F)
AL S SR M A [ A AU, X R JT 583 1 [
L B DX 3 AN R ) B, Rl S A T 2
PLBE RN S5 R, & — IR AE L R R AL 5
PPy M AT 2 B 2K, Wa A5 A (2016) 2 1 i
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FHTE 2R ARS8 AR S A B ) —Fh 5 T e
JRVER UGS R AESE B IF R MIL 75 28 4R K
PG & 1 | T2 A% N2 2% 1 ] rh 4 R B B0
JRVEHEATVERE ; [ B 38 o —Fh 22 ROBE A G o 4 4
A (Wu 55 ,2018) KA GETE L IX 8, IR F S 40GE
R 77 2, il IOk 52 5% B A5 B 6 25 A0 o X Stk AT
FRIESEI SRS 456 BRI 2 Rk R A
TEH BRI TS . Yao S5 A (2017) 421 T —Fh
Shy 5 B AR B S ML Dy A HE 5 B R
B YE SR G e 1 5 R 2 R R AR — R kA
RNN R2% i Gil Bh B SR i A B AR, IR 5 1%
LSRRI i K S 0 1 B Pl 1\ N T DV
PR A BB R TR R IR ) g S Ak i
JEXF MR ICBURA AR AT T 1G5 7E — R |
AL R A B TR (IR BESE 2T BR . Gan
FFAN(2017b) U T You %A (2016b) 1Y TAE, KKy
TN R R URE =W N i W= AN LS i)
RNN M2 B SHOBL T H K, ik, e
SR M43 ) 7 20 RNN BAOTHES T Tttt Yao
N (2018) A M £ L3 X 42 2 (Bl B A — 5 W iE X
KF JUHAEA U] 7 75 ZOR S Ml st v SCOC &
WS B A7 254 v, S, Yao 48 A (2018) ff A
Ii) (&1 Ry LG b ) 45 B s DX sl by 2 1 OO R [
BB 2% ( graph convolutional network , GCN ) X i
W AR AT R IE SR I, O 45 G TR B AL AR R A
WA, Yang 55N (2019) A T LG A5 B IE &
FRIBGHLASRIEA R, 02 50008 5 2 5 n i
SCRFS ARG . AT P E AR A RSS2 5 b i)
B0 R A LB PE ORI, 2B iR
(1375 &l (scene graph) , %R J5 ] Hl GCN #& Bt Ho 4k
fiE, S5 TE KRR SCA FE A0 2R 730, o IR AE
BRI AR B 1A, XA Y
P 5 2 A AT DL SO o Jg 1k i — 7, HR FH GCN
(8977 20 G R AT S I AR e 0 o HE L 5 ] i
VR S5 5 T E A AR GF 1Y 8 AR (A i3 — 20
MRS58, Zhang %/\(2019&) NN H HENS
] - R AR IR AL o A A B M I S8 B IR B
NEE SR 22 (1) A0 5 S 30, #b 58 H AT BE 1 1 4R
FEAN 249 45 B0 AN HE I SO 25 A e 2k 1% A
2. Yao % A (2018) 5 Zhang % A (2019a) 4 )7 i
FEAS T 280 T 900 A AE e 5 5 AL IR Y 8%, 759K
W& b — 2D e T A B M A A IR AP AE

1.2.3 T ) e A SRS 1 P A A A A A

5N 2] s R A RGN R A [ R
B S BGHEAT FE - ISR AN, A HAS A Ry
HOE T T GREIE 0 R AR o3 A T A I e ) 5
W EARACARBEY JFa R ARNSE R, 7EiZd b ]
AR AL T7 208 B R AR () e P RE . R
AR AT 55 b, BB p p Ak 7 X — e mT By S
3 B 1) RERLAL SR 2) e R 3) /s
2RSS AL R

TE SR F AL HEm b | — 8 Sy PRGOS B 2 2% /) 5
BCE AR, IR SRR T 45 R A5 X0 H (]
XA 7 I R 22 LURHE F A
SRR, XA 20T DL A A B 24
ZJri B9 DCNN B RS R RFAE , R B AT
TR AT U 2, A B R . (HIX Fh oy
B IR T BMRAFAE S OB AL (R A ) 515
AL 2 1] 1) BT A BB % ol R AR 5 B D B B A
RS ARG — [R5 K A o A 1Y 5 1 5 A
RIEATIR B Ak , 1% 22 I A% B 5 R A IS Sk I, 4k
S1n) J5 (A1 4% 22 DCNN A AL H Sk 5 458 780 v 1 2480
HEAT GOUE B, LA T AE 42 45 Donahue 46 A
(2017) #& i ) LRCN ( long-term recurrent convolu-
tional network ) #%!  Vinyals &5 N (2015) #5E3HHY NIC
(neural image caption ) #H | L N HiAth 2 50 fdf F v =
TIPS

it F TR AR B 4 SR K5 D0 AL et AR AL 45y
T B R 2020 1 S RO A e i A5 R %)
S BRI R b Rt BIFSE N D1k i i ek
T B N AR BSR4, DB Y I ] b R AR
RUHEAT R 38 5 O A6 012 BT SRR T SR ) 7843 F)
FHEAIYIN RIS (4 Jey 8 5 42 S {5 8., i 2R i)+ 1Y
JRihk, G Jia 55 A (2015) % LSTM HOTHEAT T4,
BT gLSTM 454 ZEAE NI E] 25 b B (i FASE B 7
A SR AT R TR S AT TN ) B S fef ] 4 )R 1R
A T EE IR0 A i, AT R A VR P S )
TR SO, A DR RNN 26 0k L4711 538 H 5
ST O B[R] T ) Aneja %5 N (2018) 42 H —F
BTGB ARG AR HESE sl i 5
PLEIARSS 5 /Y CNN P48 FEREN e 2E EARE 2 4=
TSGR 55 PR B 1 2 DI 5 AR A T >4 i ) A
o ZRBAEN(2019) tLfl T MBI S8 B, B 1 —
P2k T 3CA CNN 9 @875 15, T Rennie 55 A
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(2017 ) W MR #i& CIDEr ( consensus-based image
description evaluation) PEMTE IR, 32 —Fh R T gk
) SRR PR AR IR HE R A K S T A A B A I 5
SIS P 18 bR 2 AN GE— 0, 2R B AR A
JE AR 22 1k B v, JC¥E AR AR 40 BLEU ( bilingual
evaluation understudy) ( Papineni 55,2002 ) , METEOR
('metric for evaluation of translation with explicit orde-
ring ) ( Banerjee 1 Lavie, 2005 ) . CIDEr ( Vedantam
85,2015) PPN FE AR LAY BEAT 4RO, 8 G
A7 1) LT RE 9 O 22 5 3552 B R R ER R AL, M,
DAY Ak AU R AR il ) ) 5 O Sl AR B 2E o o0 (E
IR 5 SRR AT ) BRI ZAb,
Liu % A (2017a) &% CIDEr fil SPICE ( semantic
propositional image caption evaluation) ( Anderson 5§,
2016) P i bR 4l G 7E —EAE A LAk B Aw, X Rl
PEAT N FE AL, XA OT AR TR TN R A
AN—FIn) B FERB R AL S BT T HEE A £
MIRE LI a5 R R Y] TZ I B AR, Ren
SN (2017b) R T s Ak 2= S (9 07 =X, B UG H iR
Fh AR RN A R gt SR e 38 SR 90 285 11
B M2 Z 1) 5l xF B AR #EAT A, (HIXFh Iy
R R T LAE T 558 - BRI A SR
HAINGR AP AATS IR 2 5> B HY . Dai F1 Lin (2017) |
Dai 25 A\ (2017a) TA Ay 2 B AR 22468 18U A it 14 ) 48
SRR, TR R — S8 B A B S, R
Y )T AR e, (R — b SR A R
P 4% ( generative adversarial network, GAN) ( Good-
fellow 55,2014 ) LA 15 Gt (14 238 SLI o BOR 452 84 39F
Fride, AR AR rp IR B R G ) TRk
NS P S EX@TRER L SIS RoE NN RNV IS 6
AR EE . Yan %A (2020) $2H T —F N
Ak IR D GAN 55 b2y > g A2
B IS T RUZEE AL KR AR RE S JR)
PRI S, AR, H2 v el 3 B v R Pk . X Ry
RS THERE S GAN Flakfb 2 5] S B B
AR T B B P B AR B A AR 0 £ S (R

R 1Al s Ak 2 O A0 BT T R ik
(I8R5 B0 B ) 2 PRI X | s X DA PR TR 46 () L, 4 T
fdt FH/IVEEAR 252 2] BRI B 2 2] FOR X A L R4 7
Ak, Dong 55 A (2018 ) 15 Je i th — Fi fefi 1 2 K the
BRS8N ] B EAS AR AR B RL . LUoTAe
( Meta-learning ) JUAE Ay LAl F LG RN SCAS 25 & 7

—iEAE o 2] AR, i sh A o ] SCA g A
JeE AR M L 5E AR P ) 2 ORI B
BRI Sl F R S BIEE  207 IR R AR
(AN IRAT: 55 Hh B B I R0 M L AT — R R ) A
gt S, (MR [ ACRFAIE 1) M) 7 T e £ B A
VIR B, PERER A Ff Tk — P $E T, Feng A
(2019) 4t 1 1 I JC Wi B 1) 077 12 11 2 PR 4 A ik A
B HAE AR BES G 1Ay~ S JE P AT A%
> SETT 1 A VAR A ) 1 5 AR D 22 (8] X
POl i OB R R 22 05h , L R ) 1 EE Ay it
K XA AR AT SR AT B, TR PR O S K
QIR X s AT HORT AL . 05 R AT X
M DR = R AT T B RG] %7 AR AR R AL
AMLAET5 ¥ AT T AT, 18 PG A 55 B4
HA 5, HAR s ) 1 o 5 0 HE W, 3 SO
FH.

2 BEGREERER

3 0% P R T B 3R AR A 5 HE SR A 7 i)
MR, AT LA Y 3 SRR RGBT A i A 40 2 B m 4i
% ER AR SR Ko B O FR AT S
RRLFERCAHLRES | W 1 R EE A A5 15 S MELL LSS
PRI T CNEE . 7 R TR 5
AR AR HESE o Kulkarni %8 A (2013) 11T
— PP Ry A AR AE SR A BN 1 O RS i
JE PR S A G R B SCPIN R ARS An A A . AR
JEAEHIZREBERLY (CRY) |, A2 BURA — 7 12 48 A 4
TR, X R A E B R R AR BT T
HFEREINRL, H2 T TAMER 85 R B 5
M) R R TR A (SR AR, ) 11 PR
132 BRI

Bl R B2 2 ) HOR Y S e 238 AR A Bk B
Z KT I TT R ARG | by R A= 1l B Ry s i SC
P TSR KRS AR AL A . Krishna 28 A (2017 ) B 5G4
TG HERA THR (visual genome) , A AL BE(E
SR R R T SC (R ) TR s, A [ B R
Wi MG, e 2 AT AT LB 04 R0 5 1
SEXFGRFAHCALE R34, Ry T SR R B Z Ay
ALk (% 4 IA (dense captioning) ) . Hs il
W s pos,

Johnson %8 A (2016) $2& ) T —Fh 4= 45 B v N
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Small houses on the hillside Tree near the water

The elephant with a seat on top The nearby river
The bush next to ariver Girl feeding elephant
An elephant trunk taking two bananas

An man taking a picture Leaves on the ground

K5 KGR EM R ]

Fig.5 Example of image dense captioning

2% | G AR R PR I — B T S DK e AR R
Xof A e X IR A T4 (L5 [l ) a5, S 3 Xl o 5
W E RIS, Z TAER K T AN TR
FRAFERIBPHEER, H Yang 5 A (2017) A,
ASCAE T E A BT A= ol 4 1R o IX 38 R % ] e S 3
A EANHER , HEAAS DO LA i B B IE 3 Y
AR, A, B b 2 X B SR B
UG X IR Gk R 52 B 1R SRS R G TR IX
Sl (52 AN TERA B A BT G 3 55 B L B i iR IR R

Li 5\ (2019) SRR T —Fh s S {35 19 07 5, R
FH gLSTM Ay eril 21 iyt v X G A7 B8 Sy, If:
DL SR> DX ) 1A i S A X 3800 A Y
AL O, 52 3B RS T A B AR R, Yin SF A
(2019) [FRE g fg ke R SCHI R IREL, 51T R
fFE A EE RS 2RER, N2 IUE B
BRI L, Kim A (2019) T T — R B4 &
AR Y = H R I IS TR Y, ARl A AT i A
BB ISEXT R R < E—/r—72 > B3
ST, AR SE XS R DB (B A/ 58) B — 2%
& FH 0 2 B 0 45 9K 05 1 ] 241 55 2% ~J (multi-task
learning ) Y 5 125 A B> DX AE s 0 EL A L 79 40 XoF
RRFNIE , IXLET7 AR B 0 A5 DX AR i
TR EART Tk | BRI BE X R  A
TEIZ R CTERUD (BT AT TR A LT[R Ik
I SCHREENS T AR AT L Ay A A DX i Y
B INTH BN MR A 18 SO G 22 0] I AN & 58 4 4R AT

1, WA 2135 5 L J] R ) ELAA B 358 A FR0AH 7 ) 2007 il
R A ) Z R REAR B S, LEAARER

P8 11 5 B Al AR 2 g TR A B 22 %), 4%
TR Z B AR T RE B — R 1 ORI (H AR B 2
[ B W HL 24 LAY , A BETE O & BERY S5 F 1L
WEE, XEE T ANE H 8 AR o — IR EHR 1
R IR 5L, FLE 55 1 RS R A B S B b iy
NEFHAE PRI B3 o A v o SC X A= pl 2 42
TR SR AR A Ak Rk Z 50, NATWRIT I
TR A G A L RAT — 5 B R 2 I R R T B,
PE— 2 E W E H AR N, Huang 55 A
(2016) 4t 1 — BT UG 19 A 1 IR A 55,
A E IR 2 08 B BAE S BE 0 &, R4 H
AL e N B4, AR i BAT — JE B 18 1 A BLYs
&, Liu %A (2017b) SIABEIR KR 5 EF Sk
Z BT SCARDCAE , (e FH R 12 25 3 L X 1R
T AT XG4 A A T8 B ERf | ek
TR, Wang % A (2018a) #4384k 2 > 5 % it
] B AR AR /Y F 8 AT 55 v, 1 2 Ak
RNN 1B A) 5 A2 e, JFic it 2 B & 515 5 X
I 5 2 il | SR b X BT 2R i Jr 2
AT .

Krause %A( 2017) D) B A5 O v B A% 0 B
AR S EUGIR AHRAH L, Xt 2 AT H %
A TP DL TR 18 SO T AN R R
RNN M 4% | 38 2 185 ) 9% RNN B A i m) + i
R IARDE M SR 5 A8 FRITC S RNN 384 2B i)
MR S H T A ) A T — BRI iR B
o HBRUEEAHELL NI 6 7R

K6 JZURX RNN 9 ER BT ik A nURE SR
Fig.6 Hierarchical RNN based framework

for image paragraph description

T2 RNN 4% A0 B VR 19 )2 Ak 45
¥, R G B T AR AL T EDULRE S 2 At —
B SE T AR BARERE . Liang 25 A (2017) tfdi
TIEARRNIC 22 M 9% RNN 254y [ A4 i B 7%
Pk HHRA T XAy Oy ik il ad g i AL B TE
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A i 5 2 ) H s Z 18] A B XS BT AR, 52
IR e 24k . Che 55 A (2018 ) 42 —Fh B
HAERY I SR I A5 v 5 o A A X R X
B AR5 FI W 25 I Z B 1 5C &R JF R one-
hot 75 20K HAAILGE OC 22 7R IURIE [ 1, e H 4%
RARFHES KEEFEZS S — B AR SR (2
Z RNN M 2%) | A= il B A — o 450 19 12 318 B,
Chatterjee 1 Schwing (2018 ) 4 T 2 pl{i# 51 . 451k
R A R BT |, 2k 4] 12 RNN AR 4
Jay FERBVRAE ) i il 22 450 1 22 B HOR — B0k JRAE
PEIEAE 25509 RNN A G BEPERRAE ) o, PR
R 5 Z [A) (8- 2o 3 i >R FHZE 73 F 3l 9 A5
PR ENG H B FA RRBAE B, PRAIEA: B0 BE i 34
BAZHALS M MALFFIE . Wang 55 A (2019) H1R
FH T A FH PG S R A i 5 1 B A i S8 i, A
T SO G 0 A A 3 I A AR 48 A Tl 2 A T RUR
fiE SR 1 I S A AR I 28 0 R R 0 A T E A i T
4 JR TR, 5| 06 SR A B IR . 1EIX
segrk A A X IR AR IR ) T E AR
TR EE R, HA D0 X R 2Z (8] Y N G2 4 , LA
FACAHR AT A B Ff OC I G &R | AR A ™
WSS TE BOSC BB AL, (HEE T
e S HART B R R R S A Y R A
A R TR BT 7 450 G B | 22 R 0 1 55 Dy T
I A [ LT e e

3 BEFERSA LR

R T A R A U Sy TR 20 RS 2R AL R A1, A
T B TE H O S h Hal 5 W 205 2 stk
MIERAGEE . FER R — R R H AR A2
B AWUSAE ) 7 i B A Z ARG B d i, BF5E
B T RLG A E A B RYE B R AR A 5,
B TERE— D4R/ NREEE 5 B AR TR F RIS Z A 1 22
St BRI ) 1 B RIS VAR SR 7R BB
G, NATTHE X e B s v 17 S8 S AT
T IEALBE N2, X PRI AR A BB A g SRR A T 0 2 TR
BB AR N 25 0 UL AT RE 7 A B 1 R
( Machajdik I Hanbury,2010; Chen #/1 Jin,2016; You
4§ ,2016a;Zhao 55,2018 ) . X Fi I 2 A 40 i 5 B 15
I HT 5 03 28U K RAFAE 572, IR T
RIZSTZ BTG, TR RS R T AT 2

ST IR I T AR ARl R 5 TR KU B 5
HoA L8 X G200 96 7 55 07 T AT ORI, F A IR S
SEA HLHL RS TE— R, JE B 2R 5| T (Y EG b
Sk

Mathews 5 A (2016 ) IE B IK 1S PEALHE
ok B —FhJF S RNN B, O R AR L
BA “ T (positive ) ” o “ JH L ( negative ) 15 B A H
WA, XF I EA T FRTEAE S RNN T
By — A BT R AL S FE R E H A
S m) P G AR LA S8, S
HRTA] G A BB AT AN [R) 15 Bt R 10 7)1 1% TAEAE
SRR B A IR AT LI o B R i AT R i
AN 2 Ry R T R 3 5 1)1 BRI LR vk L E i
55 SR M o 4 17 SR 5 A SCERIA TC A M AT 47
—, 5ANK H &R B BAMPIRCR, HiXFh
T3 B0 T IR R SORLEE FOREL ik LA 7 B Oy 5 2%
AP BETE 3R A . Shin %5 A (2016) fill Hl 245487
IO AR P IR 515 IR P4~ CNN A i
LA WA A AL D R AIE A R T PR R
FE A AR B, A A RO M 1 A AR R T
Karayil 55 A (2019) #“ B 5 “ Wi oy —MH
TR ) B S5 5 X Py > ARl R T
55 R T ORI A ) 2 D, S B AR S AR A
Gan 55 A (2017a) W DA JXURS ZRIB 1 8 H %, B2 40
PG AR JSCELAT AN [R) KU 2H8 8 114 4l 3 388 5 8 o - f
(477 206 RNN ST AU 6 B4R 43R = A [
(0 XU R, I 24 5527 ST BILTRI, R IR A 1
“H4ZR (humor) ” . “ VR 1% ( roman ) ” Fl1“ 55 52 ( factual ) ”
3 Bl XU B IR TR ], X ARy SCBEAEL T[] B R
AR R A [ B 5 R XU (EL KU 1) 6
AAULELE LA b 3 i, R TR M o3 i 5 24T 55 5 2
(8 77125 T e Mk L BT R XU B Z A4k, Chen 55
A (2018) £Zi4 T Mathews 55 A (2016 ) Al Gan 55 A
(2017a) By SEAR 9 8 TGRS FR Y T —Fh A 1&
I IR I HILARL, TR D 2 S SR VA M 1
b A AR R R A IR RE 8 R I D T 22 0 A R OXUR
CFRBR” (TR e ER T CIRTE ) . Guo SF A
(2019) R T X025 > 0 JEAR 1 Se AR i LG AR AE
5t A AR A s A IR Iz 1 XA A ) -, S8 05
H 5 SR ] - 76 LA B, 458 FH 0 1) A
W) AR, IR ) AR AT 428, DA S AR A
Ak b, [RIFEHD , Zhao 45 A (2020 ) R F T IF]
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FERR I 2 SR B (BTN TC I8 2 AN [] A 175 SRl 1
IS 2 FE R XS, LSS TR KU 1) 18
ST T —Fh )1 03 S R B WA R XA 1 R
O3 S AE S  R R A A T 3 SRS A RS
P s (RIVI RA ME BUXURS ) X R A B9 XA 212 BT
PEAT NG FE A U] 1 UPAR A ] g RUAS A s A=
AR )

Wtk L2 — 1 R R AR ) AN, AT
135K Ry BG AR R — @ MR B B iR
Park 55 N(2017) 24 7 A2 U S HEAL Y R A
P& —Fh 1R SOFINICIC ML g e — IR EE S,
PR A TEACE R AR S CNN R 25 3550 %
EUGAFIE 5 SCARRHE AT S i, T AE B A IRl 20 B
56 TR DRI ICAZ T AT ST, e A T
FEHIAPE AL BSR4 8 R 7, Shuster 45 A (2019)
it T 200 A FE F A S PEALRRAE (A0 sweet” |
“anxious” & ) , 7F AE B EME AR B, 43 5 {8 CNN
FHA5 2% (transformer ) X AR AR 1 £ 47 G B, (7]
BRI A AR AR AR E G B Sy dix A SCRRAE ] £, OF
W =B W B [F]— R AR 2 (R vh SRS 4 B T E AL
il oA HAE A AR (R Yl R ) 1

XF T G A R AT 55 (U BIF 9 H BT AR & SRz v
NATAALAERESS TN J5 1 A Wil 221 5 itk Tl
ARG SE PR oK, $& T 2 045590 3¢, 05
R AL B0 TAE R R S i —F
7 HEZR WG RBAE R I =7 B R A LY ) 4l
RYER BARES ", TEZM B W2 2S
1 HLas B AL SRR B N = AL R
OMRAERAE . NEVAR 1R e 2 oG T
M5 BAE IR, DL R anfel i 45 Ao (5 B 5 1
B A RO L (HXT B AR AL B, 40 Y fe 2k
Al 8 F R O 2R 45 38 R 3R AT R 8 1 AL
H i, 23 7] ( Devlin 45 ,2019) & T—1HTH
SRIE T PRA# A9 BERT ( bidirectional encoder represen-
tation from transformers ) HE4E |3 33 X0 [m] 4% 445 ( bidi-
rectional transformer) Xf B #8155 #4740 65, H- %11
TR TR IR S S ) P AR AL S i iR
GO FE) TR AR E RIS . FRZAESL S IR A
155 A HLRL G 21T 2 — LA 7 1), Je 2
i A5 25 (Vaswani 57 ,2017) (B BB AS iE— 20
SEfR RNN 0 268 rf iy 7466 182 1 2 iS5 2500 11 DR Y
{8 T L[] ), B % S B B Y A7 0 8 S s 5

TS S B4 5500 32, i AR A T Brfidt
I I TR 2 25 A N I 5, U A iR
PR OC R B BLEAIA  WE ST E B, R RTR
W (R T2 R AR B i S 2R, H RIS A A R R
AL A DRI PP 15 A -5 508 2 R 2k 25 Rk )
R R AR

4 HERBBEESFENTTE

B 5 0T AU TR E 2 e B A% IR ] 5l
TEANIR IR | A 755830 o R dat 1Y) S5 9 X A A8 1) A 8 e
LB E AT XS LS, 7Rzl e, 75 2[R i %
JEA AR A PE S TR AR5 52 50 PR BE A DI B 52 7
ANT5TE . FEVFO R bR 5T, AN T B 228 U
EEAT 55, E AT 2 A W) ) ERR PR AT
Geit 3 E a1 3% U 1 SOMESE 5 T AT A
i, K, AR PRt o n A, X T irm, B
HEE X EUR B bR A i 5 3k 22 B A i
RIE [R]—>dah P ) Bodhe £ N B AT R L)1 25 . 205
P52,

4.1 HERHEREITEN RS BEER

FHT, X5 T R 5 9L R A E e pL ] 2 02 2
T BEr A k BIRE LG8 PN 250 0 1 2 2% )
T 5 AR T AT B A, 4 RO [R] B AR v X
i) RS MERR R TS TR S A T 5
H) 2 B B AL W R PR AN R AR AL
BLEU, METEOR , ROUGE-L ( recall-oriented under-
study for gisting evaluation) ( Lin Al Och, 2004 ) %,
Hor BLEU $8 b5 2 2] T 5 A= il i) 7 i v afl 1 5
SCEi R o T B USRI e B T 1 R e Cal (B
207 () DC AR BE X A A AT T 43 GEHE i Bon
FORHAEAF “n-Jt” FRYHE) , Hd n — IR
[1,2,3, 4} 16 n BERNOLT ,BLEU fHBGS , 3t
B TR ST PE M . IR AR X TR
A —E MR 25 A U] 1 I (RN 2%
A A, DN o A S PR AR N 1 A0 BL,  k
FETHRR T F B TR AR R A AR R 2T
2R AT, METEOR Hl ROUGE-L #5 #7 X
R RIEHT B AT, X T METEOR 845, S48
R PR ECN 55 A 5 =0, Jl a5 SCAEST B A
A PR 7 R PAN ) 5 e i 30 5 3 1 1
S ISR S = o ¥ B A VB el e atd ol
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TRV B TR RS DR | () SCUG e 5 ) AR DC E 1Y
T, He U 48 ORIl 45 B MR, an 2R
3 FVCAC 5 =X i 45 3] 9 fe (R[] DU JH 193 7 DL
e Hh A2 S R D I DERCAE S 6 55 466 Hh Y ] ot
R AR B Ay A TR A B R AN RS
IRIEFZAE G IR ECS R ) FIRE AU L
{EAE HERG A, 5 22 A 1 hiaal I B0 FU(EAE S A
[l MiXF T ROUGE-L #5451 & , B AR L [F] i) %
ST AR R 5 A R ER 2 5 A R (HE R D
A ER DR HC 7 sk S LAl B8 Ry DGR ) 1Y I BT
DA 3 Bh 5 EE0d a5 1 S5 PPAN 2 A 0 (H R A
MM , METEOR J5 i % 8 9 N 28 5 O 4 i, HGal 1o
Z PV HC )y 2 (JUHSZ [F] CUE Fe s i AR DE AL ) , AN
REAE XS] 1 A TR 1 5 3% ST PE b AT i 6, W)t g
e E—EFERE b RO ) 5 B TE v, PR, AT
TEPEIGR B8 AR 38 T AR v, S 1) T T34 bn %)
A R 22 2k T R BUE B AT o
VLB I iR B XS Bl BT 55 B E Y, DRt
HEON F AR TR 5 09 A A AR 1l R 1 1 Jo 6, 330
TR SR U, W H R THREE R SR HZ
[ A BR 2R o AU, 2 25 U T A o 40 9 4 38 1) AT
BT RYPEN 7, U ST RE A8 16 R AL 00 1 LY
AR BLE . F AT, SR RO IR AT B bR
ZALAE CIDEr A1 SPICE, et CIDEr #5475 5 2 Ak
TR S h) 144 IR SOy SRR (BRR o < 2k
W) AR AE U T SN SR TG AR
SLEEES VP IR SCRGRREE Rz B, &
Bl G S A A T n-on L B A HLEE, b AR
) F AR R “ n-TE AL SM AR R ) TR-IDF  term
frequency-inverse document frequency ) {8, »e il H:Ath
Tk X A n-JG2H " — WL TR 0 s, (ACEL T X A
B F R PR AR . R TIOE AR A A
XA F I PE > 81, 5 BLEU \METEOR %4845 —
R, C BN LS H AR 1 EEPE N bR ifEZ — . SPICE
BFR AT 7k 8 Sy OCE IR h e T U (R
R JEYE R WUERRRERE B Jo il H —Fh
R CTE R I8 Ik MM ( probabilistic context-free
grammar, PCFG) (Klein Fil Manning,2003) F 5 #1 J5
V2 R R AT OR RDE HERY  SR K O S & i
SR 137 5 AR 5 B VS RO FE BT A6
AR R R TR R AR 2B T ES S
A W) 1 SR e ol “ non L AR G SRR AR

4 METEOR J7 i "R HYIC L7 i Ge i IE AR 4, OF i
SRR AL e T SOXT G HERR R S A R
e AR 0 )y S B R L. RS
CIDEr f8h5—#¢, H it H R 2 A 1 S8 hn & 2l i
i et ) R T SR (L HC 0 T 44 R M A 1
SO T8 251 1 1 SCH B n] BEAS 5 HEAf .
I, EBARPEHIN, — 5 245 G 26 b5, AN ]
e X ) - B AT LR B VAN

TEAL 8 5 SR AR AT 55 vy | 30 8 4l 17 4 v f %2
YJ{E ( mean average precision, mAP) $§Fx [] B X %
(LAERPE SR A R P AT B IR bR T
HARKIAT 55, J5 B Johnson 25 A (2016) ¥ 17 ek ik
I T R SRR T 55 00PN . BB G 5C X
(intersection over union, loU) #Lifil , K5 X 4 # B (8] {5
76{0.2,0.3,0.4, 0.5, 0.6} FAEEFEEEN
X 7 A7 1 B M 1 A £, W) B ) METEOR 4318 7E
[0, 0.05, 0.10, 0. 15, 0.20, 0.25}| | (/F 3418
w20 54U AR R TP A Y
(EAE AR A
4.2 BERFREENSRREES
4.2.1 BT Sl R B s 5 AR REXT L

BEXF bR A 1l 5 i, B BT E A 2T )
ANTRIE 55 18 IR o TEARGE R 4% ik 7
T, B H B AR L4 MS COC02014 (Microsoft
common objects in context) ( Lin 55,2014 )  Flickr30K
(Young %5, 2014 ) | Flickr8K ( Hodosh %, 2013) %,
Hrr MS COC02014 %icffs £E h St 52 e W AR 01 %
A IZBHE AN T RS i ] LT B ARk
BRI EIEAE S o TEREER ARy, i LA TS
FHR PR AIAD 5 123 287 W, B3 IR EHSAT R 5 2% A
TARTE IR T ), Hrh I 2R 60 5 82 783 i {4
L AR B AL 7 40 504 i A5 K X R
ik, 7E RS, B AT— M B Karpathy 1 Li
(2015) By Jpr i, RIS IESE P e B 10 000 i 4]
G I HA AR ) Horr 5000 W8 BIR S LA R H T
B, 73415 000 f@ R T i 2t 2 80 %
I RITE Al 552 A G R DD b o K80 4R, A
[) O 5 VR A R 12 8 e 2 B SR BUZ A g
b R E LSRRz —, £ 1—3R 3 thorlalih 74
B E I ER T2 TR VPN R br i 2
RERI, W28 A2, T &ALl i) DCNN
R AT BE AN [A] (40 NIC B2 # d FH #) J& GoogLeNet,
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LRCN f HH 19 /& AlexNet, 17 OPR-MCM ( online posi-
tive recall and missing concepts mining ) Wi FH () J&
ResNet101, [H Jtt H: 25 2R B 3 78 i T AR 7E MS
COCO2014 Kot 3k 1 AL PR RE, I A RESE
R A IS . NI R LAV fr
Tabn A H s BRI TR AL 27 2] HE SR RE S TH 75 5 Hh 3R A
A5 vk OB A PERE R I, 13kt e et A A2 SR
Ve E bR RS T AT HR AR 2388 3l T 53 oh—

TR BRI, BT I B IR 7 AR R,
B HA T AR A N br LA L 5 BORZ2E8E (5
Ve —Rhs BN A (B AT T S (A AT 4R SR
o MFETRFRFHES T PLH] (s m v
SRR ) D5 AR A A5 T TR B M TR A A
MIL ZEHERBYIE BT, ol LASRAS B i PR RE R B,
(R AT 7, SR 0 Bt (9 b B R e 52 i 6
TR GRS RIS I P AT RE 22 BRI

®1 ET2RHHEMNERTE MS COC02014 HIEE FRMRERN
Table 1 Performance of some global visual feature based models on MS COCO0O2014 dataset

Tk B1/% B2/% B3/% B4/% METEOR/% CIDEr
multi-modal RNN( Karpathy #1 Li,2015) 62.5 45.0 32.1 23.0 19.5 66.0
Google NIC( Vinyals %5 ,2015) - - - 27.7 23.7 85.5
LRCN( Donahue %5 ,2017) 62.8 44.2 30.4 21.0 - -
m-RNN(Mao %,2015) 67.0 49.0 35.0 25.0 - -
Tang 55 A (2018) 74.1 57.8 43.8 33.0 25.8 101. 8

TE =7 RN T TR AT SR AR PR S B0 A 2R

x2 ETURFEERSMAURKREE MS COCO2014 HiEE FHMERER I
Table 2 Performance of some visual feature selection and optimization based models on MS COCQO2014 dataset
Fik B1/% B2/% B3/% B4/% METEOR/% ROUGE-L/% CIDEr
soft-attention ( Xu % ,2015) 70.7 49.2 34.4 24.3 23.9 - -
hard-attention ( Xu %§,2015) 71.8 50. 4 35.7 25.0 23.0 - -
Att + CNN + LSTM ( Wu %§,2016) 74.0 56.0 42.0 31.0 26.0 - 94.0
SCA-CNN-ResNet( Chen %,2017) 71.9 54.8 41.1 31.1 25.0 53.1 95.2
adaptive attention( Lu 5§,2017) 74.2 58.0 43.9 33.2 26.6 - 108. 5
seq-attention ( Fang %5 2018) - - 45.0 34.9 26.7 - 108. 1
Att-FCN( You % ,2016b) 70.9 53.7 40.2 30.4 24.3 - -
LSTM-A5( Yao 5% ,2017) 73. 4 56.7 43.0 32.6 25. 4 54.0 100. 2
SCN-LSTM( Gan %% ,2017h) 72.8 56. 6 43.3 33.0 25.7 - 101.2
OPR-MCM ( Zhang %§,2019a) 75.8 59.6 46.0 35.6 27.3 56.0 110.5
semantic-guided ( Zhang % ,2019b) 71.2 51.4 36. 8 26.5 24.7 - 88.2
cascade-attention ( Shi %§,2019) 79. 4 63.7 48.9 36.9 27.9 57.7 122.7
SGAEfuse( Yang %%,2019) 81.0 - - 39.0 28.4 58.9 129.1

TE =7 BN 7 R B SR AR AR S IR A R

XFF Flickr30K $di 4 , LB AR X 4580, 3
BB H H e g s 31 783 IF EHE
5 MS COC02014 —F¢ b BR i R0 5 25 AT
FRYEREAR 4] 7, $% B8 Karpathy F1 Li (2015) A9 %I

AYBRAE 8 FH AR Y 29 000 18 K15 % H S % h) AR
RINZRAE |1 000 i BRI H 2240 F1E S iE4E
HARFEANE N INREE . R BE 5 — Al BUR A
IAEARLIR Y T ZARE , 5 MS COC02014 i —
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e, BAEA R A Rt Az AR I R TR A A AR
JTIEPEREXT L NZR 4 Fros . BEAh, X T Flickr8K 44
Pt A A W A 45 8 091 IF K%, [FBE
b, FEIR USR5 %S0T, fERARMSRE, —
HEEBUIL Y 6 000 MR R M 2% )+ F TR
YLk, 5540 1000 g EG & HS 2% )7 TR
UE, oA 1091 M EGH F i & MR, 7E1%

B L S EAPERER I AN R 5 Frs,
AT LA, 7E Flickr30K 1 Flickr8K PIP 4G4 5
SRR RIRE > | H PR AL n] RS 25 B PR BB R A
SERAMA R, ZABIRITE X B 4R L Re
WIFARRI AR K2 57, L, — o2 e iz g i 4
A EE SRR BRI IE A b T, S UE A R 7R A /N ER
P b 3 P s A

£33 EEMLREHEERE MS COC02014 HiEsE FRMEE R
Table 3 Performance of some optimization strategy oriented models on MS COCO2014 dataset

Fik Bl/% B2/% B3/% B4/% METEOR/% ROUGE-L/% CIDEr SPICE/%
emb-gLSTM ( Jia % ,2015) 67.0  49.1 358  26.4 22.7 - 81.3 -
up-down ( Anderson % ,2018) 79.8 - - 36.3 27.7 56.9 120.1  21.4
SCST (Rennie %5,2017) - - - 31.9 25.5 54.3 106. 3 -
Ren % A (2017h) 71.3  53.9  40.3  30.4 25.1 52.5 93.7 -
hierarchical attention( Yan %,2020) 72.6  52.8  37.8  27.2 24.7 56.0 88. 1 -
CNN + attention ( Aneja % ,2018) 72.2 553  41.8  31.6 25.0 53.1 95.2 17.9
unsupervised ( Feng % ,2019) 58.9  40.3 27 18.6 17.9 43.1 54.9 11.1

™ =7 FRIRAHRL )5 B B R AEXS IS PR S g 458, SCST 2 self-critical sequence training,
x4 FTREBEBE Flickr30K HiEE LR RM
Table 4 Performance of some models on Flickr30K dataset
7k Bl/% B2/% B3/% B4/% METEOR/% CIDEr
LogBilinear( Kiros % ,2014) 60.0  38.0 254 17.1 16.9 -
multi-modal RNN( Karpathy F1 Li,2015)  57.3  36.9 240  15.7 15.3 -
Google NIC( Vinyals % ,2015) 66.3  42.3 27.7  18.3 - -
EET A RREIE
LRCN( Donahue % ,2017) 58.7  39.1  25.1 16.5 - -
m-RNN( Mao % ,2015) 60.0  41.0 28.0  19.0 - -
Tang % A\ (2018) 68.1 50.1 360 25.8 20.6 -
soft-attention ( Xu % 2015) 66.7  43.4  28.8 19.1 18.5 -
hard-attention ( Xu 4§ ,2015) 66.9 439 29.6  19.9 18.5 -
SCA-CNN-ResNet( Chen %5,2017) 66.2  46.8 325  22.3 19.5 -
%ﬁiﬁiﬁ%ﬁf adaptive attention( Lu %,2017) 67.7  49.4 354 251 20. 4 53. 1
seq-attention( Fang % ,2018) - - 34.5  24.8 19. 4 47.8
Att-FCN( You % ,2016b) 64.7  46.0  32.4 23 18.9 -
SCN-LSTM ( Gan % ,2017b) 73.5  53.0 377  26.5 21.8 -
1T F] e S e emb-Glstm (Jia %,2015) 64.6 446  30.5  20.6 17.9 -

TE =7 FORARRL T TR BT SR A AR PR B 2 2R

L
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£S5 AEHERTE Flickr8K #1356 FRotEsER T

Table 5 Performance of some popular models on Flickr8§K dataset

Fik B1/% B2/% B3/% B4/% METEOR/%

LogBilinear( Kiros 45,2014 ) 65.6 42.4 27.7 17.7 17.3

FETF 2 JRRHIE multi-modal RNN( Karpathy 1 Li,2015) 57.9 38.3 24.5 16.0 16.7
Google NIC( Vinyals %% ,2015) 63.0 41.0 27.0 - -
soft-attention ( Xu %% ,2015) 67.0 44.8 29.9 19.5 18.9

LTI AR

jgﬁ?g;'ji}ﬁ hard-attention ( Xu %% ,2015) 67.0 45.7 31.4 21.3 20.3
SCA-CNN-ResNet( Chen %5 ,2017) 68.2 49.6 35.9 25.8 22.4

THI () A5 A4 SR ek emb-gl.STM ( Jia &5 2015) 64.7 45.9 31.8 21.6 20.2

T = 7 RN AR LB BT AR AR SRR A5 R

R T A G R B s HE 41, Bk A b
] 18— 6 ol AL 7R B A 3 T v SR Rl A
PR, BE T3 855 A AR & 25 i 42
Bk AL PRI FE (AL Challenger) 7, L1 T3 & T K&
SCHIARTEIE oA 0 Bl B 5 Ok e R, A 5 R
14 300 000 W&, 15 P9 72 5 g 5 A%, 4 i P00 i
5 %ZFA T, BTG T EZRIB A s
8RB RNEG R AR, R THES
PRt | T ARZ R E A SR 2 5 o
3l 1 MG IR BORAE S PR 5 b i i R
4.2.2 BGRB8 B0 AR R i
TERE

DL b Gl R i 45 by, JLA IR o ) — B o
SRIA] N TR AR 55, BT A B s
£ F S Visual Genome ( VG) ( Krishna 45,2017) .,
RS B A AT 24 WA (46 VG0, VG 1 Al
VG1.2) fHAMTHEME I, 7% b i A A5 2
fEH VG1. 0 X BB JEAT I . 32 WA $ic 4 4 v 3
BT 94 313 IR, EEORIRT MS COCO 5
YFCC100M ( Yahoo Flickr Creative Commons 100 Mil-
Tion ) , 4 i 145 %5 17 1) 4 38 /) 1 2% 8O 45, GBSO
1L 410 J3 %k EEHEARERUR, 2T 10 MMETEAY
PRI L 5, [F I bR ) 140 T 20 ka2 T
50 ZE PRI 5B IR Z A5 87 398 i nl JH A5
HARVE . LI A J7 ik 25 35 000 X FHEA
VE R BAIESE 5 IR AR A1) 77 398 MR & S H AR
TEVENIIREE . TEIZMAEE AR b, H AT 5k
AERERBLANZ 6 PR

VGEHE 4R S 45 MR PR P81 R T B O 3 A Y L o

R 6 EEHAMAELE Visual Genome(VGL. 0)
HiR&k bmtae R
Table 6 Performance of some image dense captioning

models on Visual Genome( VG1.0) dataset

Jii: mAP/%
FCLN( Johnson % ,2016) 5.39
JIVC( Yang % ,2017) 9.31
COCG(Li % ,2019) 9.82

CAG-Net( Yin %,2019) 10. 51

7E:FCLN 4 fully convolutional localization network, JIVC 4
joint inference and visual context fusion, COCG 4 captioning
based on object context as guidance, CAG-Net A context and

attribute grounded network .

O G X AT A . A A BLIAH X
UL AT ik 22 04 B o I ) At A T 1 ] RS2 I8 A
R, Li AN (2019) XF LT VG $idlidE 5 MS CO-
CO 1 ImageNet * H ARG E 4L , & B VG Y Zk4E
T AR PR Y Pl A 5 i o LA B M R Y 5 A A
Ao AT A T A ) B R, Ok RS A R Sk A B
)2 24838, X VG #: 47 T et K H 5 MS coco
H bR B HE E 17 58 SUHURE , T U 2 5 /1N
VG-COCO FHlndE e LA bR UE , e & I 2548
L5 T 38 080 M A%, 56 UF A 55 I3 42 0] 43 ) 0 5
2 489 EFN 2 476 WRIEIME, B4R th T HAL S 4
A/ RS RER A A PG IS, I,
FEAAGEN KA )8 P 5 9 HL 20 A B e B o
TR SR BT AR B AT 55 AT B ST oK
PR — AR A 0T KT S R 4

VG Hiti 4 2R T BG4 i R A R 55
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TIE, 55 EIGONS BEFY 22 2% ik ) 30 o 2 B ), 45 2%
HFZ G2 RS Z M, Krause 58 A (2017)
£ VG B R Zm e T — AT EHR Bk
RS IEREIEEE . N VG Eilla G ik 4 BUR
N HA T B AR T R P RIS N AR — A e A
AT AR 20 7, L BEVR B34 K A MS COCO %X
PEETARIER T 6 A5 A4, FliR TE R TEAn  HAK,

BN, B R R A 19 551 iR A
1% B HLB VAR 1 IR Krause 28 A (2017) B9 R0 H5
W VIZREEREA I A 14 575 0, B60F-5 IURE AR 4331
92487 @5 2 489 M. HETZEIRECH) iz
FH R UG BETliR 8 PR R 5 . 3R o3R8
SRz P ERER AR 7 Frs CHE T
PR A SCHEZ AR EEARIC N VG-P(Paragraph) ) .

x7 BERBIRERE VG-P HIEE LA EsERN
Table 7 Performance of some image paragraph description models on VG-P dataset

Tk B1/% B2/% B3/% B4/% METEOR/% CIDEr
Human ( Krause 4§ ,2017) 42.88 25. 68 15.55 9. 66 19.22 28.55
Image-Flat( Karpathy F1 Li,2015) 34.04 19.95 12.20 7.71 12. 82 11. 06
Regions-Hierarchical ( Krause %5 ,2017) 41.90 24. 11 14.23 8.69 15.95 13.52
RTT-GAN (Semi + Fully) ( Liang %%,2017) 42.06 25.35 14.92 9.21 18.39 20. 36
Che %% A (2018) 41.74 24.94 14.94 9.34 17.32 14.55
CapG-RevG ( Chatterjee F1 Schwing,2018) 42.38 25.52 15. 15 9.43 18. 62 20.93
CAE-LSTM ( Wang %,2019) - - - 9.67 18. 82 25.15

TE =7 ORI R BT SR AR PRSI0 A 2R

4.2.3  EBS IER AR BOE 4 K ALV RE
TERLA 15 1800 B R R G, o C A 2 21>
FHNE ) S0 MRS B o bR A9 R 2 A, AR DG 2
R P IO e . B TR IRAT 1Y EE
AU F5 SentiCap ( Mathews 55 ,2016) . FlickrStyle10K
(Gan %,2017a) 55, HHr SentiCap HH4E i) 1%
FEEIA T MS COCO; fEbRIER!, H 32 2T AY
et %, A5 % Visual SentiBank U5 4E ( Borth %%,
2013) 1 1Y “ I 25 1il—4% 1) XF (adjective noun pair,
ANP) 7 K ot A B3R 4] v, ok B i R OB i
“ IETA ( positive ) ™ Fl1“ 5 1] ( negative ) ™ A R A
PEEEILE T 1027 AN IETE Y ANPs 45 436 1
GUATAY ANPs, R 23 T 3 171 IR ER, 4306
UG 2/ 3 5 0E 113 4% 6 I A9 B Al i ik,
HRH YA P AR 998 MR IR S XS 1Y 2 873 7%
SR R TR ) H T IR 2R, 673 IR ER S5 X
T 2 019 A5A)F I T ;997 i A1 45 B X 1oz 14
2 468 &0 U R Y ) T ST I 2R, 503
BIG JH 1 509 Z54)F TR 7RI 8 4R
BRI E SRR RE R AN SR 8 TR
FlickrStylel 0K #(# £ ( Gan 45 ,2017a) ) K]
BIFEORIET Flicke30K, 7EHARFR R, MR 25 &

(=5 S A A8 WU N IR R E R B S BA
AR XA B IR TG R, FE R R T S T Y
10 000 % , 55 g PG XTI 5 4% 35 Sk A)
1 S 3R AAE 1] 7, 1 2R IR 18 UG 1) 7, Fie i
Gan 5§ A\ (2017a) B fd AR E, 2 BOL H 97 000 0
% K HAFl R T 1452 000 18 EG K HAAE AR H T
B, AR PREAS WA S 4, (R B s 42 00 ok
SEAANTE, BATA] Ry BRI B, ff
FHBFBEBCEL A 6 000 M7 R SR H T4
B, 421 1 000 M8 B4 5 34 00 AE kil k4
H i # R 5 ik ez o 4 it Re e s an
#9 R,
5 & i

UG BR AR 15 R 2 i o B8l e 4 Ry
BTG  FARTE T, S L4 B0 E A A LA b
PR, EAH T S, e B o 4 5 B
FR, Bl A T Z2MnssE 50E#H N AR,
P L PN 23 4 5 R AL AT B A e 8] 4R E B A IR
M FERE R TERRAE < BT B A SRR A T S
JE AT TE SO R 2Z 56 &, DL 3R 4% ) o
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#8 [EREMMIREEILE SentiCap HIFE FHIEAERI
Table 8 Performance of some image sentimental description models on SentiCap dataset
H AR Jrik Bl/%  B2/% B3/% B4/% METEOR/% ROUGE-L/% CIDEr
NIC( CNN + RNN) ( Vinyals %,2015) 48.7 28. 1 17.0 10.7 15.3 36.6 55.6
RNN-Transfer( Mathews %,2016) 49.3 29.5 17.9 10.9 17.0 37.2 54.1
SentiCap ( Mathews %% ,2016) 49. 1 29.1 17.5 10. 8 16.8 36.5 54.4
I SF-LSTM + Adap( Chen %5 ,2018) 50.5 30.8 19.1 12. 1 16.6 38.0 60.0
MSCap( Guo %,2019) 46.9 - 16.2 - 16.8 - 55.3
MeMCap ( Zhao 55 ,2020) 50. 8 - 17.1 - 16.6 - 54.4
NIC( CNN + RNN) ( Vinyals %%,2015) 47.6 27.5 16.3 9.8 15.0 36.1 54.6
RNN-Transfer( Mathews 5§,2016) 47.8 29.0 18.7 12. 1 16.2 36.7 55.9
“ SentiCap ( Mathews %,2016) 50.0 31.2 20.3 13.1 16.8 37.9 61.8
o SF-LSTM + Adap( Chen %%,2018) 50.3 31.0 20. 1 13.3 16.2 38.0 59.7
MSCap( Guo %,2019) 45.5 - 15.4 - 16.2 - 51.6
MemCap ( Zhao %,2020) 48.7 - 19.6 - 15.8 - 60. 6
TE =7 RN AHN T 12: 5T SR A0 R AR S g 2%
x99 BERMIAIEETE FlickrStylel0K $#E4E FHERER I
Table 9 Performance of some image sentimental description models on FlickrStylel0K dataset
XA Jrik Bl/%  B2/% B3/% B4/% METEOR/% ROUGE-L/% CIDEr
CaptionBot * (Tran %,2016) 40. 4 20.2 12.7 7.6 13.3 36.0 26.0
NIC(CNN +RNN) * ( Vinyals %§,2015) 42.0 21.4 12.5 7.8 13.4 36.0 28.0
R  Multi-task * ( Luong %% ,2016) 44. 1 23.7 14.3 9.5 14.5 36.0 29.0
StyleNet(R) * (Gan %,2017a) 46. 1 24.8 15.2 10. 4 15.4 38.0 31.0
SF-LSTM + Adap(R) ( Chen %5 ,2018) 48.2 31.5 20.6 13.5 18.7 40.2 26.7
CaptionBot * (Tran %5 ,2016) 43.4 21.4 12.2 7.1 13.4 35.0 21.0
NIC(CNN + RNN) * ( Vinyals 45 ,2015) 43.1 22.8 13.2 7.9 13.6 36.0 23.0
B4 Multi-task * ( Luong %5 ,2016) 47.1 23.9 13.9 8.8 14.8 37.0 25.0
StyleNet(R) * (Gan 5,2017a) 48.7 25.4 14.6 10. 1 15.2 38.0 27.0
SF-LSTM + Adap(R) ( Chen % ,2018) 51.5 34.6 23.1 15.4 19.3 41.7 34.2

B ox " FRORGEFK A Gan 55 A (2017a) SCHK,

B IERRASH NI 24T 55 HAT R R P it
FURT, AT B R BEASE R | T 5 ML) A0 5 Jas A/
SRR CRENE D [R5 A iU O 3% B L S
B AR A, TEIE R B AT T T 2 A
AESVERA TS, i iR S5 b Mg
B WAS AT IR 55 IR S T Al AT MR T 58, B
TR IR A R HES 1 IS — 25 1

ARG A T G A Y A S by s >4
BIPREFE BUIR RS2 3 F2 i AR BEAT 1 M, 5
X Tk 4 1R AL B AT 1 oA, 3 Hh s A e
BRIV IR 2 R P A A I8 A O T 4 v TR
JEE A 2T RO B T A R, LA R A B AR 55 1 A0 4
FIA RPN T5 0k |, JE R AR AR 115 1 R AT 55 R
KA fgp PR (4 T MBI 5T 18]
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