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Abstract Most of the existing image captioning methods only use the visual information of the image to
guide the generation of the captions, lacking the guidance of effective scene semantic information. In
addition, the current visual attention mechanism cannot adjust the focus intensity on the image effectively.
In order to solve these problems, this paper firstly proposes an improved visua attention model, which
introduces a focus intensity coefficient so as to adjust attention intensity automatically. Specificaly, the
focus intensity coefficient of the attention mechanism is a learnable scaling factor. It can be calculated by
the image information and the context information of the model at each time step of the language model
decoding procedure. When using the attention mechanism to calculate the attention weight distribution on
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the image, the “soft” or “hard” intensity of attention mechanism can be adjusted automatically by

adaptively scaling the input value of softmax function through the focus intensity coefficient. Then the
concentration and dispersion of the visual attention can be achieved. Therefore, the proposed attention
model can make the extracted image visual information more accurate. Furthermore, we combine
unsupervised and supervised learning methods to extract a series of topic words related to the image scene
to represent scene semantic information of the image, which is added to the language model to guide the
generation of captions. We believe that each image contains several scene topic concepts, and each topic
concept can be represented by some topic words. Specificaly, we use the latent Direchlet allocation (LDA)

model to cluster all the caption texts in the dataset. Then the topic category of the caption text is used to
represent the scene category of corresponding image. What is more, we train a multi-layer perceptron (MLP)
to classify the image into topic concepts. As aresult, each topic category is represented by a series of topic
words obtained from clustering. Then the scene semantic information of each image can be represented by
these topic words, which are very relevant to the image scene. We add these topic words to the language
model so that it can obtain more prior knowledge. Since the topic information of the image scene is
obtained through analyzing the captions, it contains some global information of the captions to be generated.
Therefore, our model can predict some important words that suitable for image scene. Finally, we use the
attention mechanism to determine the visual information of the image and the semantic information of the
scene that the model pays attention to at each time step of the decoding procedure, and use the gating
mechanism to control the proportion of the input of these two information. Afterwards, both information is
combined to guide the model to generate more accurate and scene-specific captions. In the experimental

section, we evaluate our model on two standard datasets, i.e. MSCOCO and Flickr30k. The experimental

results show that our approach can generate more accurate captions than many state-of-the-art approaches.

In addition, compared with the baseline approach, our approach achieves about 3% improvement on overall

evaluation metrics.
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AR A bt AR — 3, AR AR T TR R Y A
RPERE.

(20)

(22)

4 X I

AT E A SCHE O B A M, 7E MSCOCO
F1 Flickr30k P FRiERE S LEAT T 780 OS2 58

Bk, RS YRGS AR BY AT TR L, T E
RFE PR AN AT T AR AT
4.1 HREMITEIER

A SCHE MSCOCO il Flickr30k a4 b #4752
B R VAL B R A AR, R AR A 4 Oy SN2k 1 R
T MSCOCO it 4 iyl i 4 v e A b i i )
% KarpathyP % MSCOCO %4 4 i %l 43 7
2, MIERIESE H ik 5000 5k 14 F561E, 5000
TP T, SRR A ) B MR S5 G fE— i
FEN G EdE, Bl maskEGas 5 A TR
TE AR B AR S I %R 4 00 R i SeAR
AW RS SCAR AT WAL EE, I “UNK” e B
WHUDTF 5 IR BIARAT B,

®1 BEEND
ELEITES plER S BriEsE WA
Flickr30k 28000 1000 1000
MSCOCO 113287 5000 5000

5 /R T AR R4S H B s 4E R BT o
B E, TTLIAEH MSCOCO Hdl4E v ki) jE
KZLEmE 8 3] 15 i Z[h), I MSCOCO

25 MSCOCO dataset

20F

15F

10 F

Proportion in the dataset (%)

30

10 15
Captions length

Flickr30K dataset

Proportion in the dataset (%)

0 5 10 15 20 25 30
Captions length
P 5 Hd B il m) e B A3 A ]
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AR ML, BN R KKERESN 165 1
Flickr30k £ #a 4 i i A B2 Lb ol , K& 4L
£ 5 3 20 A~FiR]Z b, PIAE Flickr30k il 4 19
SegGrh, EAR KK R E N 20 S T IEAG AR )
PERE, A SOl ] BLEU(1-4)%¥, METEOR®Y,
ROUGE-L'®, CIDEr??f1 SPICE® i T4t 47k
TEAS A AT A S
4.2 SKHEYRTS

A FHAE Visual Genome ¥ 45177 1 i1 %
i1 Y Faster R-CNN X4t A MG AT 45, A5k K A
PREL 36 Mk XA, AL X ] 2048 2k i ] 4t
FoR, WA PR YL 2048 x 36 ZEfY A . #E
S SU(E BB AR b, B A i A AR SR B R
FHL 60 A~ F R, BRSSPIk HhBER R R T
20 MR FRRIZI G, ERRA RS, i
LSTM e i 5c — % BN 1024, )2
Pt oo s Jy 1024, i A2 1 /N AR
J& 1024, HoAth 2% 2 HCR L) 4R L.

TEYNGRad ferb, W el Adam Pk 2R P07 58

31

30

BLEU-4

29

28

1 2 3 4 5 6 7 8 9 10

SRR T YNGR, WIha2s ) %0 4x 107, shik
Z ¥R 0.9, 4t i K/ 100, 42 RAEI K 155 )5
B BRI, FIHERN 0.8, 7EAZ UL T
g5 35 4t)m, ik Tamiba J Mgk, kIifk
BRI CIDEr PEALSRIR. EXDETBL, o~ RBLE
5% 10°. TERAIIGERG, fERiEgE iP5
TIPERE. f)m, BEFRERIESE I H A f i CIDEr
o BB T, DB, R R
KLE RG], PR K/NBE N 5.

5 SLIEERTHR

51 &% 1RER

AR T — AR R R B, = A% Sk
P8 TE AL A SR AR TR, DT RE A5 S XS AN [R] Y AR
BRI S G i AR O EMR AR B, Hirdr B i i 53 Y
H &2 20 8], 2RS4 SLHTE Flickr30k £%
P S0, TESCge B R TSR A (B R
RIA BLAs R s, BARSCIR 45 R & 6 s, H
HRE AR R A YERE, DABFRETEM FERTE 4T

64

63

CIDEr
3

61

60

1 2 3 4 5 6 7 8 9 10
A

K6 A A fEX R E 1 50

M 6 Ha] LABA S 2 A =1 B, AR AR A
PERERIUE 22, BN A =11), n=1, HPIEIAS
B R A SAE, Y TRA S R R
.M A>LE, JCIREBRf) BLEU-4 PF53id &
CIDEr P4 B 3T, X e vl T As
MR A R AR, N LA A R G e A i
PR, (G DL AE A =5 I AR 75 (A 1 £ 2 0 IR
I, HICTEJRSLm i sl A & 5.

52 HREBEBNERERDH

XY SUE BRI, 1 e H LDA #iRl
XA R SCAR AT RS, S BHREEAT &
MRBIPREE , SRIGRIEARIC T B B SR I 2 2 )2 5%
g, T EE R W R B HOE 1Y 52K 5 bR

2, FTRATC T DA f ) A B R SRR AR ST ik
Mo IR . PR AR SO E M 1 A R R b
SR W 7 PR, WEMESHTRTLUE 1, A
SCOT IR AR S ARG M X BSR4 T 0 2, IF HLAR O o
T 1) 37 55 F2 A8R] . e e R, MU S T —
BESIIR A 0], AL T — BB AR g S s R 1 s
FERBAE T LR SR IE A R, X L el
AT DAAR G i B AR Sfe A i o 1 1 A
53 EWEREES
5.3.1 MSCOCO 5525 H o #r

A SCHY T B AE Up-downt® R #) | #E 4T 1k
BE, R TRAREMA T, AXH LT
Up-down B, I-fiff FH 52 4 AH ) 9 B0 AR 76 28k
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| Topic 2:
tennis coiut ball racket
| Player man pla ying
racquet holding hit
| swing hitting match
ready serve game male
I female rackets players

TOPIC 7:
* baseball player bat ball
| game field batter
' swinging players ready !
| catcher pitch home swing =~ A
plate base man holding M.
! pitcher hit

[ TOPIC:12

 street city traffic light cars
lights night buildings
busy intersection road TE_'. 5

| view comner crossingred &
midelle driving town

| sidewalk green

AT IE SRy SRt L. % 2 JBR T A SCRRITE
MSCOCO #i#fs 4 I 5L Le i py PE e e, Hop
Our-Up-down 24X SCSZ LAY Up-down £5Y, IVAIC
F2INTE Our-Up-down LA} | 75 n 5 £ 5 B R 40U i
HERILE T AR, VASS FeoR 454 MG 5 R iF
sl UG BRE . & B, M, R, C, S 4
MEREMTESR BLEU, METEOR. ROUGE-L .
CIDEr. SPICE.

X F e A T LR IVAIC, TTRIE
TEAE U IR R IR T, 8 0 58 A o 3 R 5 A
1) B AP R W T ekt R T PR 4 A L s
T IELRA . TS U I RN T, BRLAT
e FRERmZET LA SR B BRI PEAR 8 B 9 AN DC R
IR, R AR A B 5E A ARk, B LA A et )
ARG, Badimib I s, B bk
R BIR R AT, HTEM AR I B AL T

K7 5B REOR

FLR . Hid BLEU-4 14345 T 1.3, ROUGE-L
PorHEE T 1.1, CIDEr iF4r4E 2.2 X FEE RN
SRR IR ARG B R BUE , AT LA A I N
T ML A TR A 5 B R O A LSS AR R, R
R fbE 2 M Ls , Y R TR M RE A
PSS RIEXEEE, WTUE BB IR
ARG T ERIR . XAEMEN] T RE X
BRI I A R R R A RS B Y. AR RS U IR R
YIETT, R SR PPN F6 bR A5 A0 L B B v T3
LAl gadsmibF I itk )E, BRI M RE LA 3
THE— 08T, TR TN F6 Ar 0 T3k
LRRIR. Hob BLEU-4 PE50 48 2.3 43, CIDEr -4y
P25 6.6 7). BRI BLEU-4/CIDEr P40k 5] 1
38.9/126.7 (MERER M. XF4rRM, AR RN
Wil A5 85, ARBIN] LURAS B 2 /9 SR s,
T A= BB VA G A

F£2 E5HZERE MSCOCO HiIBE FRIMERESTEL

Cross-Entropy Loss

CIDEr Optimization

Approach
B-1 B-4 M R C S B-1 B-4 M R C S
Our-Up-down 76.3 36.0 27.2 56.3 1135 20.2 79.3 36.6 27.7 57.0 120.1 21.2
IVAIC 76.5 36.3 27.6 56.4 113.7 20.5 79.9 37.9 27.8 58.1 122.3 215
VASS 76.9 36.5 27.9 56.5 114.0 20.8 80.5 38.9 28.3 58.8 126.7 21.7

3R T ARSI — Se A ST AR R B 1
RELLEL, o (XE)FRas 38 U 0 N S B 25
(RL)ZF sl I AL e RIZER. ATRLE Y, A
ALK SR HAT AR SR A 55 4 Al 3. Stack-Capl™I A
HBARIZH T 290 LSTM, il s fbag > ikok
BHHALAL, (HEIHFBA 5 R TR

(9 £ 18 s RENet! O [F) R 2 5t 221 ) 25 R A ) 2%
SKIEAT IR B A CVAPYP 5 155 i 5 Ak 2% > S AR
PP TR SR O A AR TR A R, U T
AR IR s EICPEOME I A WA W5 | 7 (9 A P
W, R AE B R PEO R AR 2 9 A RAR . X
BET7 1R Z 0 FUR A ER LSRR AL, I 5
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Pl T SR AR AR A B, 1T B 85 5N 4l B A B
UL ARSI I 3 0 MR 4R i R TR A AT
BEXT MG R R B I BEAT 40T, RS UG 3 U
B, I fE % 7000 21 A B A T g v T A 7 ) — 2
HFEANL, A X S R AR Y
BEAIARAS T 24 B JE 00 AR, N5 A A= B
BINFF A ARTEE A I, BB as R By
TEBH T A SO 3 9 851
5.3.2  Flickr30k 52545 SH 434t

AR T AR SCHYBLAIAE Flickr30k £idii 4 LY
PERER L. nTLAA A E 5 A AR HAR S
IR R TE 45 TREA 46 b B AR B, 7E38 X
PRGBS0 T 5508 SUF B VASS f5iAl
FHLLF IVAIC A TARK A4 T, Horh BLEU-1 3143
I T 2.4 4y, CIDEr W 4EM T 34, XFsrii
W, JCI RN, g ol AE B AT L

L E R TR A P RE. R A i g Ak 2 > Ak (RL)
Ji ., ATLAE HAH T 32 SO 2 (XE) DI 2 45 5
VASS BRI PERESE T N BA &, BLEU-1 ¥F3 $2 7+
T 314, BLEU-4 P50 425 T 345, ¢hillJ& CIDEr
W ETET 9.3 43, X Al LA A 3 Ak 24 o) j 44k ]
PIik—24" K VASS B RGP REL 3. S0 5L R
SERUEI] T A SR RILE Flickr30k 33X RE Ay /N U H
5 KSR BEBUS RIFrPERERBL, I HE5 G =iE
SR BT LS s A R T B
54 SLWERTEMS
54.1 AR ML

& 8 J7n T et i Ao 1 R AR (1 AN ]
PACROR, Al 8(a) & s i 3R AR i B R B T AR
RCR, B R 2 b B B ) 20 A B B 1]
b AR S TR A A R AL ) R A AR A
Pl 8(Io) 2 T AT WA I SR 5 3 2R B il IRLAL R

#*3 7 MSCOCO HiiE&k L S ARA RN MEELL IS

Approach BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr SPICE
Google NIC!? 66.6 46.1 32.9 24.6 - - - -
Soft-Attention!” 70.7 49.2 34.4 24.3 23.9 - - -
Adaptive!*? 74.2 58.0 43.9 33.2 26.6 - 108.5 -
scsti - - - 34.2 26.7 55.7 114.0 -
Stack-Cap!*® 78.6 62.5 47.9 36.1 27.4 56.9 120.4 20.9
Up-down'® 79.8 - - 36.3 27.7 56.9 120.1 21.4
RFNet™® 79.1 63.1 48.4 36.5 27.7 57.3 121.9 21.2
CVAP# 80.1 64.7 50.0 38.6 28.3 58.5 126.3 21.6
EICPE 79.3 - - 36.4 - 57.5 124.0 21.2
IVAIC(XE) 76.5 59.7 46.3 36.3 27.6 56.4 113.7 20.5
VASS(XE) 76.9 60.1 46.5 36.5 27.9 56.5 114.0 20.8
IVAIC(RL) 79.9 63.9 49.6 37.9 27.8 58.1 122.3 215
VASS(RL) 80.5 65.3 51.0 38.9 28.3 58.8 126.7 21.7
F 4 7E Flickr30k #iE&E A4 BEELER
Approach BLEU-1  BLEU-2 BLEU-3 BLEU-4 METEO  ROUGE-L CIDEr SPICE
Google NIC!Z 66.3 423 27.7 18.3 - - -
Soft-Attention” 66.7 434 28.8 19.1 18.5 - -
ATTH 64.7 46.0 32.4 23.0 18.9 - -
SCA-CNNE® 66.2 46.8 325 22.3 19.5
RA+SS131 64.9 46.2 32.4 22.4 19.4 45.1 47.2 -
CNN+GRU® 71.4 54.0 395 28.2 21.1 - - -
Att-RegionCNNE 73.0 55.0 40.0 28.0 - - - -
IVAIC(XE) 70.8 54.1 40.7 30.6 225 49.8 63.0 16.8
VASS(XE) 73.2 56.0 415 30.6 22.7 50.8 66.0 16.8
IVAIC(RL) 73.3 55.7 42.0 31.6 22.3 50.6 66.5 16.9
VASS(RL) 76.3 58.9 445 33.6 23.7 52.5 75.3 17.6
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Foft i) 1145 S 5 B 0 n] LA il R A A . I HAR EE
2, Atk X5 ) VASS KO A: 1T )
B AES.

IV AIC: a man holding a frisbee in
front of a building

VASS: a man holding a yellow
frisbee in front of a building

IV AIC: a man riding a wave ona
surfboard in the ocean

VASS: a man riding a wave ona
surfboard in the ocean

P B A5 BT A AN B AR, 18 11 JEos T
— A R TR B AN RS . (A T 45 B
Pl IE Bz sl UfE S5 7E 4R L g

(528959 1 | Y RO T
BEAh, LR S A T 22 5 AT AR B A A
SCRETY A B A8 A R TR I A SORERY AT S5k

IV AIC: a woman standing in a IV AIC: a plate of food with meat

living room playing a video game. and vegetables on a table
VASS: a woman is playing a video ~ VASS: a plate of food with meat and
game in a living room vegetables on a table

IV AIC: a group of people sitting at
a table with food
VASS: a group of people sitting at a
table with a cake

IV AIC: a dog sitting on top of a
bed

VASS: a dog sitting on a bed next to
a group of clothes

IV AIC: a traffic light on a city
street with cars

VASS: a group of cars on a city
street with a traffic light

IV AIC: a building with a clock
tower at night.

VASS: a view of a city street at
night with a clock tower

K10 A= i a7 9]

IV AIC: a train is sitting on the tracks. IV AIC: 2 flock of birds flying over

a beach.
VASS: a group of old cars sitting in front VASS: a group of people flying
of a train kites on the beach.
B #mg s
:l: ~
6 45 1«%

ASCHRE T —Fh 25 A UGS R iE F1 3 5t i S
R RGO . m e, il g AR
BEREL, SRUHE LR, H SR AL
Tl REREE. KRG, HEEGHREUFEERE
FBEAI b 3E A AL R B B ) 2D AR A G
HRE 5 B A il UER, DIk Rl
BCE M ER B A s RN s, fE
MSCOCO #I Flickr30k #(#idE L iEAT T S5 PFAl .

IV AIC: a group of people sitting on
a couch holding tennis rackets.
VASS: a group of people sitting on
a bed with a book

IV AIC: a woman taking a picture of
herself in a mirror.

VASS: a woman taking a picture of
a laptop computer

SSYERENRZE S SR IDEN]

SRR IR SO I ACAS VAL 48 bp AT W] A0 T 2
Sk, JFFHSHEENTFZ BRI, W
T B PR RE A
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1. aman standing in aliving room holding a Nintendo Wii
IVAIC: game controller.
agroup of men playing avideo 2. three people with cups on the couch and one with remote
gamein aliving room. standing.
VASS: 3. aman holding a motion controlled video game controller.
agroup of men playingavideo 4. man with video game controller in living room with
game in aliving room. onlooker seated nearby.
5. aman playing a video game while two men sit on a couch.
IVAIC: . .
o 1. asurfer is moving through a small wave.
aman riding awave on a surfboard .
) 2. aperson riding a surf board on a wave.
in the ocean. .
VASS: 3. aman surfs the waves in the ocean.
. 4. an image of a guy in the water on surfboard.
aman riding awave on a surfboard .
. 5. aman on a surfboard riding a wave.
in the ocean.
VAl C: 1. alot of blue and yellow umbrellas sitting under a clock.

2. blue and white umbrellas outside building with similar
awning.

3. agroup of yellow and blue umbrellas near a building clock.
4. many blue and yellow umbrellas are shown next to a

agroup of colorful umbrellasin
front of a building.

VASS:

agroup of colorful umbrellas

itting in front of a build building.
Stng n front of aburiding. 5. abunch of umbrellas sitting in front of a building.
IVAIC: 1. two women sitting and looking at a cell phone.

acouple of women sittingona 2. two people siting on a curb with a cell phone.

bench looking at their cell phones. 3. two women are sitting outside and looking at a phone.
VASS: 4. two women discussing a cell phone while sitting on a
{ two women sitting on a bench garden edge.

| looking at their cell phones. 5. awoman shows a man her cellphone while sitting.
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IVAIC:

agroup of people sitting at a
table with wine glasses.
VASS:

agroup of people sitting at a
table with wine glasses.

IVAIC:

adesk with alaptop computer
sitting on top of it.

VASS:

adesk with alaptop computer
sitting on top of it.

IVAIC:

a bike parked next to a bridge
over the water.

VASS:

a bike parked next to a bridge
over abody of water.

IVAIC:

aperson sitting at a table with
plate of pizza.

VASS:

aman sitting at atable with a
plate of food.

1. aman and two women standing around a wooden table.

2. awoman pours a glass of wine for a man.

3. aman and two women standing near atable with wine
glasses.

4. awomen pours wine into a glass for a man and another
woman.

5. two people are watching as a woman pours a glass of wine.
1. adesk with a cup plate laptop monitor and keyboard.

2. alaptop sitting next to a monitor, keyboard and a mouse.
3. alaptop and a desktop monitor are displayed on top of the
desk.

4. large office desk with computers near a window.

5. adesk with a laptop, second monitor and keyboard.

. abikeis parked alongside the lake shore.

. abikeis parked on the grass in front of the lake.

. abicycleis parked on the lawn across from a bridge.
. mountain bike parked on grass near edge of water.

. abike sits parked next to a body of water.

a b WODN PP

1. apersonin asilly shirt sits at a table so they can eat some
pizza.

2. aperson sitting at a table with some food.

3. two plates of pizza are served with waters at a wooden
table.

4. two plates of pizzawith someone about to take a slice.

5. aGerman guy in afunny shirt eats pizza with friends.
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Background

Image captioning is to generate a reasonable natural
language description for a given image according to its
content. It is an important research field of artificial
intelligence, which is mainly used in image and text
retrieval, disabled people’s life assistance, and so on. Thisis
a task that combines computer vision and natural language
processing. Inspired by machine translation work, the
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current image captioning models are based mainly on the
combination of the encoder-decoder framework and the
attention mechanism. This type of method generally
includes the following four steps:

(1) Encoding the input image using Convolutional
Neural Network (CNN).

(2) Generating words with a Recurrent Neural Network
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(RNN) based on the output of step (1).

(3) The attention mechanism focus on the salient
regions of the image in each time step of the RNN.

(4) Dynamically updating the generated sentence until
the end of the RNN decoding.

This type of method generally uses backpropagation for
end-to-end training and has achieved good results in the task
of image captioning.

Although some progress has been made, there are still
some problems in the existing image captioning system.
First, in the process of captions generation, the model needs
to pay different focus intensity attention to the images for
the generation of different words. However, the current
visual attention mechanism cannot adjust the focus intensity
on the image. Second, most image captioning systems lack
guidance of scene semantic information. Although the scene
semantic information is very important for image
captioning, it is rarely utilized in the state-of-the-art
methods. In this paper, we introduce a focus intensity

coefficient into the attention mechanism. It can
automatically adjust the focus intensity of the attention
mechanism to obtain more accurate visual information. In
addition, we incorporate the scene semantic information of
the image into the model, and combine the visual
information and the scene semantic information to guide the
model to generate captions. The experimental results show
that ours approach can generate accurate captions and
achieve superior performance.
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