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Image Description Method Based on Generative Adversarial Networks
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Abstract: In recent years, deep learning has gained more and more attention in image description. The existing deep learning methods
using CNNs to extract features and RNNs to fold into one sentence. Nevertheless, when dealing with complex images, the feature
extraction is inaccurate. And the fixed mode of sentence generation model leads to inconsistent sentences. To solve this problem, this
study proposes a method combine channel-wise attention model and GANs, named CACNN-GAN. The channel-wise attention mechanism
is added to each conv-layer to extract features, compare with the COCO dataset, and select the top features to generate sentence. Using
GANSs to generate the sentences, which is generated by the game process between the generator and the discriminator. After that, we can
get a sentence generator contains the varied syntax, smooth sentence, and rich vocabulary. Experiments on real datasets illustrates that
CACNN-GAN can effectively describe images, and get higher accuracy compared with the state-of-art.
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Fig.1 The main process flow-chart in image description
1 EIG L E 2 R L

2.2 [AJREER

ASCHIR 23] 7 R B R R 1 B0y BAR X A KB S H — A B AR AE B a4 i 9 F
CNN AT RFAESR B H b CNN 28 7 J0E i U] A RFAE SR I 2 R R AR 5 2.3 W HEAT 08 A SCHZ 1R
[24] 1 S50 45 R AL B4R EZ b i 2 B0 e BUAT 19 A H AR IR TH &4 BRI R R X 1, A IRFIEAL &
TNV

v=W,[CNN, (I1,)] (1)
Horpr,6. 7% CNN KBRS HL S B EH 6 000 J5 KIS EUR, W), RN hx4096 4552 AR RE, e rf b o2 R iR N 7
TR] PR RO KN AR ST 42 B SCHR (24110 5256 45 A% h 8 5E 59 1000~1600, 554 FHR AR — A b 451 1) B 3R i R
I B e e o N AN AN E RN A — A A BB AT R OR B IR R T AR Ry — A h dEr e B
Vi=1,..., 193, B AV T 50N {0100, 75 B EMGRRAE A58 J7 AR S A
y=Wy[RNN()],
o, Wy, R BB DX ICRF AR R 3 7] B v 51 ) 4 L 81y 2 8] FR) 6 450 8 I RININY 52 10 25 f 4 e 47 o ) R — A 4]
VI, R PR 3R B4 DA B9 A2 B LS (8 s DXCIURRAE R AR 56 2.4 19 b AT 0 L B ANEE p) 7258 1 20
A e B AU B R T LU R
Y= softmax{Wl Xf(Vszt it I/VSht—l +Va)} +bo’

S, wis wos w55 b, 5% e R B R TR S AIUE RGO/, S b, R R NE S By, A K1 PR SR U
TR 0 4% P B J — 2 i AR A o, 9 BT N ) XSRS AIE 1) By 02 R3S 1) B, 30 1 A R 3Rl Y il e B
Walp. 732 f 2R T NIk R0 A v i 20 s 5 07 7%
2.3 ZSEEGRFHERMEE

W 2 FroR, 2 3508 AR RFAE 4 HUCSE A 42 J000 A 5 LI B3R AT B vt & LR MR AT RRAE R R I AEAE 5
R B IAE 2 S B A R () RS i A RIS RFAE 1) By v, 7E A (1) CNN 2 i R 2 47

© PEBEERKEFIFEU  hapy/ www. jos. org. cn



34 Journal of Software A3k Vol.29, Supplement (2), December 2018

VR AR R AE 41 R BT 90, 0 S 978 A A 2 g M SRR AGE 1 i 1 3 480y U, w, € R ot RE AR A6 ARRALE 1) Bt v, Bk 7
H 2R BRI 56 LA 2,V A U B oA MR A58 R wx AL

Hir APl (%

S

— B0 B0 s T————) ——_——
word] / p— - word |
word2 RIIFRS 1S word2
/ ¥ - 2
word19 wordn
AR R R

Fig.2 The flow chart of image feature extraction algorithm using multi-channel
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Fig.5 The framework of the image description method based on multi-channel feature extraction model and
generative adversarial networks
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32 LWHRNBMZBERSF

AR SCHE RSO I 77 S AT LRI, R AR 1 R 5 3 B e ) PR R AE $ OB A AT A M B,
5 2 FR4 F TR AR AR U B AT A BRI UE, 5 3 IR 4kt AN BRI R P vy 3 s 7 sHEAT B 1% B G R
5 A A BRI B6 AT

TESL56 W B J7 T, A SCHE H 7T R A ) CNIN B R VGG-19 F ResNet-152 JE Al B A0 v = LI 55
B A 512 48R A0 GAN A58 8L BT 40 2 (0 80 2 K J e 17 A0 7Y B R J2 4 R 1 O 512 48 a2 R IZ e &0
GRIGER B E A 0.2F J 3 R 45 301 38 0480 B 580 2 1] PR M [-0.01,0.01], BE B Yl ZRAC Bk 2 A 40 75 B8 4 1 o
|, Flickr8k /MR~ B4 16,Flickr30k 1 MSCOCO # /MR~ & BN 64 1615 A fR1T % @ L KB A R e N
30 38, K K STOP #6874 J7 i35 T Torch7 “F &, H 2 BLafifhis 238 X &% GPU #HfTiE 5.
321 ZHUERFAE PSR SE A B VA 28 9 25 1) AR R

FEA 5286 o AR SO A SRR R (VGG-19 LA K ResNet-152) 380 4538 v 7 Ay AL, 31 FH 52 56 11 B 97 s 74
B4 R L% 1,4 3CFE Flickr8k. Flickr30k. MSCOCO K154 47 sz

Table 1 Performances of multi-channel attention mechanism.

®= 1 ZPUEERHLEIBCR D

TR FE Rk ALY DRSNS B@4 MT RG CD
JRUE A 21.3 20.3 _ _
Flickrgk VaG-19 B R R 22.6 20.2 48.5 58.7
ResNet-152 JR AR 21.7 20.1 48.4 55.5
AR R Y 24.5 21.4 50.1 65.5
JR B R 19.9 18.5 _ _
Flickr30k VoG U TR 20.2 18.2 42.6 38.1
ResNet-152 G 20.1 17.8 42.9 36.3
A8 I 21.5 18.3 43.8 42.1
JRUa A 25.0 23.0 - -
MS coad e BE T TR 28.0 23.1 50.7 84.9
ResNet-152 Ja g o 2 28.4 23.2 51.2 84.9
AIGE I B 29.6 23.7 51.9 91.1

A HE B T VETE I 2 S R TN 5 R B R T e e s O T B R S AR ST
FELEIE 6 F1HH MSCOCO H LA SEGL 2R 1 FID9 )5 LSS 2 FIARI VGG-19 B RIAEHL #5246 45 5 =51
SRR VGG-19 B8, VGG-19 #5580 NI 1 B AT R RE A 52 4 51 DA% GO0 B 1 3 SE b e BT A
Frig#RE& it 7 N TR S8 B M DA {8 bh s, A S HU B 7 HE AT S 4838 FHaE] L.

Wl 6 B, IS v R AL ) 77, T LSRR 22 B A R B R AN AR 1 iR MR A TS A AR UE K
SRR VGG-19 JFA A W E1 (14 A J88 >, 17 00 N AR0E v = ST B 5923, 20 45 T P 454 ot b A 210 1 B
FR AT, LA B B 2 M BEAG R I ON VR B 77 0L s R 0 80 B A ) N <38 3 51, TG A 2 7 38 1) 5 N, 15 e s
FOMAAMUAZ “BEAT; 58 3 WIS 4 R 07 ) [RIFEIE B 10N 7 0038 v AL 7R 0 925 8 0k A2 4008 9 R REAE
X b ST S T R SRE Y B AR,

BT AR SR A B R TE 5 A5 B2 38 AT v = L O T I 2 A AR TR R SO B B I s e, i B DL R S
5.3k 2 POASCHIA] VGG-19 P A ResNet-152 #ERAE MSCOCO s £ HEAT S50 4% [ VGG-19 KLY AN
ResNet-152 AR E B 2 IIE & AR O EM, 3 51 VGG-19 BRIEFZ H ) convs 4. convs 3.
convS 2; ResNet-152 A5 F1 2 A ] resSc. resSc_branch2b. resSc_branch2a JI ASMIE 1 & 1A A A& SR H
DL AR 0 R 2
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Fig.6 The diagram of multi-channel attention mechanism
Ko ZHUETER IHLH & B R
Table 2 The performance of multi-layer in CNN models
F 2 BHME NI EECSCR 5
RES =% B@4 MT RG CD
conv5 4 27.2 22.7 49.8 83.8
VGG-19 conv5_3 28.9 23.2 50.9 88.9
conv5 2 28.4 22.9 50.8 87.3
res5c 29.5 233 51.5 90.6
ResNet-152 res5¢_branch2b 30.0 241 52.0 94.3
res5¢ branch2a 29.8 23.9 52.0 93.6

AR 2 PERE R SR 45 AR N 5 2SI I S 0 4 B VGG-19 BB convS 3 LK
ResNet-152 #8 [f] res5c_branch2b JZ ¥ NIAIGE 3 E I8 7 28 T IR BITE VGG-19 W 45t A& 2 1

ITHRFIEIRHL, 5 COCO Hudls e v R AL HEAT Loxh 2 J  HE 42 S R 45 R

Fig.7 The comparison results in each layer when using VGG-19 network to extract feature.

K7 FIH VGG-19 M4 1E 512 FE BURFIE XS Lh 1 45 S
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3.2.2  ABRIRNG N 4 25 A A Al Bt 2 0 RS A

TEAR LS o R Deep VSIIAR [ RRAE S HL 7 V53004 T BURRFAE SR HL, 7 vk v 56 F X 35 11 45 R o 48 9 24 )
ImageNet 317 I 2k, 5R A 2015 4 ILSVRC LA 1 H S i 7t 2 501 1% 5010 m] LS ¥ 200 M)A 1) A1
SN SR I 42 SE AT 19 A DX AT )70 A B R FH XU 1a) 388 A ol 22 D 28 A58 B0 % ) b DX 35 A ol J 1 B AT 5K
IDCHR A 1 TR 12 3% X I TE /MG Hh I 0 2 TE A

EUR A AE SR BN 45 R B 8 AR, ik e Mk B 20N 1000 A1 5 000 I A B3R L3R 3,5 # K KRl K
A g5 G 2R B IE A 5638 1 308 Med Rom HALEK.

1.39 woman
(),66 man

10,14 window

Fig.8 Image feature extraction and selection results

K8 BB RFAL B2 AT e e 4h 2R

Table 3 The recall rate and median rank of image area match with phrase

&3 PR DX JE A UG S IR Y 1 [B] A rh A7 Bk

R@!1 R@5 R@10 Med r
1 000 Mk & 1% 38.4 69.9 80.5 1.0
5000 7k i 5 16.5 39.2 52.0 9.0

AR SE T Wasserstein 2 55 (0 A2 i 2Ot 0 190 28 B2V AT 38 SCAE R, i A= ol i R 468 50 48 43 53l SR FH B )2
PUJZE A I AL R A Dy W 2% 1 B SR IR 45 2R 3R 4.
Table 4 The performance of multi-layer in both generator and discriminator

4 RO B R 2 A R A A A TR Ao B UGk

5%
K50 L= Mz
B-1 B-2 B-3 B-4 B-1 B2 B3 B4
B2 62.7 45.3 32.5 19.7 627 455 328 20.1
Xz 62.7  45.1 32.5 19.8 627 456 329 19.9

MFE 4 BT LUE H 0 A R s A I e A7 B 2 A e 2 FE 4 A K I e AZ R 2 A 0 AR Ak K s 56 4

FLME AN KA B SR U A R B e A2 B AR B ) (0 45 R 5 R B R UAE B-n(n = 1B 22 AN K TE
B-n(n=2)f WA 400, AR G R AN K A SCHE T SCR 5002 KA IS A2 A8 B A e 40 il 64T 5258

AHLL RCNN ZE47 FUGFRAE SR LSTM #4738 ) A2 i 1) 7 3, 28 SCHEAT 1 40 R 536, 52 36 28 S0 07 725 7 1)
GAN BRI R %5 LSTM F & H 1t, S 58 B4 L3R 5.

Table 5 The comparision between using GAN model to train LSTM and using original model
5 FIFH GAN ERLIZE LSTM Fl [ G B2 Lh 45 45 = 4%

1R B-1 B-2 B-3 B-4 MT CIDEr
RCNN+LSTM 62.5 45.0 32.1 23.0 19.5 66.0
RCNN+GAN(LSTM) 62.7 453 32.5 23.5 19.7 66.7

F 5 P GAN BAIST LSTM BT U1 %k, B 34 i 8% LSTM JE LA SE U 55591 8%, 3K B %1 0 28 il 2 B A i 4
A A LY S A B s, AT LASRAS SR AR A 1 ) AR L B 9 BT, R AR SCHRER 5 VAR 5 Al aT 4 4R
ORI S RS B R R 1 NSO BUIN i s AR SC DL BLEU B AR AR A bR id N LR B N 5 &
SR ) S, B AR % 1Y) 3R WA bk 2 B 6 R (9 BLEU M R
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RCNN a wooden door an airplane is awoman paddle | a man riding a there are several
+GAN toa t.mthrfmm parked on the boarding witha | skateboard on a sandwiches on
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Fig.9 The diagram of GAN
K9 GAN BALG I R K
3.2.3 456 2 BB RHAE SR OSBRI AR R O BT I 46 1) AR ik

AR SCKE AR H 77 CACNN-GAN 5 32 37 Sy 14589253 U320 4756k L 35 BOKT Y B B0 48 /2 Flickr8k Flickr30k
PLE MS COCO 4.3 6. K 7 /&2 CACNN-GAN 5 HoAth 3= 37 77755 1) b A 46 SR AR 4 SR [ 1118 A STl #RN
B KT B Y 100,LSTM B2 R~H 1% B 9 1 000,80 58 14 55 i 8 i KA 1% B O 512.Flickr8k itk R~ &
B N 16,Flickr30k f1 MS COCO % #8 4E fHt R <F ¥ B Ny 644 SCHE H BT SE 36 B AL 15 4% R Adadelta J59:04,
K ity 21 vty P 1 507 5K, 12 7 VR AR B 38 L 2 2 F 5 VA AT BEATLRE B T B AT R 7E AR O R 2 b 38 300 ) 4 R
T END 502 $1) 3 5 ) 5 K R K B2, B 113 4 28 i A SCRI | BeamSearch 7 vEPEAT MIAR, % 7 16 %% 1k 4R
Hh i B R A BE R B R R BB N 5.

MR 6. F 7 HA] LUE B],CACNN+LSTM J& A SCFIH VGG-19 W28 I N AT 73 72 F WL [ s2 36 25 31, 3 p
SCHR8, 917 A 4R 1 J7 12 B SR FH 3B 73 CNN 454 LSTM 3R 4T 19 52 86, A% S 7 V48 B A A v 16 & 03 3t AT 5 41E
RO IE A4 g S T HAh 7 vk AR 2 7 B@1 A B M L SCER[81 Ve 1 7.3 N E 4 LM LT
BRIOTTVEWRIRE T 0.5 AN 20 st T oAt 7 vkt 5 1 A Rl s b 0 A i S 250, 86 A il 28— A% 6 Ji ) 380 A AT
LU RCNN+GAN S& A% SCHI F [81H R AE 45 U 7 v, 45 6 LSTM {4 1 B8 38 3R 77 125 4 LG SCHR (8177 923, AR 3L 7 1%
7 B@n LA g, SR ig Tt 0.5 N E S sEA.

Table 6 Performances compared with the state-of-art in Flickr8k and Flickr30k dataset
# 6 CACNN-GAN Jj %45 33t J7 ¥4 7E Flicke8k Flickr30k $¥s 4 H (1 EL AL & %

K Flickr8k Flickr30k

- B@l B@2 B@3 B@4 MT B@!1 B@2 B@3 B@4 MT

Deep VS 57.9 383 245 16.0 - 573 36.9 24.0 15.7 -

Google NIC! 63.0 41.0 27.0 4 - 66.3 423 27.7 18.3 -

m-RNNP?! - - » - - 60.0 41.0 28.0 19.0 -
Soft-Attention!*®! 67.0 448 29.9 19.5 18.9 66.7 43.4 28.8 19.1 18.5
Hard-Attention*®! 67.0 457 31.4 21.3 20.3 66.9 43.9 29.6 19.9 18.5
emb-gLSTMP"! 64.7 459 31.8 21.2 20.6 64.6 44.6 30.5 20.6 17.9
ATTE® - 3 - - - 64.7 46.0 32.4 23.0 18.9
CACNN+LSTM!® 65.2 46.3 32.3 22.6 20.3 64.3 45.1 31.5 20.1 18.0

RCNNFHGAN 58.2 39.1 252 17.0 - 58.2 37.4 24.5 16.2 -
CACNN-GAN(VGG-19) 66.3 47.7 335 23.9 21.1 65.2 46.3 322 213 19.2
CACNN-GAN (ResNet-152)  69.3 499 35.8 25.9 22.3 68.3 49.1 34.6 23.5 20.1
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Table 7 Performances compared with the state-of-art in MS COCO dataset
#F 7 CACNN-GAN J7i%5 FR 7IETE MS COCO il 46 1) EL B R 4%

K MS COCO
B@l B@2 B@3 B@4 MT
Deep VS™ 62.5 45.0 32.1 23.0 195
Google NIC! 66.6 46.1 32.9 24.6 -
m-RNNP 67.0 49.0 35.0 25.0 -
Soft-Attention!*®! 70.7 49.2 34.4 24.3 23.9
Hard-Attention"*® 71.8 50.4 35.7 25.0 23.0
emb-gLSTM""! 67.0 49.1 35.8 26.4 22.7
ATTPS 70.9 53.7 40.2 29.2 243
Review Net!'”! 70.9 53.9 40.1 29.2 24.2
MSM!8! 71.2 54.1 40.3 29.3 24.2
GLA-BEAM3!'® 72.5 55.6 41.7 31.2 24.9
CACNN+LSTM®! 69.3 52.1 37.5 27.3 22.7
RCNNEBLHGAN 62.7 453 32.5 23.5 19.7
CACNN-GAN(VGG-19) 71.2 53.7 389 27.9 23.9
CACNN-GAN (ResNet-152) 74.3 55.9 413 30.9 25.1

254 UL B R 0 AR SR VGG-19 PR ResNet-152 VBN FERIAAL 75 W e fith b ) FH AR 8 8 i AR i
ATREAE BB FA A SCHE H 1) GAN R AL I 2546 i f¥) LSTM {E R 18 A1) A4 il #8, 4% 3042 i CACNN-GAN 5 8 J%
6+ R 7 AT LA B, ACSCHR VA B A T A AT 1R L 10 SR DA BT ik, R A ST B R 03 1 45

HH T AR 9 PO 45 2R

P
Trik
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Fig.10 Examples of visualization results

LR 3 5.

K10 A A SCHR 5 i) Pl 45 g ik 45 2R

24 4k

= Zh

(1) ASCHHF CACNN A5 LA bE 0 B2 CNN RS FT DUAS It SE AR A (R 0 95 38 1 i 1Y
L RCNN+GAN J5 A0 2 A& AN E Al T AN 2 0 05585 3 i Pl v LS ) 02 2 = (9 2R 25, CNIN 7 ik LA
B R A5 4 W EUR 9 B 8, AN ARE 4 735 70 FL A PR CNINGAE A5 B (6 R S B DT E e A A ol (i s 3 58 5 i 1<)
H CNN ARSI 02 <L, T A0 A R 7 2, T RS 0 381 8 A1 T 0 FX) .
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1R B c— AN BT LA R IR I ZR IR AN K s 7 R AH LTI & 5 0 B

(3) HIH ResNet b VGG-19 A LL3RAR 5 =5 & a0, BT B SR A5 A) 8 I . 36 1 MR 2 h i R 38 2
BB EAT E RSt 5 4 08 B PR it

B —MRERR T — DA 057, BAR A SCHE H R GAN AR AL 258 2E i LSTM i3k 47 18 ) 26 /&, 1B 2
TR SEE A2 NS 3 W AR A AT DL AR TE R AR BT R R SR BOE A . B R PHE IR, L2 7E B@4 & 1%
b AT AR BRAR T AR Y A ) 0

4 B4

AL 5 2 MR R AR 2 HORRE R R Al aORT 470 009 2% B — b i 1) IR i 34 U7 #——CACNN-GANL A SC 1
Jed 7 — M AR 2 B0 B R R R SR IO 3L R N B i TR R B R 91N 2 0E 1 & 2B
7. CACNN-GAN ] Z HUEIRHURFIE, 5 COCO Hidha 4k ™ A X b, i H 25 R 52 B B0 07 i/ ME e ik A= 15X
X700 5% MR AR IR 22 SR R AT U ) 2 B, 38 o ) 4 R A B AN IR (5 AR AR R P ) SR £
SRR W], 22 AU AL 32 HORE T 5 2 il 3Rt 47 W0 4 AR 5 5 AT B i, mT DU R0 vt o 0 1 38 3 TH 1 U 1)
BT 5 B B R R B A LA AF S A R AT i A 7R 77 2 T S 5 AR AL B BORE TR 5 9 ) A O R R A
I 7V TR AE SR U 54 ) A AR A (1 3 K 2 I R 7
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