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Image generation from scene graph with graph attention network

Lan Hong, Liu Qinyi
College of Information Engineering, Jiangxi University of Science and Technology, Ganzhou 341000, China

Abstract: Objective With the development of deep learning, the problem of image generation has achieved great progress.
Text-to-image generation is an important research field based on deep learning image generation. A large number of related
papers conducted by researchers have proposed to implement text-to-image. However, a significant limitation exists, that
is, the model will behave poorly in terms of relationships when generating images involving multiple objects. The existing
solution is to replace the description text with a scene graph structure that closely represents the scene relationship in the
image and then use the scene graphs to generate an image. Scene graphs are the preferred structured representation between
natural language and images, which is conducive to the transfer of information between objects in the graphs. Although the
scene graphs to image generation model solve the problem of image generation, including multiple objects and relationships,
the existing scene graphs to image generation model ultimately produce images with lower quality, and the object details are
unremarkable compared with real samples. A model with improved performance should be developed to generate high-quality
images and to solve large errors. Method We propose a model called image generation from scene graphs with a graph

attention network ( GA-SG2IM) , which is an improved model implementing image generation from scene graphs, to gener-

%5 H H#3:2019-10-10; f& [B] H #7:2020-01-08 ; Fi EN 7 H #A: 2020-01-15
E&UWE : HEARFFIERTH (61762046 ) s LA HAAFLAREG T H (20161 BAB212048)
Supported by : National Natural Science Foundation of China (61762046)
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ate high-quality images containing multiple objects and relationships. The proposed model mainly realizes image generation
in three parts: First, a feature extraction network is used to realize the feature extraction of the scene graphs. The attention
network of the graphs introduces the attention mechanism in the convolution network of original graphs, enabling the output
object vector to have strong expression ability. The object vector is then passed to the improved object layout network for
obtaining a respectful and factual scene layout. Finally, the scene layout is passed to the cascaded refinement network for
obtaining the final output image. A network of discriminators consisting of an object discriminator and an image discrimina-
tor is connected to the end to ensure that the generated image is sufficiently realistic. At the same time, we use feature
matching as our image loss function to ensure that the final generated and real images are similar in semantics and to obtain
high-quality images. Result We use the COCO-Stuff image dataset to train and validate the proposed model. The dataset
includes more than 40 000 images of different scenes, where each of them provides annotation information of the borders and
segmentation masks of the objects in the image, and the annotation information can be used to synthesize and input the
scene graph of the proposed model. We train the proposed model to generate 64 x 64 images and compare them with other
image generation models to prove its feasibility. At the same time, the quantitative results of the Inception Score and the
bounding box intersection over union (IoU) of the generated image are compared to determine the improvement effects of
the proposed model and SG2IM ( image generation from scene graph) and StackGAN models. The final experimental
results show that the proposed model achieves an Inception Score of 7. 8, which increases by 0. 5 compared with the SG2IM
model. Conclusion Qualitative experimental results show that the proposed model can realize the generation of complex
scene images containing multiple objects and relationships and improves the quality of the generated images to a certain
extent, making the final generated images clear and the object details evident. A machine can autonomously model its input
data and takes a step toward “wisdom” when it can generate high-quality images containing multiple objects and relation-
ships. Our next goal is to enable the proposed model for generating real-time high-resolution images, such as photographic
images, which requires many theoretical supports and practical operations.

Key words: image generation from scene graphs; graph attention network; scene layout; feature matching; cascaded

refinement network
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REREN IR ZE LR BIAR, 1 MR R I AL R 22, %
KR 1 BHER I 102 100% |, XH B 10 [ HE
SN A 10%

AL SH A T30 3 A A b I, 5 25 B RUST B 48] g i)
B A SR X I 45 FR B 45 ( region-convolutional
neural network , R-CNN) ( Girshick 4§,2016) th 42 3|1y
4 AR E L, 0, o, G VERE T B, SRRSO

G, - P, G _ P,
L= L=
: C
tw = 10 ( M)’ t/ = log(F) (5)

X, 6, .G, .G, G, 73 | 3R FLSLAR 28 S A4 ) S AE
HG s AR TR BB AE R SE, P, P, P, P, o 3R
7N TN I AE ) PR AR AR BB E AR BE
TESE PR TSI Zhrpr, ) 2P e 00 4 >
BRE WG R R, ] —HBHW e
R 1 5IFRUMEE SRR & 0, = Wh,
TEWGIFIR , A SRR — D HE P° =
(x,y,w,h) A PP AR .8 P,
Py BB UEMRA TE i —2F o SRS I A5 5 i A8 4
FH TG D HEAS 18 10 FLSAR B SE S, P B IR AR
AT ALRR N
P, =Pt + P
P, =Pt + P!
& Ik (6)
P, =P lexp(,)
Py = P/ exp(1,)
HEASIME ] A P 25 A Bl ok 27 ) AR P — G

o, — i, TG, B IIAE [RH R 2 2R S 4R LY
HAARE TR
! Gw ’ ’ Gh
G, A G
= lo ( ), t, =lo ( h) 7
g P ! 8| oo (7)

h

2) HER1E] U R 2% . SG2IM A TY A pry e A% (] )
RIZE ] — 2 5 5% B A BUERATRT 1 4E B X &R )
), A GE— RN M x M BIR R I3 EIERS m,
X — AR [6] d TN g A4 [ 05 AR 2R A
o T A A B 0 S A5 48 A ) 1) 52 SR A 458
2R R ZRAE Y 2 S SCH A MER R ERAIR . X X Al
LR A R, 51X DT R R AR T LA R
AR o PRIMAR SCAEAE ) [m] U1 I 288 ) T 4 — 4
TS 45 , 5 FERL 1] U 1) 28 — B A4 i — XS e 2R

JR 2% (GANs)

RS K5 2 5 WL S B e — e —
a4, FEHIX 43 A BT R LR SR A BT
TR IS, FEA 5 590 5 19X 246 T LA B 4 b 2 3] %
GRS AR S, TR 8 1) [ U1 1) 2%l R 2 Al 5 5
P28 SEAH T B R R o3 HHER
2.2.3  XRATRMLEIN G5

X G R M2 I TR BRI 2R AR ]
e T3S R AR SR IR 22 R X R A R R WL

1T RO 25 R T 2, e B AR B 25 1A T 0 B BEDI S
HAKFIEZER NI 2 vh 8437 57 A Jmy 5 UM 28 BT 7
265 15 S A R 8 % E AR R R 1 S A R T SR
Ja R AN R LA B e 1 R

B 2SR FHTRACE (14 T [ U R 25 A S [ U 44 45
A SUATHE RS G2 03 I HE RS , 5 S 38 3 Y S A1 SR
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25 W R A T X AN TRl B0 G A TR I

AP

(a) FLIHRE

A mve

(b) SG2IM

AT mWP
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B4 R s A ke i

Fig.4 Examples of synthetic scene layout
((a) real labels; (b) SG2IM; (c) GA-SG2IM (cours) )
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Fig.5 Architecture of cascaded refinement networks

FIRANAL R LE A5 1 MEEERER T A\ 4 T ) 3%
AR, T G — A E TR A TR 2 ~ p(2)
YERE A e 1AM REE Y o Tt TE Dy 3
IVESYANAIRIEC ER S48 THIEEE
2.4 LAF|WE

S P 28 A 1R AT RE ORI AR JRCAS 0 44 i
(R LS G 2 B D1 0 2 ot ) 28 7R 24 ) 6 1) 24
AT LATEAR KRB EE F T AR R 1 o £

IR RAEE (5) Y 2R %50 4%, LA s A «
S EL IR AR . BARH
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W4 oA, v~ p FOREIHEARG A [H]
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PO 245 v PR KT B S o o L 0 3 A/ NVRRAE 2 IR
14 25 Sl A B PR 5 LS PR T B S e T
S5 PUARFAE DG JC A0 5 A5 P SRS VI R I e R
AT FRAE R B, A SCHC VGG (visual geometry
group ) -19 FYFR 43 JRAE R AR SCHI RS0 BN M 465 4
D LRGN 2, I { D, FRoR 2% 21 4R
A X RECH VGG-19 1Y convl 2 conv2 _2
conv3_2 .conv4_2 convS_2, EMEIFITE N

Liw = 2 X | ®i(D) @ (D[, (10)

Aoeb, RN T 435 205 WO A= A %R 1 52 AR
A SR RSP 45 2 0 2 B SR A R S, T AT
B Al Ry 2 vh T 2 B RV K, 3 1o 2 ST 1 2
%, Zogt— B GR 2 J5 , A, 38 W VR b v Ak 11 4
I SRR A R A R
G S B B2k L, T3 TH A IR R 1% 14 18
FURRRE , Fo75 UG 5 I e A A% 1 R s el % 1
(9 AR 105 SR . X S S IR 2k Ll AT
SR T1 A R PE5 T oh  B T ELRLE , 2R 0 5 4 ee
o A IR rh BT T 5% o, FIELSE PR Th BT X 42 o,
T MRS U XS4 ER LY WAR R
F R X 5 T L E R L, 5% A 1 PR 1% T B X
RIEAYHE U . HARS 55 R
Lig = C,(1,1)

n
obj _ ~
Loy = z C (0;,0,)
izl

Ly = Y G (oY) (11)
=

A, n Fon HUlE EHR S BIXT R AL, € 3R — 28
SRR R PREL, €, 278 20 00 A SUIRAR K pR B, Y
FoRM RPN, FE 1000 425

3 REISLHEMET

LSEITEE I Mg b AN R B4 F, =
128, Fe kgt o) B 4E 3 O F, = 128, 7 FIHE 65 fn
RoF M =16 A BRI T8 W=H =64, T
RIYIZR R 27 2] %254 0.000 1 11y Adam ( Kingma 7l
Ba,2015) {E AL K%L, Hi% & batch_size Sk 32 4T
10 UGEAL &ML BT .

1) EIEEIMEs S ASH R R T S E
IRAH A, B2 T NGRS B R , 43 Bl He e 5

FIJE 2R 0] B R A7 R AE A8 e, 15 21 3 52 2 500b 4 14
W e R RIVER ) REGIH M4 o R >R
Hrp B A ML AL ReLU pRECH 3075 R
B LR Z L, M EERINZE 1 TR .

F1 FENRBITENE o WML
Table 1 Network architecture of attension

coefficient computing network ¢

R Ak

linear (leakyReLU) -1 3x128 — 512

linear (leakyReL.U) -2 512 — 1

2) XA R 4 AE 1R P 2 R [l ) R
25 R R 26 1) 45 P 248 Lo

PIHE [ 28 S5 R AN 2 B 7R B AR R 1) 4
L IOAERY 4 DS AR KL

x2 BIEREMBLEN

Table 2 Network architecture of box regression network

ZpK (S
linear( ReL.U) 128 — 512
linear 512 —» 4

FREAL ] ) ) 2% S R0 42 K o B AL 5K i Y i
e, H 85— RN B AR X BRI ERAE R
(upsample) $ FFFUZ (conv) LB, Hp R ZH00E
DL ReLU AHCA S0 AP ISP KO 1 1 3 x3 45
L, H 5] A Toffe Z5 I Szegedy (2015) #2 Hi ) batch
normalization £ A , figJ5 —J2 4 T PRIEH H (1 HERS
(0, 1) Z 8], 2k H] Sigmoid bR A B0 ki %k, B
IREERINZR 3 FiR .

R S5 1) g D 4% T TR0 L S MRS N AR R
i, PR Ry o3 et 82 ) RS A 8 SRR T 74028
DRI I FH 5 /0N B 5 B IR 2% BRIV AT, LA ) 4% 448 ) 4
*K 4 PR,

3) RN M ZE R 5 A>Tl REAH [F] Y 53 A
P, Al — A EREEZ A — DG TZ
B, Hh A HZ R A 3 % 0.2 (1) leakyReLU ( Maas
85,2013 ) NG AR TS K N 1 B3 x 3 45
M, A C =[1,1024,512,256,128,64 ] ,H = D =
[2,4,8,16,32,64 ] M5 @ RMZEL5HUNR S iz, e
JaH E— " aEiE s 3 G ZERIREANER.

4) B ) % X 2% A 955 P15 6 il 4 R X0 2 4 000 i
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®3 EEEEAMNKEN

Table 3 Network architecture of mask regression network

Eqs i
128 — 128 x 1 x1

reshape-1

upsample-1 128 x1 x1 — 128 x2 x2

conv( ReLU) -1 128 x2 x2 — 64 x2 x2

upsample-2 64 x2 x2 — 64 x4 x4

conv(ReLU) -2 64 x4 x4 — 32 x4 x4

upsample-3 32 x4 x4 — 32 x8 x8

conv( ReLLU) -3 32 x8x8 —1 6 x8x8

upsample-4 16 x8 x8 — 16 x 16 x 16
conv(ReLU) 4 16 x16 x16 — 16 x 16 x 16
conv ( Sigmoid) 16 x16 x16 — 1 x16 x 16

x4 BELEHNFMKEN

Table 4 Network architecture of mask discriminator

E S Btk
conv(ReLU)-1

1 x16 x16 — 64 x8 x8
conv(ReLU) -2 64 x8 x8 — 128 x4 x4
global average pooling 128 x4 x4 —128

linear ( Sigmoid ) 128 — 1

R5 FELAMUMELEN
Table 5 Network architecture of CRN
HFR Ak

(C, +128) xH, x W,—
(C,+128) xH,,, xW,

upsample

(C,+128) xH,, , xW,, ,—

conv( leakyReLU) C  xH  xW
i+ 1 i+ 1 i+ 1

PIERS o EURYE AR5 Tsola 55 N (2016) $2 4 1 4
R RS K N 2 193 x 3 BEURBURHE, S8
Jekinth 8 x 8 AR AW A BB I, H o 4% 2544
WZZ 6 Fim. XTEUAR A A e B SR B AR AR
BRI TR X R EUR , S — 4 2 32 x 244
o MR A IR AR E S
JERESRG I Oy B AR L R R ) ARSI
WA HINZREEH AN 7 B, C i J88.

4 SLIGLERINIEMG

fi FH2017 COCO - Stuff #5415 4 Il 25 I B Uk A< 3L

F6 BERENFMELEN
Table 6 Network architecture of image discriminator
2K Eed(s
conv ( leakyReL.U) -1

3x64 x64 — 64 x32 x32
conv( leakyReLU) -2 3x32x%x32 — 128 x16x16
128 x16 x 16 — 256 x 8 x 8

conv-1

256 x8 x8 — 1 x8 x8

conv-2

RT MREANFMELEN
Table 7 Network architecture of object discriminator
£k (S
3x32x%x32 —64x16x16

conv(leakyReLU) -1
conv(leakyReLU) -2 64 x16 x16 — 128 x8 x 8
conv 128 x8 x8 — 256 x4 x4
256 x4 x4 — 256

global average pooling

linear-1 256 — 1 024
linear-2 1024 — 1
linear-3 1024 — | C]|

GA-SG2IM #i8Y, 15 e A IE BRI TE R R B 5
B s RGN DL A i 64 x 64 R I IA
1% , 3 ] Inception Score (IS) ( Salimans %%,2016)
PEAL AR R T &, D S fd 52 9 B (intersection
over union, loU ) PFA% A= Bl G H 652 B HERf &
4.1 HiE&

2017 COCO-Stuff % 7 4E ( Caesar %5, 2018 ) -
MS COCO ( Microsoft COCO) ${3E4£E (Lin 45,2014 ) 11y
—F4E . COCO-Stuff HHE A& 4 1 ZIEA 1Y)
s EME, B EUR AR o X R E 1T TR,
FBAL E R G AE A BN F A | 38 Ao 3 e v R
E R LA SR A R

HAR, ML X SR R AL BR R T X0 R Z TR Y
FHXT R, HT 6 AH R 1Y JLAT5E AR left of [ right of |
above ,below . inside F surrounding 4 #& 375 &, [F]
IF, A i A ) 3 5% BT I — A FRBR Y image X 4 5
39758, 9 B R X R AN image X R 2Z 6] 78 i —
AMRRIRAY in image 5, PRIIES 5 I8 AT LUK Bir A7 %)
RIKRIE—E,

S 2 W B s AR S B R 2% By X4, DR B
XFREAE 3 ~ 8 MWEIER ., Z M COCO-Stuff |24
LR BT 5 2R Y 24 972 MR IEMBATE A SCEL TR
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RS, N COCO-Stuff B IELEHZER 1 024 4T GA-SG2IM BLRL, YIIZRAEA/E 4> 1080Ti . Il %k,
B EER BB N BIESE 2 048 A QAR it gE . REFFRNVNGRIE AR . O T b R )3z AL BE

4.2 TEHER I, A ISR X AT BAIE , B A A AR (&1 15
AR Pytorch PR B2 27 A HEZR BETHASCHY  ANl& 6 Fion o 1 B AF s AT LR, K638 R T
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iraff X £ giraffes are
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+
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above above
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Fig. 6 Images generated using the COCO test set

((a) reference images; (b) scene graph; (c) reference text; (d) scene layout; (e) GA-SG2IM(ours); (f) SG2IM; (g) StackGAN)
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FAIL 27 E 8 AR 225 R TR A BB U
Tk A SR %275 RGO R ) He b — AR 1]
RIS SO A NG R 1) 2D 3 545 J 1 (O
VAT, 0 G 55 R I R R
ABRTE , T A5 X GG AE , B AN R 2 FIR 45 ) |
{5 FH AR [R] 37 5% & g A SG2IM 55 AU ( Johnson 45,
2018) 1y A B R A T 2 28 SCAE S A Y
StackGAN A&5 ( Zhang 25,2017 ) fl4E B 14
M 6 T LU H, A SC GA-SG2IM 58 A 1Y
K& 527% BUGA L, BRI FA YA HER
B REARAG JR AR X RS R 5 S F R AR
FAML, 5 SG2IM FEARIA: i iy G AH L, A SC A 1G]
BEE I TEWE EE, 5SS F R E RN,
1M StackGAN 5 B A i [ 15 L AR AL, D6 B 5 4 )
SCASHIRAE Ry A B 5 A B, i 1137 5% AR Ay
AT A R T A AL & Z D RAK R B IR
ERE.
4.3 FEriERR
Ry T S o) A PR R B AT VA AR SCH
A Inception Score $5§ H I A= B 45 5 2t , DAV Wb
JE AN Z R 5 TP AL AR U 5y
IS = exp(ngL(p(ylx)Hp(x)” (12)
X, x ~p, FoRAE A R, KL R TR
ASHE R A5 B9 KL #0 & ( Kullback-Leibler diver-
gence) ,y +& B4 4 iF Inception V3 W 2% A= %
1 000 ZEfyka it 1 i, p(y | x) FOREIRIE T4
SRR, p(y) Fom NIE(ASIN = 5000) &
BTSRRI
1t COCO %4 5 b, 45 D3 A2 REAS Bl AL 40y
5 A IFIC TS URIIEFbRHER . X T GA-SG2IM
BEALH SG2IM LAY, A4 iy R G LS TRAS
[ 75 DUAE L S RAEAS I8, X T StackGAN
BEAL, BB PR g 2 il 3R SO & A i — i
BRI RO/ R 256 x 256 1R3R , il i R
R 20 R i /N g 64 x 64 AR R, e &4 R N
£8P
B A& B, PEAL A R 5 R T LA
RREA TN (4 0 G SO HE | A T s A B i 0y X —
PSR SR AR O RABAE b 5 B SRR 4
HIHE b 192 He, Bk
b N
b U

)

loU = (13)

)

x8 AREFHEEM 64 x 64 HEERH IS LR
Table 8 Comparison of IS for 64 x 64 pixels

images generated by different methods

Irik IS
real images 16.3 0.4
stackGAN 8.4+0.2
SG2IM 7.3 £0.1
GA-SG2IM (A 3C) 7.8 £0. 1

Ty — M 2R AR O R HE I AR, /D
AU P %oF 2 30 HE AR R T T v JE Al %o 52 R G R R
A, FHAREAS 20 i 0T 52 300 SFHE 19 457 28 0 T RR A s 1
ZEIEATVEA

9 N A L GA-SG2IM #& B 1 SG2IM 45 Y
(Johnson 85,2018 ) Xof = ¥ I A= A 140 HE 11 o4 B 4 A1
ZHAER L . Hr R@ ¢ FIRXAN A ToU [ {E 1Y
X} 5 45 112K (recall ) , FLATEASG 00 X6 52 0 AE %) 74
£, o, Tl 0., 53R ITA 00X G2 HEA B
T FR A bR o 22 - 24

R BNDAER AR S HEITM
Table 9 Statistics of predicted bounding boxes

Iy R@0.3 R@0.5 o, T
SG2IM 52.4 32.2 0.1 0.2
GA-SG2IM(AL)  58.7 38.4 0.1 0.2

T L P RS S R 4 2R

UnSRAf F BB R 2B 1 L RE O 43X 42
I X R B — A~ Bk F) i A T I vk S B
RIS RIS G B AR 1, B o, = 0 = 000

i SR R, 5 StackGAN BERUA HE, AR
3C GA-SG2IM BERV A H FAL & 2 M R RISE A 1Y
SRy R PG, HLAE B i B iy, M
PR PR X G AT 190 4% X 45 H )Xo R ) A6 52 T30
THER , Xt 52— AR A B 1 X o

5 & ®

BT BRAT 1 SCA 21 Pl (A p i B TG 2 i 35
ZAXTRMGE R, A SCHE 73T B E S
W 2% 7 55 P B RS A JRURY GA-SG2IM 57, 15 5fa Rk
PR 7 W 268 1 D g A 3 5 Tl )Rk i B 245
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FIFEADMLAE , DU 2 AT 5 350 A9 7 5 A Jmy 5 A
FHZRIBEANTE W 26545 3 5 A Jd e e o OS2 S 5t AR
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A A B R NS 25 R AE T SCREIE B S AL

IR RE VS A SRR ], AR SORE R fe 4 A
QAR G0 SN B ., X R Z (B 6 R E A&
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[F) i o i S 0 25 SR R B, 5 Johnson 25 A (2018) 42
i SG2IM BERIAH LE , 4% 3C GA-SG2IM L7 A LI15
PR 1S,

AT GA-SC2IM RIS 1 41 85 24X R AL
R IG5 BUR 0 A 8, (R AT i A 5 AR
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