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Scene Graph Generation Model Combining Multi-scale Feature Map and Ring-type Relationship
Reasoning
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Abstract The scene graph is a graph describing image content. There are two problems in its generation:one is the loss of useful
information caused by two-step scene graph generation method, which promotes the difficulty of this working,and the second is
the model overfitting due to the long-tail distribution of visual relationship,which increases the error rate of relationship reason-
ing. To solve these two problems,a scene graph generation model SGiF (Scene Graph in Features) based on multi-scale feature
map and ring-type relationship reasoning was proposed. Firstly,the possibility of visual relationship is calculated for each feature
point on the multi-scale feature map and the features with high possibility are extracted. Then, the subject-object combination is
decoded from extracted features. According to the difference of the decoding result category,the result will be deduplicated and
the scene graph structure will be obtained. Finally. the ring including the targeted relationship edge is detected according to the
graph structure, then the other edges of this ring are used as input of the calculation about factor to adjust the original relation-
ship reasoning result,at last,the scene graph generation work is completed. In this paper,SGGen and PredCls were used as verifi-
cation items. The experimental results on the subset of large dataset VG (Visual Genome) used for scene graph generation show
that, by using multi-scale feature map, SGiF improves the hit rate of visual relationship detection by 7. 1% compared with the
two-step baseline,and by using the ring-type relationship reasoning, SGiF improves the accuracy of relational reasoning by 2. 18 %
compared with the baseline with non-ring relational reasoning,thus proving the effectiveness of SGiF.
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Fig. 1 Flow of multi-scale feature map detecting scene graph element
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Fig. 2 Flow of ring-type relationship reasonling

3.1 SRESTEEKRNG=ETE

AT F ARSI B9 = 2 33 s [ AR RO W R AT TR R
fdE T B AR G I A AL i A5 2 145 B Bl Z X0 A DR 2 i A 3
FEG R A O BE b TE . BT X% ), SGIF i % SCHk L 7-
9 JAY SRR SR MR T 22 RUBE R AIE 181 A A T A 0 OC R LA e K
PR AR B AR A5 B R e R AR OT 3R & R TS i T ek
HAEBERWMT -

B UG TERY ™ AR Sy R AiF £ o0 £ C R4 BR b 22 190 2% )
M A AT BN TRAEE F={f.| £, €R*"" " i€ (0.K]},
BB RZWHOLR  EAGP 9) 0k 2 8] 535 SR W B Y
TRAUERCE 5 2 R AR I B B 45 A AR 3 308 ¢ R AR TE
MO REME . A — A th — 2 5 PR AEE 1 — )2 Sigmoid
O T2 2 B AT 53 P 2% R A T e A AT 4 B S={si |5, €
R i€ (0, K]y, BE MR RETEN B E A
9€ (0, D) M543 KT BAFE T 0 BYRHIE CREAE ] o 32 B ok
- 108 3 £ M W S R AT R G — R AR 4E BE L otk I T AR — L A
fE X={z, 12, €R",i€ (0, N}, T AR b 455 0
K FRAG B B o W] i A o A PR AT TR D AR AT v R 2
Xt FRA A SO={(s;00) 1€ (0, NI} HEFEEF , — AL
a2 AR — X s 50,0 s Bosi 5 o, 3R TS, FE P A0 & T2
S5 A bR AE B X F R/l —3F o) T F L HT B R4 s #
0r o BOJFRYEITAG I ER MG SO, A U X R Y 37 5t 18 45
. EIEEHRAE aE RE y  EEE T T A EE MRS N T A
— 2RO TR A AE AR KB 0 i) 5 (Non-Maximum Suppres-
sion, NMS) , LAZR 4 AH IR T0 s O 43 5 AH 52 05 SR )5 AT 2 52
HEEE . MM TETRSBE SN EEHAGZMREES, 1
A e 18 42 5 B 43 PP AL 0 OC R AR TE TT RE 1R 5 32 8 U IO A 40
FEBAF B T BUR R M — 30, DU ARAIE 25 B 19808 I i 458
5 P A5 R B A
3.2 MEXRHER

WGE K Z8 R 43 A A 18 T 004 X 1 56 3R e R Y
S sa) G T BOC R I, A5 56 7 M LA DR AR
$ETb . SGIF ff PeiZ [n] Y 5 i 2 51 A B0 8% 4 S 5 AR B 1A

W RRMH TR, BBRRMEHERR (2. 2,B.., )
Hi B, ., S v, oz, BIENM K JTH P&, NI E A,
AK=3, WIS XRZMEHBA (x a0 H—X EFEZHE
(5,50 s H BN Csi 5 00) & BT ARRAE &, 0 R i 45 20 A9, B ik
i E BB, TR O R A B A S (2o s s ) s
HAW) 2, saw s JB F AR X, B 2, RIEHIR X R B,
HAWITRIE =0 M ER A A, R f(ry s xm s xs)
R TAES RN .

TG T T AU 1 0C R AR I A o, SR MBS B OC R
25 ) 3 R AN = (D PR .

Vo =W, * x, b, (D
Hr W, fo, AT A RS RFHNNES
b BT B B,y BT G R HAE R ARG
R TAE A .

SR G XF o5 A I s A RAE e s g IEAT 3 32 B AE (Conca-
tenate) , 15 B — AN FTARFAE , IF DAL T3 IR 3 B 7, s R =X (2)
B

Yati =Wy * L 5700 JFbus (2)
A W oy B by 0y V813 R -3 550 8 B B A 5 0 s vy
RN S y, HAMFLEE . 2 v My, A0, A fl
13 yo BEZR A3 A0 K A 0 L LR 3 ) 3 1 PR

i J5 75 I BR R ¢ 2 M AR R B B 0 T D) AL, A 5 R A
S5y, M ZH . T E B Ty # 4T Dropout &b
YRR O PR

Vretationship = Y T dropout (y.q;) 3
T Yrotasionsip T LI F M PR EE B, 3 b B A 5 58 R A
PRI R AR T A

T E UL A2 FE AT IR C R Z B, SGIF HZ M
N e iR SRl BN Sk I AN PONER TP S R 7N 53 Rl
SHBPF RO D B AR 2 5 BiR e Rl Al m
AR s 2) B R AR AE th H AR C RILH B R 25+ .
H A D T 8 A AT PR AR XY R T I Rk AR A0S A B
SR B0 5 T 45 % B0k R T FH A B L T 5 A 00 7 DL )
PRI ARE 2 00 WO TH 5205 MO8 8 N 5 Oy %, PR R G
IR IR Ak Ry B T TS X 1 56 R AR,

3.3 SGiF # &l %

R A PR P T G R A BN R A Sy R T TR X Y 00 R HE B
IR G5 H ks U3 4 D AR H AR S R IR B — KR, X
FR G TE AT IR B OC RAE R Z A, SGIF B Yo 75 24 U4 & %
Ky st Rl g4, Bk, % 2R SGIF i 37 iRy 19 9 2k

ER



FE AN, 45

— P45 G £ RO RRAIE PR BR 2 0 28k 1 70 37 5% R A R 2 139

FEBAE SGIF BERI AN Loss. » oA & WX (4) T 7s 1
3ERAF A

L0SSur =a * L05See B * 055, TV ¢ L0SS prea 4)
Hot 1055, 410554 51055 prea 53 R BLHE e RAFAEVE 03R4 L £ 12
S AR LA KOG R A B A3 i R W e B,y X 3 ER A
PR ERY 8

W5 K FRAFAEVE 53 38 43 0 B R AA Loss.. B9 TH 52 0= (5)
FT7R

F N;
loss.,. = — 2 2 log(s;) (5

1
N,
Hodr,s, € 0, D RIFRE S EAYF— R 1E 25 3F 2., € {0,1)
HPZARAE AR T A ELGE OC R AR AR % RRAE ST 48 AR
B Ji B % X 388 5 FLE A ToU (Intersection over Union) K T 1%
FE BE B Z S =1, RZM K 0, FF N, 435 K374 K
SBURZVE 53 EURRE 2REL

F RGBS 045 R AH 32 BT BT AN 432 DL R A A T U
MR, B —XF (sih0) EEAH AR AE loss, M F 5= o
(6 Fin

losst, = — st log (5% ) 4 (st — %)% — ot log (0™ ) +

(ot — ol )? (6)

Hrbost o WRHEM. 2ERERHAEGHRM loss, R D
Ji7R

loss!, 7

Hwh N ERHAE B
K RMEILER I3 P RAA Loss prog BT AN () FT7R

1 4
W[j\l,log(p,v) (8)

Ho,e, REAH. p. HRRIMEHSS

RN Ve ik vl i R bﬁif‘ FATE KA
B 0 EESK L B TN LA SGIF YN i B2 43 1wl JS W A B B, 5
— B BRI AR A AR 2R B Sk B BE L i B B i 2R L S R A EE
RBP4 2 i) d AR AR 2w > 0w » AR 3. 2 719, S B 352 0 4
PR 09 A 55 g K A 2 T3 LU R D% 2R i 3RS B0 5 43 VR
25 AP RMER O 3 M EH R «.py HERRERX
a=p>y, N4 SGiF #am T B EmA R, YEEAHAE
R e EEN EFEAGEE S SR EN F A
A B0 2 L) 38 B WE BE B, W] A O B Y SGIF A5 7Y i 2
R EER IR0 LR 58 B B e A i U () Ry 3 A
W RE ol By W R a=p=7r, LI I 1T 58 5% () 151 Y
I

loss, =

|-
I M=

S

LOSS proa = —

4 LI

4.1 ZWHIESIEMIER

S 58 R K A 3 5 IR AR LB BB VGRS S 58 B dE
R RN 1.08X10° BKRIEMR 5. 4 X107 F& KAk
1.7 X107 X HHE ) BB 24 %6 3. 8 X 107 MWk sefif . 2. 8 X 107
ANPRE ML I 2. 3 X107 MR TR ER Eay
A YRS /\%wﬁiu&ﬁm%i%,T%ﬁiﬁﬁ?mﬁﬁ
DU AR5 5 A A AR ) A [ 2 DA R o R A R S 2 A 113
HLAL B2 AE: 55 o

5 R AEAL AT X e E A VG Z T AR 4% Sk
(247 8005 35 BT %645 8] VG 1 75035 42 VG-Subset., T
BAE4E VG-Subset P KM 8. 73X 10" 3k &% .5. 95X 10"
AR, HIEAR 150 ATUS S 50 MR I, L
B L BE AL ICT- 4 H g 1000 5K R AR b iR 4 L H A 188
N

SCE TR AT R L OC R A A b % R@K, RS
SURIT L il £k (Cumulative Match Characteristic, CMC) A U s
TR 2 B B R K AT K A8 O 2 A v B 1 L),
A TR SR AL G R R A T T A 5 G T T 2K ) A
[ ToU K Fo%TF 0.5, LUK P& B R JE R AHF .

Bt 22 8h , SEE0 X N A PredCls, SCGen WII, Fif %
FEL TR T AME B AT T . H BB R 38 ¢ & b R
R@K , H: 5200y b %5 56 2 e B b 3L T R B 8 78 R 48 2 AT
5 BB T o UL 56 & A PR R@K,

4,2 RSB TESEHEH

SEG A0 R BE 2% S HE SR Chainer™ I GPU 46 [ i1 8
Cupy ' FFATHAI S 53817 . B ARSI S 3t 3 2 T fiff
FH BT 3R 350 8 8% 17-7700.16 G WAF LA & GTX10504G,
4.3 SGiF #E8 THEFMERIE

it g — 2 20 R A O P AR B R 5B E R

BB AT T SR AR 1 LA 1 ) R, SGAF B AL T PR 4
BETAR D 22 R RRAF 1R 0 40 5 56 7% 5 2) i FH SR B 56 R
T’ﬁiﬁmi%?ﬁwﬁﬁ Sy 4R S I Al SR SR 4 T B R

PIER 0 TAE 9 A B SRR & R PR 03 TAE K B 4iE SGiF
?EMZI:I{/EE@?(:TWL
4.3.1 % REAFAEE 6 F 2O I E

AR U FH 22 N B 18 3 T 4R T SGIF B8 88 Y 91 b
S Z MM 2 R@50, R@100 B A R . B B 25k A ¢
Bk[25] Yy B 2B B0 L 38 75 2 5] Al RCNN By SGiF £  fifi
FH B R B AR AE P Y SGIF A8 80 DL K% fif 22 R RAE B Y SGIF

WO 0 A 7 VA BT SGIF A T4 DL — 22 24 e e
2R AT R HEFREL 4
S, SGIF % #% DenseNet1211 7 S 457 1iF 42 B/ 2%

A i A BRI /NN 512 % 512, 18 £ R 5 4F R ) SGiF
FERI R, 3 £ DenseNet121 H ) DenseBlock2 . DenseBlock3 LA
K DenseBlock4d B Jy 45 fiF 4 B2, i 78 50 KB 4 AiE & 1Y
SGiF ## 1, % % DenseNet121 1) DenseBlock2 3 fE K
FRAEFREUZ . 75 ZE R T A DenseNet #5270 4b F 9] 45 IR 2
AR Z BN A R B S HCE R DI Sl #E b2 3] 13 31
SLER SRS RN 1 A,

F 1 ouFEKM I A Rk

Table 1 Effectiveness of element detection methods
] SGGen/ %
S B 41 - -
R@50 R@100

EX Y T ) 3.44 4.24

SGiF (£ A RCNN) 2. 80 3.0

SGIF (f# i # R A4 H)D 7.85 9.16

SGiF (£ fl % R JE #eAE B 9.55 13.0

T AT LI Ll 2 ROBEARAE 8 B9 SGIF 7E 45 6 &
i R (SGGen) b HA i 5 . 78 R@50 45 br 1 il 5 2k



140

Computer Science TFFHLEIE  Vol. 47,No. 4, Apr. 2020

MR 7.1 % o i 20 ROE RRAE B 1) SGIF 78 R@50 I (1945 13
W2 T2 B 22 19 2 d J RCNN 9 SGIF BEAY , 5% H it X 75
F N RCNN w75 5 1 {5 B R Ay TS RER S S EEFR
Bl 5 A5 3 5 TR A O R g, — 2 R W S AR T 0 ik
T AR,
4.3.2 A X R H I E

PR C R AT b B0 PR AE B BN TS R A D L i
T T R AT I G AR A R DA o A i 4 R Y
ROACRA . TESLE P, SR 50 5F PR AL G R HE BT T OC R
i 2 A PR A M B 2ok B OSCHRC25. 27 T AR LR AL,
T BRI S LR R 1 SGIF X B8 20, H b 9 3E 3R 5 46 T
ZEm AR IR B BUE B R, O 3 AR 2 RO KRR AE B G
BOAIE 45 B BRI, T4 SGIiF Xl 40 R i Fl DenseBlock2 H
FROEFE, SEER 25 R 3k 2 fingil

2 RFRMEH TR MA N

Table 2 Effectiveness of relation reasoning methods

. SGGen/ %
L4 -
R@50 R@100
3 4 # A [21] (MessagePool) 14.80 53.00
SGiF(ff A 4 3 &) 60. 10 68. 30
4% # A [26] (Px2Graph) 68. 00 75. 20
SGIF(f# i 7} &) 70.18 76. 05

I 2 Hal DL Ll ER R G R HEBE Y SGIF He 4k
B (Px2Graph) fF R@50 b imth 2. 18% (H B H EHEE , L
LR (Px2Graph) 41 i FH AR 2R 80 3¢ R FL Y SGIiF T B A
PR AR . M Px2Graph BB T B Gkl oc R £ 5,
HE-MERS LT s o NS s r MERL,IFRT
AR B R A T (A 25 SR 3 A Ak 1 B Px2Graph 7E —
AMMEER S BT R 2 R BT £ T e — A FRAE & J A —
AT IR Y SGIF, H & M, 3 R AR (Px2Graph) & T 5
B2 R 2R,
4.3.3 FAKTARA A BIEAR L #

RBGAIE SGIF 58 # [ i 22 R R AE 18] 55 350 A G R e
FRAE I 5 B A B W A e X R AL R T X R
ST EE RN 3 A,

F 3 AR TR AR BT

Table 3 Validation and comparison of overall work effectiveness

CHLRT 2 6D
L SGGen PredCls

C Y - - - -
R@50 R@100 R@50 R@100
Message Passingl2] 3. 44 4.24 44.75 53.08
ViransE21] 9.46 10. 45 62.63 62.87
Px2Graph'26] 6.70 7.80 68. 80 75. 20
SGiF 12.74 15.21 72. 44 77.10

I 3 I LLE ol 2 A R 2 ROE R RS R
oK MBI T AR L SGIF A 28 A S %t IR 20 BT T T i 1 RS
BE L AEIHR IR SGGen (19 R@50 B EF8 bR -, SGIF 8 s 5 £k 5
RSP0 3T 6. 2% » [W] B FE MR 0 PredCls 19 R@50 % HiF 5
5 |, SGIF 8 R Bk 28 450 70 S 208 9 13, 706, LLLIEB] T
SGiF TAETE )5 [l 4 AT 55 1 i A stk

GRIE X B RGBT R R AR B R A R

WL5E 55 22K R A 5 BN R R S 4 B 1) B, SGHF 42 i 4f
2 RO FRAE AR B B A A AR 4G T 37 5 LA e 3R L DA U
AR B IR 51 R B T S i B 18 4% Ji G R HE LA
A ME ARS8 RHEHRE BE 7. 85 DA g
BRI SAE T SGIF TAERY A Stk . SR, 38 i 4 SGiF ##
R E— 25 AW T R HRAE RS R 2Z 4L 2 1) 3R A 56 2 i 2
B A P PR 8 v, HL BRI st R b e DR AE — SR B AR
KRN TE N R [, X R0 BR ) 6 15 SGIF T2 ¥k 78 ) il 4% 1 T
Chn R v B — AN TH SO AT 5 2) 48 ] 22 RBE 4R 40E 18] IR A g 52
S A g MR U R B A, TR A X SGIF BB R
R LLHEAT PO 43 0 AR - S R R AR PR R DG R A 4
PR, IR B T4 — Fh 15 B R0 G 2 4 3 [R5 A 3044 T B 4l
AR C R HEHL T % SR 5 1 BR Px2Graph M 0L , 76— 1~ 45
FE 5 F W0 2 A58 R LI E T R S ),

& % X w

[1] KAREN S,ANDREW Z. Very Deep Convolutional Networks
for Large-Scale Image Recognition[ C] / International Confer-
ence on Learning Representations (ICLR). 2015.

[2] HEK,ZHANG X.,REN S, et al. Deep Residual Learning for Ima-
ge Recognition[ C] / IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). 2016.:770-778.

[3] HUANG G,LIU Z,LAURENS V D M,et al. Densely Connec-
ted Convolutional Networks[C]/ IEEE Conference on Compu-
ter Vision and Pattern Recognition (CVPR). 2017:4700-4708.

[4] REDMON J,DIVVALA S,GIRSHICK R.,et al. You Only Look
Once; Unified, Real-Time Object Detection[ C] // IEEE Confe-
rence on Computer Vision and Pattern Recognition (CVPR).
2016:779-778.

[5] REDMON J,FARHADI A. YOLO9000: Better, Faster, Stronger
[C]//1EEE Conference on Computer Vision and Pattern Recog-
nition (CVPR). 2017.7263-7271.

[6] REDMON J,FARHADI A. YOLOv3:An Incremental Improve-
ment [J]. arXiv:1804. 02767,

[7] LIU W,ANGUELOV D.ERHAN D.,et al. SSD:Single Shot
MultiBox Detector[ C]// European Conference on Computer Vi-
sion (ECCV). 2016:21-37.

[8] LINT Y,DOLLR,PIOTR,et al. Feature Pyramid Networks for
Object Detection[ C] // IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). 2017:2117-2125.

[9] LINT Y.GOYAL P,GIRSHICK R.,et al. Focal Loss for Dense
Object Detection[ C] / IEEE International Conference on Com-
puter Vision (ICCV). 2017:2980-2988.

[10] ROSS B G,JEFF D,TREVOR D,et al. Rich Feature Hierar-
chies for Accurate Object Detection and Semantic Segmentation
[C]//1IEEE Conference on Computer Vision and Pattern Recog-
nition (CVPR). 2014.:580-587.

[117] GIRSHICK R.Fast R-CNN[C]//IEEE International Confe-
rence on Computer Vision (ICCV). 2015.:1440-1448.

[12] REN S,HE K.,GIRSHICK R,et al. Faster R-CNN; Towards
Real-Time Object Detection with Region Proposal Networks [C] //

Neural Information Processing Systems (NIPS). 2015:91-99.



FE RN, 45 - — R 45 22 RURE AR AIE 11 0 25 28 OC 2% 41 2 A0 37 55t P A i A 7Y

141

[13]

[14]

[16]

[17]

[18]

(191

[20]

[21]

[22]

[23]

[24]

[25]

[26]

KAIMING H,GEORGIA G,PIOTR D,et al. Mask R-CNN
[C]/IEEE International Conference on Computer Vision (IC-
CV).2017:2961-2969.

LI Y,QI H,DAI J,et al. Fully Convolutional Instance-aware Se-
mantic Segmentation C] / IEEE Conference on Computer Vi-
sion and Pattern Recognition (CVPR). 2017:2359-2367.
AGRAWAL A,LU J, ANTOL S, et al. VQA: Visual Question
Answering [ ]J]. International Journal of Computer Vision,2017,
123(1) :4-31.

JOHNSON J,HARIHARAN B,LAURENS V D M,et al.
CLEVR: A Diagnostic Dataset for Compositional LLanguage and
Elementary Visual Reasoning[ C] // IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR). 2017 2901-
2910.

ORDONEZ V,KULKARNI G,BERG T. Im2text:Describing
images using 1 million captioned photographs[ C]// Neural In-
formation Processing Systems (NIPS). 2011:1143-1151.
VINYALS O, TOSHEV A.BENGIO S, et al. Show and Tell: A
Neural Image Caption Generator[ C]// The IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). 2015:3156~
3164.

CARNEIRO G. Supervised Learning of Semantic Classes for Ima-
ge Annotation and Retrieval [ J]. IEEE Transactions on Pattern
Analysis & Machine Intelligence,2007,29(3) :394-410.
VOGEL J, SCHIELE B. Semantic Modeling of Natural Scenes
for Content-Based Image Retrieval [J]. International Journal of
Computer Vision,2007,72(2) :133-157.

LU C,KRISHNA R,BERNSTEIN M, et al. Visual Relationship
Detection with Language Priors[ C] // European Conference on
Computer Vision (ECCV). 2016:852-869.

ZHANG H,KYAW Z,CHANG S F, et al. Visual Translation
Embedding Network for Visual Relation Detection[ C] / IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR). 2017:5532-5540.

DAI B,ZHANG Y, LIN D. Detecting Visual Relationships with
Deep Relational Networks[ C]//IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). 2017.3076-3086.

XU D,ZHU Y,CHOY C B,et al. Scene Graph Generation by Ite
rative Message Passing[ C]//IEEE Conference on Computer Vi-
sion and Pattern Recognition (CVPR). 2017:5410-5419.
ZELLERS R, YATSKAR M, THOMSON S, et al. Neural Mo-
tifs: Scene Graph Parsing with Global Context[ C]//IEEE Con-
ference on Computer Vision and Pattern Recognition (CVPR).
2018:5831-5840.

NEWELL A,DENG J. Pixels to Graphs by Associative Embed-

[27]

[28]

[29]

[30]

[31]

[32]

[33]

ding[ C] // Neural Information Processing Systems ( NIPS).
2017.2171-2180.
LIBEN-NOWELL D.KLEINBERG J.The Link Prediction
Problem for Social Networks [J]. Journal of the American Socie-
ty for Information Science and Technology,2003,58(7):1019-
1031.

BACKSTROM L,LESKOVEC ]. Supervised Random Walks:
Predicting and Recommending Links in Social Networks[ C] //
Proceedings of the Fourth ACM International Conference on
Web Search and Data Mining. 2011:635-644.

ANTOINE B,NICOLAS U, ALBERTO G D,et al. Translating
Embeddings for Modeling Multi-relational Data[ C]// Neural In-
formation Processing Systems (NIPS). 2013.2787-2795.
KRISHNA R,ZHU Y,GROTH O, et al. Visual Genome: Con-
necting Language and Vision using Crowdsourced Dense Image
Annotations [ ]J]. International Journal of Computer Vision,
2017,123(1):32-73.

SRIVASTAVA N,HINTON G,KRIZHEVSKY A.et al. Drop-
out: A Simple Way to Prevent Neural Networks from Overfit-
ting [J]. Journal of Machine Learning Research,2014,15(1):
1929-1958.

TOKUI S,00NO K, HIDO S. Chainer:a Next-Generation Open
Source Framework for Deep Learning [ C] // Proceedings of
Workshop on Machine Learning Systems (LearningSys) in The
Twenty-ninth Annual Conference on Neural Information Pro-
cessing Systems (NIPS). 2015,

RYOSUKE O,YUYA U,et al. CuPy: A NumPy-Compatible Li-
brary for NVIDIA GPU Calculations [ C] // Proceedings of
Workshop on Machine Learning Systems (LearningSys) in The
Thirty-first Annual Conference on Neural Information Proces-

sing Systems (NIPS). 2017.

ZHUANG Zhi-gang., born in 1994, post-
graduate. His main research interests
include scene graph gernation and meta

learning.

XU Qin-lin, born in 1963, associate pro-
fessor,master supervisor. His main re-
( search interests include cloud compu-

ting and software engineering.






