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Abstract: A scene graph generation algorithm based on semantic connected graph is proposed. Relationship detection
process can be divided into two steps :relationship advice and reasoning. The detected object candidates are used as nodes
to build one fully connected diagram. Object category and relative space information are used to calculate the relationship
probability between objects. A threshold is utilized to remove the invalid connection and build the sparse semantic connected
graph. A graph neural network method is used to aggregate the node feature representation with contextual information.
At last, the relation category corresponding to each edge of the graph is classified according to the connectivity of the
semantic connectivity graph by combining the updated feature representations of the subject and object,and the characteris-
tics of the joint region of the two objects.
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Fig. 2 Illustration of the feature refining module

25 XEREEMZK

I THLDEOC F A T TR X TS (o, ,0,) K5, 0, FEFIEFN o, MEE R LM KRS A—
FERY TR R 4R b AR AR —Fh T -FARA G T RYCER. BRI, R 1 3808 G R A 118 55 22 1 0 5
FELA T RYICER. FRAE ST R 45 460 S AR ST SR AE R 7 e R i ad 434 3 2K FEmk 5 1) 8 192 4kl s
fIEm &, {4 096 4t ZW 1k o, VEH FIEM A FF
fE,J5 4 096 4E /2 o, E N 2B B FFAE. X T
FE-FMXT (0,,0,) ,0, I EFERHER o, 19 FETEFRF
ER GRS BUS R £ e RY™ f7 15 0056 40 7 ¢
fIE v sR ek B AR 21 OC R A BEAFAE x,. K FRAE
PR 3 Fir R, B SO A v i AR 2 )

Visual phrase feature

Bk N, KRB K, W RERIE 20t 42 3%
RSB RN 3 H SC e RY | e RIFIEZ
AR 2 BIC RN H SC;, e RY.

01
SC/ J | l
— .
a3 ®-> G818 sc;
scr
0/

B3 XRHEERW R E

Fig. 3 Illustration of the relation reasoning module
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Table 1 The results of various models

PredCls SGCls SGDet
Dataset Models
R@ 50 R@ 100 R@ 50 R@ 100 R@ 50 R@ 100
IMpL20] 44.75 53.08 21.72 24.38 3.44 4.24
VG150 Graph R-CNN!?J 54.20 59.10 29.60 31.60 11.40 13.70
ours 64.01 65.78 35.32 36.04 21.89 26.62
MSDN (2! 67.03 71.01 24.34 26.50 10.72 14.22
VG-MSDN AVR[? 64.97 64.97 29.12 32.29 18.33 19.97
ours 69.03 70.21 27.33 32.37 17.37 17.98
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