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(2) link prediction module,
(3) object prediction confusion module,
(4) auto encoder module.
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Conventional SGG methods

Experiments
SGG tasks and evaluation criteria

R@K: the Recall performance of the top-K
predicted results,
MR@K: the mean results of R@K over classes.

Comparison with the state-of-the-arts

Predicate Classification (PredCls): Given image and objects’
locations and labels, construct scene graph,

Scene Graph Classification (SGCls): Given image and objects’
locations, construct scene graph,

Scene Graph Detection (SGDet): Only image is given.

PredCls SGCls SGDet '
Model mR@50 R@50 mR@100 R@100 | mR@50 R@50 mR@100 R@100 | mR@50 R@50 mR@100 R@100 We extend seven typlcal
GBNet-f [34] 721 66.6 24.0 68.2 12.7 373 13.4 38.0 71 26.3 8.5 20.0 : o
Graph R-CNN [32] 16.4 542 17.2 59.1 9.0 20.6 0.5 316 5.8 11.4 6.6 13.7 SGG methods with distinct
RelDN [35] 15.8 68.7 17.2 68.8 0.3 38.0 0.6 38.9 6.0 31.0 7.3 36.7
FCSGG [17] 6.3 41.0 7.1 45.0 3.7 23.5 41 25.7 3.6 21.3 4.2 25.1 Characterlstlcs to valldate
GPS-Net [31] 10.2 60.7 21.4 6.7 11.7 423 12.5 423 7.4 28.0 9.5 33.2
IMP [29] 0.8 503 105 61.3 58 34.6 6.0 35.4 3.8 20.7 48 245 :
IMP+HLB 10.63  60.91 11.37 62.95 6.62 38.10 6.98 39.01 1.19 26.67 5.23 31.85 the effectiveness of HLB
IMP-H 10.17 58.80 10.07 61.31 6.05 34.80 647 36.50 537 31.21 6.30 35.36 i : :
IMP-H+HLB 1044 5943 11.17 61.52 7.07 38.21 7.47 39.09 5.87 31.79 6.84 35.91 approach, mcludmg 4 semi-
VTransE [37] 147 65.7 153 67.6 32 38.6 37 304 5.0 207 6.0 343
VTransE+HLB 15.26 65.68 16.40 67.60 5.24 39.72 8.74 10.61 5.14 29.74 6.22 34.47 heterogeneous methods. 2
KERN [3] 17.7 65.8 19.2 67.6 9.4 36.7 10.0 374 6.4 271 7.3 20.8 ’
KERN+HLB 15.89 61.17 17.15 64.17 0.01 38.16 9.60 39.37 7.11 28.70 8.58 33.41
MOTIES [36] 14.0 65.2 153 67.1 77 35.8 8.2 36.5 5.7 27.2 6.6 30.3 homogeneous methods and
MOTIFS+HLB 15.39 64.01 16.74 66.80 8.90 39.48 9.44 10.32 7.19 32.57 8.43 37.01 :
VCTree-SL [24] 17.0 66.2 18.5 67.9 0.8 37.9 105 38.6 6.7 277 7.7 3.1 1 de-homogenlzed method.
VCTree-SL+HLB 17.47 65.73 18.79 67.35 11.98 36.95 12.73 38.50 7.46 32.04 8.75 36.34 _
BGNN [13] 30.4 502 32.9 61.3 143 37.4 165 8.5 107 31.0 12.6 35.8 The expe rimental results
BGNN+HLB 28.20 61.06 30.43 63.22 16.72 35.27 18.09 36.64 12.57 27.80 15.03 32.28
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Qualitative results significantly improve the
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