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Problem

= Object Detection

= A computer technology related to computer vision and
image processing that deals with detecting instances of
semantic objects of a certain class

= Dataset : MS COCO (80 classes), VOC (20 classes)

CAT, DOG, DUCK

= Large Scale Object Detection

= Recognize thousands of objects entangled with complex
spatial and semantic relationships

= Dataset : VisualGenome (3000 classes), ADE (455 classes)



Key ldea

= Using graph to discover and incorporate key semantic and spatial
relationships over each object.

* Inject module into existing detection pipelines to boost the performance.
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Two Stage Object Detection

= Region Proposal Network + Classifier, Box Regression
» Faster R-CNN
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Spatial-aware Graph Relation Network
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» Relation Learner
» Learn a interpretable sparse graph structure

» Spatial Graph Reasoning
= Graph inference with spatial awareness



Relation Learner Module

= Learn graph structure from regional visual feature
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N, : number of the region proposals
D : dimension of the regional visual feature
L : dimension of the latent space
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Node Feature Embedding of the Regions

= Convert classifier weight to regional semantic representation
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Spatial-aware Graph Reasoning Module

= Node Feature Propagation with Spatial Gaussian

Relative position of node j from node i : u(i,j) = (d, 9)

k-th Gaussian kernel
. 1 .. _ .
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Ur: 2 X 1 mean vector, Xj: 2 x 2 covariance matrix

Weighted sum feature data from connected nodes
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Spatial-aware Graph Reasoning Module

= GCN : GCNR(E, V,Wk)

» ¢ : Adjacency Matrix from Region Proposal Feature

= I/ : Node Representation from Classifier

* wy. k-th Gaussian kernel using relative spatial information

= Enhanced Feature : h; = L[f'(i)]

= Fully Connected Layer : L € REX(P+1)
E : dimension of the output enhanced feature

= h; is concatenated to f;
(Improve classification and localization)
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Experiments

%6 |Method AP APsp AP;s  APs APy AP, ARy ARio ARioo ARg AR AR,
Light-head RCNN[25] | 6.2 10.9 6.2 2.8 6.5 9.8 14.6 18.0 18.7 7.2 17.1 25.3
Cascade RCNNJ4] 6.5 12.1 6.1 2.4 6.9 11.2 15.3 19.4 19.5 6.1 19.2 27.5

= [HKRM] 2] 7.8 13.4 8.1 4.1 8.1 12.7 18.1 22.7 227 9.6 20.8 31.4

& |Faster-RCNN[ 4] 5.7 0.9 5.8 2.7 6.9 8.0 13.8 17.0 17.0 6.6 15.8 23.5

- Faster-RCNN w SGEN 1f:;_3+1.1 1|_|+1.2 ?.1"‘1-3 3_3+[}.E ?_D+G.l m_g+1.{i |5_3+1_5 ]g_5+2.5 19.6"‘2-5 g_3+1.'r ]—l,r_g+2.l:| 26.?"‘3'2
FPN[ 0] 7.1 12.9 7.3 42 7.9 10.7 14.9 19.8 20.0 1.1 19.3 23.6
FPN w SGRN 81109 13,6107 g4+11 44402 g2+03 128+21119,5+46 26,0792 26,2162 124719 23,9146 34 p+104
Light-head RCNN[25] | 3.0 5.1 3.2 1.7 4.0 5.8 7.3 9.0 9.0 43 10.3 15.4
Cascade RCNNJ4] 3.8 6.5 3.4 1.9 4.8 4.9 7.1 8.5 8.6 4.2 9.9 13.7

= |HKRM[ 7] 43 7.2 44 2.6 5.5 8.4 10.1 12.2 12.2 5.9 13.0 20.5

& |Faster-RCNN[ /7] 2.6 4.4 2.7 1.7 3.6 4.8 6.2 7.6 7.6 4.3 9.1 12.9

[ Faster-RCNN w SGRN| 3.2+0-6 50+0-6 34+1.3 5+0.3 49+0.6 §5+1.7|73+09 go+1.6 g2+1.6 4g+0.6 1 4+1.T 160+3.3
FPN[20] 3.4 6.1 3.4 2.6 4.8 6.3 6.9 9.1 9.1 6.7 11.5 13.4
FPN w SGRN 45+1L1 74+1.3 43+1.0 29+0.3 40+1.2 ga+2.3 |10,8+3.9 13,7+4.6 13 8+4.7 g 1+14 151+36 21,§+584
Light-head RCNN[28] | 7.0 117 73 2.4 5.1 11.2 0.6 13.3 13.4 43 10.4 20.4
Cascade RCNNJ[4] 0.1 16.8 8.9 3.5 7.1 15.3 121 16.4 16.6 6.4 13.8 25.8

. |[HKRM[ ] 10.3 18.0 104 41 7.8 16.8 13.6 18.3 18.5 7.1 15.5 28.4

2 |Faster-RCNN] 5] 6.9 12.8 6.8 3.1 6.4 12.3 0.3 13.3 13.6 7.9 13.4 20.5
Faster-RCNN w SGRN| 0.5+2.6 [53+2.5 10.1+33 40+1.8 g4+2.0 160+3.7/12.5+3.2 17 6+4.3 |77+41 §4+0.5 |6 0+2.6 27 3+6.8
FPN[20] 10.9 21.0 12.0 7.3 12.1 18.4 13.5 20.3 20.9 13.3 21.9 20.0
FPN w SGRN 14.0+31 23 1+2.1 |4 §+2.8 g 1+0.8 137+1.6 2] 4+3.0|16,5+3.0 255+5.2 26,2+5.3 17.7+44 27,5+5.6 353+6.3

Table 1. Main results of test datasets on VGiooo(Visual Genome), VGzooo and ADEasss. “w SGRN™ is the baseline model Faster-RCNN
[+5] and FPN [ ('] adding the proposed SGRN method. Note that comparison of HKRM [ ] 1s not fair since their method here used the
relation and attribute annotations of Visual Genome.



Conclusion

= Spatial-aware graph relation network (SGRN) for encoding object relation in
the detection system

= Modular Design plugged into existing detection pipeline

= GCN Design
= Graph Structure from feature map
» Node representation from classifier
» Propagation weight from spatial relation
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https://github.com/dohoseok/SGRN_torch
https://github.com/ruotianluo/pytorch-faster-rcnn
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