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[1] Chao, Yu-Wei, et al. "Learning to detect human-object interactions.” 2018 ieee winter conference on applications of computer vision (wacv). IEEE, 2018.
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[2] Tamura, Masato, Hiroki Ohashi, and Tomoaki Yoshinaga. "Qpic: Query-based pairwise human-object interaction detection with image-wide contextual information." Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. 2021.
[3] Carion, Nicolas, et al. "End-to-end object detection with transformers.” European conference on computer vision. Springer, Cham, 2020.
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[4] Chao, Yu-Wei, et al. "Learning to detect human-object interactions.” 2018 ieee winter conference on applications of computer vision (wacv). IEEE, 2018.
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[5] Dosovitskiy, Alexey, et al. "An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale.” International Conference on Learning Representations. 2020.
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[6] Kuhn, Harold W. "The Hungarian method for the assignment problem." Naval research logistics quarterly 2.1-2 (1955): 83-97.
[7] Lin, Tsung-Yi, et al. "Focal loss for dense object detection." Proceedings of the IEEE international conference on computer vision. 2017.
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Fine-tuned Default Known Object
Arch. Method Backbone Detection | Full Rare Non-Rare | Full ~Rare Non-Rare

| IP-Net[16] ResNet-50-FPN X 19.56 12.79 21.58 22.05 15.77 23.92
-g PPDM [9] Hourglass-104 v 21.73 13.78 24.10 24.58 16.65 26.84
= GGNet [18] Hourglass-104 v 23.47 1648 25.60 | 27.36 20.23 29.48
HOITrans [20] ResNet-101 v 26.61 19.15 28.84 29.13 20.98 31.57

HOTR [7] ResNet-50 X 2346 16.21 25.65 - - -

HOTR [7] ResNet-50 v 25.10 17.34  27.42 - - -
AS-Net [3] ResNet-50 X 24.40 22.39 25.01 27.41 2544  28.00
g AS-Net [3] ResNet-50 v 28.87 24.25 30.25 31.74 27.07 33.14
i & | QPIC[15] ResNet-101 v/ 2090 2392  31.69 |32.38 26.06 34.27
(19.7%) QAHOI Swin-Tiny X 28.47 2244  30.27 30.99 24.83 32.84
+41 QAHOI Swin-Base X 2947 2224  31.63 31.45 24.00 33.68
(13.9%) E QAHOI Swin-Base** X 33.58 25.86  35.88 35.34 27.24 37.76
~— QAHOI Swin-Large** X 35.78 2980 37.56 |37.59 31.66 39.36
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Fine-tuned Default

Arch. | Model | Backbone | Detection | Multi-scale Full  Rare Non-Rare
—+— (1) | ResNet-50 X X3 2421 17.51 26.21
QPIC (2) | ResNet-50 v X3 29.07 21.85 31.23
— 71 (3) Swin-Tiny X X3 27.19 21.32 28.95
(4) | ResNet-50 X X1, X2, X3, X4 | 24.35 16.18 26.80
(5) ResNet-50 v X1, X2,X3,Xx4 | 26.18 18.06 28.61
OAHOI (6) Swin-Tiny X X1, X2,Xx3,X4 | 28.09 21.65 30.01
|j<= (7) Swin-Tiny X X1, X2, X3 28.47 2244 30.27
(8) Swin-Tiny X X2, X3 28.12 2043 30.41
I\_ 9) Swin-Tiny X X3 26.65 19.13 28.89
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Default
method Full Rare Non-Rare
base 26.64 20.62 28.44

+ topk scores (N; = 100) | 26.70 20.89 28.43

+ NMS (6 =0.5) 28.47 2244 30.27
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N; IoU threshold
topk scores | 50 100 150 IoU 0.4 0.5 0.6 0.7
Ca 26.63 26.63 26.63 ToU" 27.85 27.93 27.96 27.93
Co 26.69 26.70 26.64 IoU? 26.69 26.77 26.84 26.85
Ca: Co 26.63 26.63 26.63 IoU” . ToU? | 28.41 2847 2837 28.07
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