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Human-Object Interaction (HOI) Detection
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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), 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] Zhu, Xizhou, et al. "Deformable DETR: Deformable Transformers for End-to-End Object Detection.” International Conference on Learning Representations, 2021.
[5] Junwen Chen and Keiji Yanai. QAHOI: Query-based anchors for human-object interaction detection. arXiv preprint arXiv:2112.08647, 2021.
[6] Kim, Bumsoo, et al. "MSTR: Multi-scale transformer for end-to-end human-object interaction detection.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.
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[7] Liu, Shilong, et al. "DAB-DETR: Dynamic Anchor Boxes are Better Queries for DETR." International Conference on Learning Representations, 2022.
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[8] Harold W Kuhn. The hungarian method for the assignment problem. Naval Res. Logist. Quart, pages 83-97, 1955.
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150 training epochs

150 epochs
epochs
50 epochs

epochs
80 epochs
30 epochs

+2.03
(6.39%)

Default Known Object

Method Backbone Full Rare Non-Rare | Full Rare Non-Rare
CNN-based
UnionDet [9] ResNet-50-FPN | 17.58 11.72 1933 | 19.76 14.68 2127
IP-Net [21] Hourglass-104 | 19.56 12.79  21.58 |22.05 1577  23.92
PPDM [14] Hourglass-104 | 21.73 13.78  24.10 |24.58 16.65  26.84
GGNet [24] Hourglass-104 | 23.47 1648 2560 |27.36 2023  29.48
Transformer-based
QAHOI [3] ResNet-50 18.06 2861 - - -
AS-Net [4] ResNet-50 | 28.87 2425 3025 |31.74 2707 33.14
QPIC [20] ResNet-50 | 29.07 21.85 3123 |31.68 24.14 3393
CDN-S [23] ResNet-50 | 31.44 2739 3264 |34.09 29.63 3542
MSTR [11] ResNet-50 2531 3292 |34.02 2883 3557
Zhou et al. [25) ResNet-50 | 31.75 27.45 3303 |3450 30.13  35.81
CDN-B [23] ResNet-50 2755  33.05 |3453 2973 3596
GEN-S[15] ResNet-50 | 31.88 2624  33.57 - - -
DOQ (CDN-S) [19] ResNet-50 | 33.28 29.19  34.50 - - -
SOV-STG-S ResNet-50 | 32.97 29.28 3407 |3558 31.73  36.73
SOV-STG-S+CCS ResNet-50 | 33.63 30.40 3459 |36.24 3209 37.48
SOV-STG-B ResNet-50 2951 3509 |36.44 31.78 37.83
SOV-STG-Swin-L. | Swin-Large-22k | 43.62 43.36  43.70 | 45.67 44.70  45.96
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Ablation SEE&

Default Default
Verb Box Method
Full  Rare Non-Rare Full  Rare Non-Rare
Object Box | 31.93 27.08 33.38 SOV-STG-S 32.97 29.28 34.07
Subject Box | 32.15 26.97 33.70 -STG 32.44 27.30 33.98
MBR 32.20 27.55 33.59 -DN 30.61 24.91 33.32
SMBR 32.44 27.98 33.78 -Subject Decoder | 29.87 24.92 31.35
ASMBR | 3297 29.28  34.07 -Verb Decoder 28.74 22.63  30.57
K3 HEORY 7 ADTHA £5 HEY2—ILOHM
4 S-O Attention Designs Default
last layer multi-layer Attention Full  Rare Non-Rare
(D) v S-O Fuse 32.97 29.28 34.07
(2) v S-O Fuse 30.80 25.16 32.48
(3) v S-O w/o bottom-up | 32.57 29.12 33.60
4) v Sum Fuse 32.54 27.61 34.01
(5) v Sum Fuse 29.73 24.90 31.17
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