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Human-Object Interaction Detection Based on Fine-grained Attention Mechanism

DING Yuanbo,BAI Lin and LI Taoshen

School of Computer and Electronic Information, Guangxi University, Nanning 530004 ,China

Abstract Fine-grained information, as a kind of contextual information, can assist models in recognizing human-object interac-
tions with similar relative spatial relationships. However, how to utilize this key cue to uniformly model feature information of
different granularities on multi-scale feature maps remains a critical challenge that hinder further improvement of human-object
interaction detection accuracy. To address this problem,this paper proposes a human-object interaction detection model based on
fine-grained attention mechanism. The model strengthens local features under the guidance of fine-grained information. It fuses
feature maps of different scales and automatically learns image content through a deformable attention mechanism. Additionally,
it models the long-range dependencies between features of various granularities,essentially improving the accuracy of the human-
object interaction detection model. Extensive experiments are conducted on the V-COCO and HICO datasets. The experimental
results show that the proposed method has increased the mAP by 7. 7 percentage points on the V-COCO dataset,and the mAP
has increased by 7.43,7.5 and 7. 85 percentage points on the HICO dataset compared to the baseline models.

Keywords Deep learning, Human-Object interaction detection, Fine-grained information, Attention mechanism
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Fig. 1 Instances of human-object interaction with similar
appearance features
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Fig. 2 Human-object interaction detection network based on fine-grained information
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Fig.4 Structure of decoder
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Table 2 Quantitative experiments based on VCOCO dataset

Model Backbone mAP 1./ %
InteractNet 10 ResNet-50-FPN 40.0
ICANLY) ResNet-50 45.3
TINES] ResNet-50 47.8
HGNNL ResNet-50 50. 9
PMFNet!4) ResNet-50-FPN 52.0
RPNNC2L ResNet-50-FPN 47.5
PFNet-22] ResNet-50 52.8
MLCNet!13] ResNet-50-FPN 55. 2
QPICL19] ResNet-50 58.8
ViPOLL24] ResNet-50 57.4
FGAHOI2%] ResNet-50 59.0
HOI-Trans-18! ResNet-50 52.9
FGDHOI(Ours) ResNet-50 60. 6
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Table 3 Qualitative experiments based on HICO dataset
%)
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Architecture Method Backbone
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AS-Netl22] ResNet-50 28. 87 24.25 30. 25
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Based FGAHOIL25] ResNet-50 29. 94 22.24 32.24
EolDl26] ResNet-50 28.91 26. 66 29.27
HOI-Transl18] ResNet-50 23.46 16.91 25.41
FGDHOI(Ours) ResNet-50 30. 89 24.41 33.26
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Fig.5 Visualization of the experimental results
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