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Computation Demanding!

Reduce Computation Burden

Contribution
• Introduce non-local attention operation into CNN to 

incorporate both spatial and temporal characteristics for re-ID. 
• Significantly reduce computation costs and achieve satisfactory 

trade-off between performance and computation.
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• Non-local Video Attention Network (NVAN)
• Self-attention on spatial and temporal features.

(R1: 90.0%, mAP: 82.8% on MARS benchmark)
• Computation demanding in non-local layers. ℒ"#"$% = ℒ"'()%*" [3] + ℒ/%$00(1(/$"(#2

• Input Sequence: RRS sampling (N=8) [1]
• Backbone: Non-local neural network [2]
• Output: Feature pooling layer with ℒ"#"$%

(a) Details of Non-local Attention Layer (b) Architecture of our Non-local Video Attention Network (NVAN)

• Spatially and Temporally Efficient NVAN (STE-NVAN)
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1. Temporal Reduction à Hierarchical Structure 2.   Spatial Reduction à Make Stripes of Features

3(567898:8 + 55679:)

3(5678<8 + 5567<)

Complexity:

Performance Comparison Ablation Study
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Codes are available


