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Distillation

However, large-scale vision transformers suffer from huge computation
overheads and expensive latency.




Our Approach
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resolution vision transform-
er during evaluation
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Our Approach for standard VIT and Swin Transformer
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Expediting various vision tasks with our approach
m

FLOPs FPS MAP (%) FLOPs FPS mask AP(%)

SwinV2-L + HTC++ 921G 2.3 58.9 921G 2.3 51.2
+ Ours 748G 2.8 57.7 748G 2.8 50.3
COCO Panoptlc Seg. ADE20K Semantic Seg. COCO Instance Seg.
FLOPs PQ(%) FLOPs mloU(%) FLOPs FPS mask AP(%)
Mask2Former 937G 4.3 57.8 937G 4.3 55.8 937 4.3 50.1
+ Ours 663G 5.9 56.8 620G 6.2 55.6 705 54 49.1
KITTI NYUv2

FLOPs FPS RMSE FLOPs FPS RMSE
DPT 810G 11.4 2.57 560G 17.6 0.36
+ Ours 627G 14.8 2.60 404G 24.0 0.36

Our approach saves around 25% of computation cost but keeps 98% of performance.
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