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➢ Overview of DuSA

2Fig. 1: Overview of DuSA.
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➢ The Dual-Stage Sparse Attention Design
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Fig. 2: In Stage 1, intrablock sparse attention performs token mixing within each diagonal block. In Stage 2, inter-block
sparse attention uses Strategy 1: Diagonal Pattern-Based Block Mixing (𝑨2 = 𝑨′) to mix different diagonal block

information for each token.
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➢ Rolling Indices-Based Attention Scores Fusion for Block Mixing
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Fig. 3: Stage 2 using Strategy 2: Rolling Indices-

Based Attention Scores Fusion for Block Mixing
(𝑨2 = 𝑨′′).
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➢ Accuracy-Efficiency Comparison with SOTA Methods
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Fig. 4: Accuracy-efficiency curves obtained by different attention mechanisms (ELFATT [1], DuSA, FA2 [2], and

VSA [3]) on ImageNet-1K.
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➢ Visual Comparison of Class Activation Map (CAM) Based Attention Results

Fig. 5: Visual comparison of class activation map (CAM) based attention results of different attention mechanisms.

DuSA0/DuSA1/DuSA2 is DuSA (without using Strategies 1 and 2)/(Strategy 1)/(Strategy 2).
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➢ Other Downstream Tasks Comparison

Method APb AP50
b AP75

b APm AP50
m AP75

m FPS 

(imgs/s)

#

Mask R-CNN 3×MS schedule, Backbone: CSWin-T

ELFATT 49.4 70.9 54.4 44.0 68.0 47.5 33 40M

VSA 48.8 70.0 53.5 43.6 67.4 47.1 7/18 (FA2) 40M

DuSA 49.4 70.9 54.4 44.1 67.8 47.6 39 40M

Mask R-CNN 3×MS schedule, Backbone: Swin-T

ELFATT 48.5 70.4 53.4 43.6 67.3 47.3 45 50M

VSA 48.0 70.0 52.7 43.3 67.0 46.8 6/17 (FA2) 48M

DuSA 48.4 70.3 53.0 43.8 67.5 47.5 50 50M

Method mAcc mIoU FPS 

(imgs/s)

#

UperNet 160K, Backbone: CSWin-T

ELFATT 61.2 49.6 32 50M

VSA 61.1 48.8 6/14 (FA2) 50M

DuSA 61.4 49.6 32 50M

UperNet 160K, Backbone: Swin-T

ELFATT 59.3 47.7 38 62M

VSA 59.3 47.8 5/14 (FA2) 60M

DuSA 59.8 48.0 37 62M

Tab. 1: Performance comparison on MS COCO 2017. Tab. 2: Performance comparison on ADE20K.
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➢ Text to Video Generation Using CogVideoX-2B on Open-Sora 2.0 Prompt Sets

Fig. 6: DuSA achieves noninferior video generation quality compared to VSA (FA2) and outperforms SpargeAttn [4].

FA2 (CLIPSIM: 0.1955, CLIP-T: 0.9992, VQA-a: 54.6491, VQA-t: 49.1951, Flow-score: 6.6526)

SpargeAttn (CLIPSIM: 0.2044, CLIP-T: 0.9991, VQA-a: 53.2634, VQA-t: 48.8170, Flow-score: 6.1444)

DuSA (CLIPSIM: 0.2065, CLIP-T: 0.9982, VQA-a: 53.5948, VQA-t: 49.1732, Flow-score: 6.7921)
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➢ The Application of DuSA in Accelerating the Prefilling Stage of LLMs

Fig. 7: Speedup relative to FlashAttention of FlashInfer [5] obtained by different methods across different sequence

lengths using Llama-3.1-8B-Instruct on 1 NVIDIA H20. DuSA (stride=16) achieve an average score of 41.13 which is

closer to the average score of 41.18 of FlashAttention of FlashInfer than the average score of 40.68 of XAttention [6]

on LongBench.



10

➢ Conclusions and References

◆ A novel and effective dual-stage sparse attention mechanism.

◆ A mathematical relationship between DuSA and VSA is given.

◆ DuSA can approximate VSA with a low error.

◆ DuSA surpasses state-of-the-art methods in different tasks with a more significant acceleration effect.
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