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Limitations of Autoregressive Long Context Generation

Autoregressive diffusion models combine autoregressive modeling with diffusion-based generation for long sequence generation.

Given a sequence of blocks:

𝑥1:𝑁 = 𝑥1, 𝑥2, … , 𝑥𝑁

The generation follows the chain rule:

𝑝 𝑥1:𝑁 =ෑ

𝑖=1

𝑁

𝑝 𝑥𝑖 𝑥<𝑖

Each block distribution is modeled using a diffusion process.
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However, in autoregressive diffusion models, long contexts still require repeated attention over a growing KV 

cache.



Motivation

• Key observation: block-external attention is more stable across diffusion steps

Visualization in block dLLM Visualization in autoregressive video generation



Method

• Split attention into two parts:

• Cache stable 𝐴𝑜𝑢𝑡 in step 𝑠 and reuse in step 𝑠 + 1:
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• Recompute only changing 𝐴𝑖𝑛:

• Combine both parts:

• Reuse-aware distillation:
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Performance on dLLM

• FlashBlock consistently improves decoding throughput while maintaining comparable reasoning and coding performance.

• The acceleration becomes more pronounced under long-context generation.



Experiment on video generation

• Performance on VBench

• Comparison with attention reuse method

• FlashBlock reduces attention latency by up to 1.6× with negligible impact on video quality.

• The method preserves fidelity, controllability, and temporal consistency across VBench metrics.

• Compared with existing attention reuse approaches, FlashBlock achieves a better quality–efficiency trade-off.



Combined with sparse attention method

• FlashBlock is orthogonal to sparse attention and can be seamlessly combined with existing sparsification strategies.

• It recovers part of the discarded attention information and significantly improves accuracy under aggressive sparsity.



Ablation Study

• τ = 2 achieves near-optimal performance with minimal quality degradation.

• The distilled model consistently improves downstream performance across benchmarks.



Visualization



Visualization
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Conclusion

• Flashblock: attention reuse for block diffusion

• Efficient attention acceleration for long contexxt

• Future: system optimization with sparse attention methods

Thanks for listening!

Paper: https://arxiv.org/abs/2602.05305

Project page: https://caesarhhh.github.io/FlashBlock/
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