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At the very Beginning …

Are we able to prefill 512K tokens 
within 15s?

• Common Scenario: 

• Model: Llama-3.1-8B-Instruct, Float16/BFloat16 precision

• GPU: A100/A800

• Task: Context retrieval / Needle-in-a-Haystack Retrieval / Summary

Similar Question from Zhihu: Prefill 1M tokens in 20s 
https://zhuanlan.zhihu.com/p/709928421 (by Hui Qiang)

https://zhuanlan.zhihu.com/p/709928421


Vanilla Prefill
• Long-context prefill is compute-bounded.

• Calculating the total FLOPs (Floating point operations):

• 𝑛: input length, 𝑑: model dimension, 𝐼: FFN dim,	𝐿: num layers

•  8B model (Llama-3.1-8B-Instruct) with 512K input tokens:

• 7.94×𝟏𝟎𝟏𝟔 FLOPs

• A100/A800 can provide	𝟑𝟏𝟐	TFLOPs per second

• Prefilling 512K tokens on single GPU: 𝟐𝟓𝟒. 𝟓𝟏s ≈ 𝟒. 𝟐𝟒	min !

Unbearable!!!🙄



Existing methods: Overall
• Existing methods focus on Reducing Computation or Enhancing Parallelism

• Reducing Computation: Basically Impossible!!!
• Sparsity: 𝟏𝟓𝐬 / 𝟐𝟓𝟒𝐬 = 6%

• LLM = Attention + FFN. Both need 6% sparsity.

• FFN: very hard. DeepseekMoE-16B: activate 8 of 64 experts = 12.5% 
• Attention: also very hard. Deepseek NSA: 8.62% sparsity at 64K input

• Enhancing Parallelism: Very Expensive!!!
• We need 𝟐𝟓𝟒𝐬 / 15𝐬 = 𝟏𝟕 A100/A800 GPUs

• An A100 GPU worth $20,000. That needs 340,000$



Existing methods: Combination
• One natural optimization is to combine both of them. But How? 

• Sequence Parallelism (Enhancing Parallelism)

• Designed for long-context training

• No sparsity at all (Full Attention)

• Sparse/Approximate Attention (Reducing Computation)

• Full sequence information à sparse pattern

• Can’t be satisfied in sequence parallelism

Ulysses (Sequence Parallelism)

H2O (Approximate Attention)

Reducing Computation + Enhancing Parallelism 



SP-Aware Approximate Attention

• Initial attempt: StarAttn (Acharya, 2024) 
• Equally split context to GPUs

• Apply the Anchor Block

• The first context block on GPU0

• Each block only attends to itself and the anchor block

• Total FLOPs: 𝟒. 𝟔𝟑×𝟏𝟎𝟏𝟔 FLOPs

• Execute on 8 GPUs: 𝟒. 𝟔𝟑×𝟏𝟎𝟏𝟕 / 𝟖×𝟑𝟏𝟐𝐓 = 𝟏𝟖. 𝟓𝟖s > 𝟏𝟓s 😢

Reducing Computation + Enhancing Parallelism 



APB Framework: Overall 
• Smaller Anchor Blocks: 1/4 or 1/8 of StarAttn’s à shorter local context length

• Solving long-distance dependencies: Passing Blocks   

• Local KV compression, light communication 
• Provide query information：Embed the query into the head of the anchor block
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APB Framework: Inference

• Context Splitting: 
• Equally Split to each host

• Prepend an anchor block with 

query embedded
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APB Framework: Inference
• Block Compression:

• Train retaining heads to score KV pairs

• Retain important KV pairs to compress

the KV cache

• Communication:
• AllGather and form Passing Blocks 	"!	""	"#
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APB Framework: Inference
• Computation：

• Anchor + Passing + Context Blocks

• using a specific Flash Attn kernel

• special attention mask

• Discard passing blocks after attention

computation
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APB Framework: Inference
• Computation：

• Anchor + Passing + Context Blocks

• using a specific Flash Attn kernel

• special attention mask

• Discard passing blocks after attention

computation
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• Total FLOPs: 𝟏. 𝟖𝟖×𝟏𝟎𝟏𝟔 FLOPs

• Execute on 8 GPUs: 7.53s 😊



How Retaining Heads Work 
• Purpose: 

• Select important KV pairs from each block for compression
• Input:

• Triplet: Q,K,V from the current context block
• Mechanism:

• A lightweight MLP outputs importance scores
• output：

• Top-k KV pairs are selected as compressed cache

Locret: Enhancing Eviction in Long-Context LLM Inference with Trained Retaining Heads on Consumer-Grade Devices



Locret: Retaining Heads + Chunked Prefill
• Key Scenario: Deciding essential KV pairs without full sequence access
• Chunked Prefill + Eviction: Lower GPU memory usage 

Lower GPU memory usage & comparable performance

Locret: Enhancing Eviction in Long-Context LLM Inference with Trained Retaining Heads on Consumer-Grade Devices



Locret: Retaining Heads + Chunked Prefill
• Key Scenario: Deciding essential KV pairs without full sequence access
• Chunked Prefill + Eviction: Lower GPU memory usage 

Running RULER with KV cache eviction!

• Challenging Tasks: RULER

• Needs a small modification

• Putting the query in the front

• Much better than SnapKV

Locret: Enhancing Eviction in Long-Context LLM Inference with Trained Retaining Heads on Consumer-Grade Devices



APB Experiment Setting

Without SP With SP

Full Attention FlashAttn
RingAttn
Ulysses

Approximate 
Attention MInference

StarAttn
APB



Performance

Best Overall Performance on InfiniteBench

FlashAttn: Vanilla;   Ulysses, RingAttn: only SP;   Minference: only sparse;   StarAttn: sparse + SP 



Performance

FlashAttn: Vanilla;   Ulysses, RingAttn: only SP;   Minference: only sparse;   StarAttn: sparse + SP 

Best Overall Performance on RULER



End-to-End Benchmark

APB Achieves best performance-speed balance!

FlashAttn: Vanilla;   Ulysses, RingAttn: only SP;   Minference: only sparse;   StarAttn: sparse + SP 



Various Input Lengths

Best performance Highest Speed Lowest Compute

FlashAttn: Vanilla;   Ulysses, RingAttn: only SP;   Minference: only sparse;   StarAttn: sparse + SP 



Wall-Time Breakdown Analysis

FlashAttn: Vanilla;   Ulysses, RingAttn: only SP;   Minference: only sparse;   StarAttn: sparse + SP 

Both faster Attention & faster FFN!



Ablation Studies

• All components are effective (1, 2, 4, 6)

• Anchor block is critical (6, 7)

• Removing passing block causes 8% 

performance degredation (4, 5)

• A good compressor is essential (2)

• Putting  the  query  in  the  front  is 

important (1, 2, 3) 



Short context & Quantization

Short Context Friendly Quantization Friendly



Takeaways

• Reducing Computation + Enhancing 
Parallelism
•  APB is an attention designed for 

sequence parallelism framework
• APB achieves up to 9.2x, 4.2x, 1.6x 

speedup compared with FlashAttn, 

RingAttn, and StarAttn.

• Are we able to prefill 512K tokens in 15s?
• Yes!

• Theoretically: 7.53s
• Measured result: 13.39s < 15s (Unavoidable costs: synchronization, etc.) 



APB-V: Multimodal, Faster, Stronger

Can we use APB to accelerate multimodal models? 

Can APB be even faster? 

We are working towards it...

• Distribute the computation of the ViT module evenly across all GPUs 

• Load Balancing by ZigZag

• Optimize the pipeline to fully overlap communication and computation

• Will release in early August!



APB-V: Multimodal, Faster, Stronger

• Training Free

• Frame Parallelism

• ZigZag style APB for load balancing

• Fused forward pass of  document 

and query

• Overlapping  communication  and 

computation
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APB-V: Multimodal, Faster, Stronger

Training Free & Better Performance!



APB-V: Multimodal, Faster, Stronger

Faster on all resolutions and length!



Thanks

Q&A


