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Background and Motivation

• Contextual activation sparsity:

• A small, input-dependent subset of 
neurons/heads are required to produce nearly 
identical outputs to the full dense model for a 
given input context.

• Effective for single-query inference.

• Breakdown under batching:

• As batch size increases, union activation across 
tokens causes the effective sparsity in MLPs to 
collapse, reducing their acceleration benefit.



Polar Sparsity 

• As batch size increases, the decode latency is 
bottlenecked by attention computation. 

• In large-batch inference, the cost of accessing 
model parameters is largely amortized, since the 
entire batch utilizes the same model weights.

• Each batch has a unique KV cache, making 
attention bottlenecked by IO.

𝐾𝑉 𝑚𝑒𝑚𝑜𝑟𝑦
= 𝑏𝑎𝑡𝑐ℎ𝑠𝑖𝑧𝑒 ∗ 2 ∗ 𝑠𝑒𝑞𝑙𝑒𝑛 ∗ 𝑘𝑣ℎ𝑒𝑎𝑑𝑠 ∗ ℎ𝑒𝑎𝑑𝑑𝑖𝑚 ∗ 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
∗ 𝑙𝑎𝑦𝑒𝑟𝑠

Figure 1 (a). As batch size increases, attention layers 

dominate end-to-end latency. OPT 66b model, seq len 1920. 



Polar Sparsity 

• Polar Sparsity Insight:

• As batch size and sequence length increase, the 
dominant source of sparsity shifts from MLP 
layers to Attention layers.

• Two efficiency regimes emerge:

• MLP sparsity → excels at small-batch, low-
latency inference (single-query settings).

• Attention head sparsity → sustains efficiency 
in large-batch, high-throughput decoding.

• Key takeaway:

• Optimizing for attention head sparsity is critical 
for accelerating LLM inference at scale. 

Figure 1 (b). Selective Head Attention only activates the most 

critical heads for each request and accelerates high throughput 

inference.



Selective Head Attention 

• Selective Head Attention:
• Dense QKV, Output projection and Selective 

Attention Head computation.  
• Only the KV cache of the activated heads are 

accessed for computation. 

• Head routing mechanism:
• Lightweight routers predict the top-k attention 

heads with highest output norms for each query.
• Routers are single-layer feed-forward classifiers, 

trained per layer to approximate head importance.

• Per-request adaptivity:
• Head routing is performed independently for each 

input, allowing different batches to activate 
completely distinct head subsets.

Figure 1 (b). Selective Head Attention only activates the most 

critical heads for each request and accelerates high throughput 

inference.



Selective Head Attention Kernel

Figure 11. Selective Head Attention Kernel Performance 

across GPU Families. Details: MHA, 72 heads, Head dim 

128, Batch size 64, Seq len 1920

Selective Head Attention kernel achieves linear speedup with the 

induced head sparsity.



Evaluation 
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Inference Throughput



Inference Throughput



Conclusion

• Scalable Contextual Sparsity:
• Demonstrated that contextual sparsity extends to the large-batch regime, not just single-query inference.

• Polar Sparsity:
• As batch size and context length grow, sparsity importance shifts from MLP neurons to Attention heads.

• MLP sparsity collapses due to union activation.

• Head-level sparsity remains stable and batch-invariant.

• Selective Head Attention (SHA):
• Designed sparsity-aware GPU kernels that compute only for activated heads and neurons, minimizing 

redundant memory I/O.

• Performance Gains:
• Up to 2.2× throughput improvement across different models with <1% accuracy loss.

• Enables efficient, high-throughput, and cost-effective deployment of LLMs on large-scale inference 
systems.
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