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• Transformers have become the backbone of modern 
models in vision, language, and beyond. But self-attention 
mechanism  suffers from:
• Quadratic compute and memory complexity
• Poor scalability for on-device or embedded applications

• These limitations hinder deployment in real-time, mobile, 
and resource-constrained environments

• While many efficient alternatives exist, they often 
compromise generality or require redesigning the 
architecture

• We implement QuoKA in the attention module of models with a variety of architectures, compare 
this with competing sparse attention methods and test using several long context benchmarks. **

Attention is Sparse and 
Expensive

Quoka efficiently reduces 
compute and memory 

without losing performance

Contributions

QuoKA: training-free, hardware-friendly sparse attention that reduces prefill 
latency by efficiently identifying high-impact KV subsets.

Implementation

• Query subselection via cosine dissimilarity: Quoka 
identifies representative queries, computing cosine 
similarity between each query and mean query; only 
queries with lowest similarity (i.e., most informative, 
highest diversity) are retained for KV selection.

• Cosine-normalized scoring for stable KV relevance 
estimation: Both queries and keys are L2-normalized, 
enabling efficient computation of bounded query–key 
relevance score using cosine similarity, proving stable 
ranking across layers and heads.

• Introduce QuoKA, a training-free, hardware-agnostic sparse attention method tailored for 
chunked prefill, built entirely on standard linear algebra operations.

• Identify a key empirical insight: queries with low cosine similarity to the mean query 
interact with the most keys, enabling an efficient strategy for query selection.

• Propose a two-stage KV selection strategy—query subselection and cosine-similarity–
based KV scoring—plus group-aware aggregation to maintain compatibility.

• Achieve significant latency improvements, across long-context benchmarks.
• Demonstrates broad generalization and robustness, showing stable performance across 

sparsity levels and diverse LLM families (Llama3, Qwen3, SmolLM, GPT-OSS) and 
architectural variants (RoPE/NoPE, MoE).

• Results include 3× lower TTFT, 5× GPU attention speedup, and up to 7× CPU speedup, 
while using 88% fewer KV pairs and maintaining near-baseline accuracy

Memory and computational complexity 
significantly lower than full attention and 

improves on SoTA sparse methods
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We present QuoKA (Query-oriented KV selection for efficient LLM Prefill), a training-
free generalized method to reduce the computation and memory complexity of 

attention without sacrificing accuracy with the following benefits:

• Latency Experiments: Up to 3× end to end speedup

• Group-aware query aggregation (GQA-compatibility): For architectures with GQA, representative queries regrouped 
and averaged per KV-head group, ensuring key scoring aligns with how queries are shared across heads. 

• Two-stage KV selection pipeline: Stage 1: compute and subselect representative queries; average these among key 
value groups. Stage 2: compute cosine similarity scorings with tokens from Stage 1 and normalized keys; use resulting 
score and topk to subselect highest scoring KV pairs to form reduced KV cache.

• Training-free sparse attention using chunked prefill: QuoKA performs KV selection independently for each prefill 
chunk, relying on standard linear algebra ops and no model modifications, enabling efficient and portable sparsity.

• Unlike learned sparse attention or redesigns, QuoKA seamlessly drops into existing attention modules.

Full Attention Prior Sparse Methods Quoka
Quadratic compute & memory Often training-dependent Subquadratic

Accurate but slow Architecture changes Training-free drop-in

Hardware-unfriendly ops (e.g., softmax) Complex kernels Pure linear algebra

* * All latency numbers include end-to-end prefill and exclude kernel warm-up
      Batch size, sequence length, and sparsity held constant across methods..
  

Key Intuition:  Queries that differ most from the average query capture rare or informative 
token interactions and therefore touch the largest set of relevant keys.

Complexity

• No softmax  / complex kernels
• Pure matmul + norm + reduction / standard linear 

algebra operations
• Hardware agnostic / Training-free drop-in

Conclusion & Next Steps
• QuoKA shows that query-oriented 

KV selection enables efficient, 
training-free sparse attention for 
long-context prefill.

• Achieves large latency reductions 
while preserving accuracy across 
architectures and model families 
(Cosine similarity ensures bounded, 
scale-invariance).

• Results include 3× lower TTFT, 5× 
GPU attention speedup, and up to 
7× CPU speedup, while using 88% 
fewer KV pairs and maintaining 
near-baseline accuracy

• Future work includes adaptive query 
selection, extensions beyond prefill, 
and integration with complementary 
efficiency techniques.


