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• Implement this method for generation to be able to run downstream task
evaluations

• Implement shifting dictionary of cached queries
• Experiment with picking representative queries for earlier parts of the

context
• Compare against other sparse attention methods
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The KV cache is the primary bottleneck for LLM inference, especially for long context lengths and large batch sizes. To address this, we develop a 
novel method that utilizes the relationship between queries to determine which keys and values to load from the KV cache. This allows us to 

perform sparse attention, reducing the number of memory operations and speeding up LLM inference.
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Figure 1. KV cache memory usage by Llama-2-7B on a single node as context 
length and batch size are scaled logarithmically. [1]
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INTRODUCTION
During LLM inference, generating each new token requires loading and 
storing the entire KV cache to and from GPU memory. The KV cache grows 
linearly with sequence length and batch size. For long context lengths and 
large batch sizes, the KV cache uses more memory than the model weights, 
ultimately dominating latency as it becomes very expensive to load and 
store.

Motivating Question
Can we selectively load only the important keys and values at each 
inference step to reduce the number of memory operations?

IDEA
Can we use the queries to determine which keys and values to load?

RELATED WORKS
• 𝑯𝟐𝑶: Maintains a running sum of attention scores and only loads keys

and values for highest cumulative attention scores [2]
• Loki: Projects queries and keys into a lower-dimensional space using

top-p principal directions via PCA, performs attention in this subspace
to identify top-k important tokens, and then performs full attention only
for those tokens [3]

• SparQ: Identifies the largest elements of each query vector, and only
loads the associated elements from each of the key vectors to compute
attention [4]

METHOD

RESULTS

Evaluated our method using perplexity for different models on WikiText-2 
dataset. The last 128 tokens of pre-fill are computed using this approximate 
method. The cached queries are the 128 queries preceding the last 128 
approximated tokens. The number of top-q chosen queries is 5, and the 
number of top-k chosen keys is 128. The head dimension is 128 for each of 
the models. So 𝑐 = ℎ𝑑 = topk = 128 and 𝑡𝑜𝑝𝑞 = 5.
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Observations
• Queries are low rank (keys are also low rank) [3]
• Queries have very high cosine similarity with each other

Figure 2. (Top) Rank of queries for Llama-2-7B model on different datasets [3]. (Bottom) Pairwise cosine similarities of queries 
for Llama-3.1-8B on a 2K sequence length sample from WikiText2 dataset.
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1) Cache a subset of queries and the indices for their top-k attention scores

2) For each new query, compute the cosine similarity between it and cached queries

3) Pick the top-p queries, then only load the top-k keys and values for those queries

Memory Operations
Vanilla Attention:

2 ⋅ 𝐿 ⋅ ℎ𝑑

Query-to-Query Attention:
𝑐 ⋅ ℎ𝑑 + 𝑐 ⋅ 𝑡𝑜𝑝𝑘 + 2 ⋅ 𝑡𝑜𝑝𝑞 ⋅ 𝑡𝑜𝑝𝑘 ⋅ ℎ𝑑

=  𝑐 ⋅ ℎ𝑑 + 𝑡𝑜𝑝𝑘 + 2 ⋅ 𝑡𝑜𝑝𝑞 ⋅ 𝑡𝑜𝑝𝑘 ⋅ ℎ𝑑

Experiments

NEXT STEPS
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