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KV Cache: What and Why?

• During generation, attention key and value matrices remain same for the context (input) tokens, 

only query changes. Recomputation of context key-value pair is redundant; might 

unnecessarily increase generation time.

• A KV cache can store the precomputed key-value matrices for the input tokens. 

• Newly generated token key-value pairs can be dynamically added to the cache.



Why Compress KV Cache?

• For long-range generation, storing the entire KV cache for the entire duration of generation can 

lead to heavy GPU memory requirement (~several hundreds of GBs).

• Not all attention tokens are equally important for a generation step.

• Can we dynamically select which key-value pairs to be stored for each attention head?



KV Compression Methods for LLMs

• H2O, LLM Streamline, SnapKV, ChunkKV – several methods for compressing KV cache; 

reduce cache memory to <80GBs even for very long context (~128K) and long generation 

(~32K).

• Majority of these methods use heuristic on attention matrices (𝑄𝐾𝑇) – observed attention score 

for each attention key or expected attention score. 

• Attention sink (first few tokens tend to have very high attention score with all queries) is also an 

effective heuristic to identify which key-value elements can be dropped from each attention 

head.

• Adaptive KV compression methods compress different attention heads from different layers 

with different compression ratios.



Why Value-aware KV Compression is Needed?

• Existing KV compression methods categorically ignore the attention value matrices.

• Due to SoftMax activation (which bounds the Lipschitz constant of the attention operation), 

attention values contain more differential importance on the final attention output.

• Average attention score of keys (a common heuristic used in existing methods) is not a good 

determinant of final attention importance.

No apparent correlation between 

attention score and eviction loss

Eviction loss is calculated as the ԡ𝐴 − ฮመ𝐴 , with 𝐴 

being original attention matrix and መ𝐴 attention matrix 

with evicted key and values



Value-aware KV Compression: CurDKV

• We propose value-aware KV compression method – CurDKV; which utilizes both key and 

value matrices to determine the unimportant indices for eviction/compression.

• CurDKV treats the compression problem as CUR decomposition; where 𝐴 ≈ 𝐶𝑈𝑅, with C 

being a column subset of A, U is a low-rank matrix and R is a row subset of A.

• A popular way to perform CUR decomposition is using leverage score (row-wise L2 norm of 

SVD matrices).

• SVD computation can be computationally expensive; another easier approximated method is 

to calculate row-wise L2 norm of 𝐺𝐴, where G is a low-rank isotropic Gaussian matrix. 

• CurDKV supports Group Query Attention, Flash attention; also supports adaptive budget 

allocation



Value-aware KV Compression: CurDKV



Value-aware KV Compression and Eviction Loss

Above lemma and the 

visualization shows the value-
aware method can achieve lower 

eviction loss



Empirical Evidence

On LongBench tasks CurDKV 

achieves best performance retention 
for Qwen-32B model. Similar results 
observed with Qwen-14B, LLaMA-8B 

and Mistral-7B.

Even for long context (up to 128K) 

needle-in-a-haystack tasks CurDKV 
and Adaptive CurDKV achieves 

competitive performance 



Ablation with CurDKV

Only key matrices to determine KV 

importance leads to suboptimal 
results; particularly at higher 

compression rate

Albeit computationally cheaper, 

random leverage computation can 
lead to suboptimal performance



Computational Benefit of CurDKV

Exact or random CurDKV typically 

requires higher generation time than 
methods like ChunkKV, due to 

computation of leverage scores. 

However, prefilling time remain 

moderately low for CurDKV.

Random CurDKV is faster than exact 

CurDKV during prefilling; not so 
effective during generation

Key takeaways

• Use exact CurDKV for higher 

compression ratio and long generation 

tasks

• Use random CurDKV for lower 

compression ratio/shorter-range 

generation tasks



Next Steps

• Explore learned or hybrid CUR decompositions using neural predictors for leverage scores 

instead of random projections. Get the best out of exact and random CurDKV.

• Extend CurDKV to multimodal and multilingual LLMs to test robustness across modalities 

and languages.

• Formulate scaling laws for KV compression linking leverage-score variance, compression 

ratio, and performance degradation.
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