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• Background

▪ KV Cache

▪ KV Cache Compression

• Papers

▪ PatternKV: Flattening KV Representation Expands Quantization Headroom [ICML 

2026]

▪ KeyDiff: Key Similarity-Based KV Cache Eviction for Long-Context LLM Inference in 

Resource-Constrained Environments [NeurIPS 2025]
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• KV Cache란?

▪ Autoregressive decoding에서매 step마다과거 token의 Key (K), Value (V)를
재계산하는대신한번계산한 K, V를저장해재사용하는추론최적화기법

−Decoding step당연산량을 O(n)으로줄여추론최적화

−하지만, 메모리비용증가

▪ Prefill vs. Decoding stage

−Prefill: 입력 prompt의 n개토큰의 K, V를한번에계산하여 KV Cache 초기화

−Decode: 매 step 마다 token의 K, V를 cache에 append

҉ Cache가생성길이에선형으로증가

Kwon, Woosuk, et al. "Efficient memory management for large language model serving with PagedAttention." SOSP, 2023.

Background
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• KV Cache란?

▪ KV Cache Compression의필요성

−Cache는 sequence 길이및배치에선형으로증가

҉ KV Cache 크기계산

−Context에따른 KV Cache 크기

҉ 긴 context, reasoning, 영상입력등

Background
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Background

• KV Cache Compression

▪ Quantization

−모델파라미터의표현정밀도를낮추는과정

҉ Floating point (FP) value → INT value

▪ Pruning

−모델파라미터에서필요없는파라미터를덜어내는방법
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PatternKV: Flattening KV Representation Expands Quantization 

Headroom [ICML 2026]
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• Problem statements

▪ KV quantization의정확도는 KV 분포의 flatness에크게의존

−분포가 peaked하고 outlier가존재할수록 quantization range가넓어져오차증가

▪기존연구는 outlier를분리및보호하는데집중

−전체분포를 flatten 하지못하고 low-bit 환경에서성능이취약해지는근본적한계존재

• Key contributions

▪ KV quantization을 variance decomposition 관점으로재해석

−Outlier 보호 → 분포 flattening

▪ KV cache의 pattern을분석하여 pattern 기반 residual quantization인 PatternKV 제안

Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKV1)
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• A Variance Decomposition View

▪ Quantization scaling factor

−분포의 range에비례 → variance를 flatness의 proxy로사용

▪ KV의 variance를줄이기위한방법

−Law of total variance

−Pattern set M을고정하면 inter-pattern 항이소거 → 목표: “Intra-pattern variance로축소”

҉ Pattern set M: 데이터를그룹화

▪실제분포의오차를줄이는것 → Flat한 quantization 대상을만드는 pattern M을선택

Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKV1)

고정시
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• KV Pattern Analysis

▪ K cache

−모델 내부 구조에서 기인하는 stable pattern, context는 rescale

−Context, RoPE에 의해 decoding stage에서 attention head별로 완만하게 변화 

▪ V cache

−토큰 의미와 연관된 latent pattern 존재, 대부분 layer에서 token–cluster 연관성 강함

Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKV1)
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• Method: PatternKV

▪ Pattern Mining

−Prefill : K-means로 pattern vector를 고정하여 intra-pattern variance 최소화

҉ 유사한데이터들을 cluster N (32)

҉ 각 cluster의평균값→ Pattern vectors

−Decoding : Chebyshev center로 pattern 갱신 (128 tokens) → 분포의 점진적 진화 추적

҉ 각 cluster의중간값→ Pattern vectors

Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKV1)
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• Method: PatternKV

▪ Pattern Utilization

−Pattern vector 선택

҉ Min-max distance 

−Residual quantization

҉ 분포 flatten

▪ Only V cache

−Token–cluster 연관성이 낮은 중간 layer

҉ 중간 layer는 semantic 정렬이 약해 pattern 정렬이 오히려 오차를증가

҉ One-sided z-test 기반 adaptive threshold로 선택적 적용 

Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKV1)
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• System Optimization

▪ Prefill stage pattern extraction

−Head마다 별도 pattern set이 필요 → GPU-parallel K-means로 clustering latency 최소화

▪ Decoding stage KV reconstruction

−Decode마다 KV 재구성 overhead가 큼 → 두 개의 custom CUDA kernel로 fusion

҉ Kernel 1: K cache의 pattern index 복원 + dequantization + QKᵀ matmul을 하나로 융합

҉ Kernel 2: Dequantization + pattern index 복원 + V에 대한 attention weight 적용을 

하나로 융합

• 효과

▪ PyTorch 구현 대비 decode latency 대폭 감소

−Peak throughput 약 15%↑, per-sample latency 약 10%↓

▪ Overhead

−Pattern vector 저장은 prefill 0.39%, decode 0.78% 수준으로, 전체 KV 메모리의 극히 일부

Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKV1)
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• Experiments

▪ Quantitative Results

−Benchmarks: LongBench(long-context)

−Models: Llama-3.1-8B/70B, Qwen2.5-7B

−2-bit LongBench: baseline 대비 일관되게 향상

Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKV1)
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• Experiments

▪ Ablation studies

−Components : K/V pattern, new pattern 각각 기여, 특히 V-threshold 제거 시 급락 

−Cluster groups: M이 클수록 단조 향상, M=4로도 이득의 절반 확보

▪ Efficiency & Overhead

−Prefill의 pattern mining이 주 overhead지만 latency +6%에 불과

−FP16 대비 throughput 1.5×, batch 1.25× / KIVI 대비 peak memory +0.42%에 불과

Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKV1)
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KeyDiff: Key Similarity-Based KV Cache Eviction for Long-Context 

LLM Inference in Resource-Constrained Environments 

[NeurIPS 2025]
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• Problem statements

▪ Edge-device 환경에서 제약존재

−Prompt 전체를 한 번에 처리하면 계산 과정에서 메모리 제약

▪기존연구들은 block-wise inference로 우회

−하지만 attention 기반 eviction은 정확도가 하락

• Key contributions

▪ Cosine similarity 분석

−낮은 key일수록 높은 attention score를 받음

▪ Attention score 없이 key 유사도만으로 eviction하는 KeyDiff 제안

▪ Key diversity가 token 중요도의 proxy임을 이론적으로 정당화

Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

KeyDiff1)
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• Block Prompt Processing

▪입력 prompt를 작은 block으로 나누어 순차적으로 처리 (128 words)

−추론 전 과정에서 메모리 제약 준수

▪각 block 처리 후 eviction score로 budget N을 초과하는 KV를 제거

• Attention 기반 eviction의 한계

▪ Block i의 eviction이 이후 block i+1의 cache에 영향

−부분만보고중요도를판단하여 미래에 중요해질 token이 미리 제거

Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

KeyDiff1)
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• Cosine similarity 분석

▪ Insight : Key similarity와 attention score의음의상관관계

−Attention sink 현상

҉ LLM은 Query와무관하게특정 소수 토큰에 높은 attention을 할당

−Hypothesis

҉ 높은 attention score는 QK 조합이 아니라 Key 자체의 고유 특성으로 결정 ?

−Results

҉ Key들과 평균 cosine similarity가 낮은 K가 Q와 무관하게 더 높은 attention score

✓Key diversity가 미래 token 접근 없이도 global token importance의 강한 지표

Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

KeyDiff1)
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• Method : KeyDiff

▪각 key에 대해 다른 key와의 pairwise cosine similarity 합이 큰 Key부터 제거

−유사도가 낮은 N 개만 생존

−Efficient variant : O(n²) → O(n)

҉ Anchor vector μ(K)(전체 Key 평균)와의 유사도만 계산

▪유사도가낮은 token이중요한정보!

Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

KeyDiff1)
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• Why KeyDiff Works : A Theoretical Perspective

▪ Lemma

−Key가 높은 attention score를 받으려면 Query와 높은 cosine similarity 필요

▪ Theorem 

−1. 중요 Key와 Query가정렬되고 2. 평균 Key가 Query와유사도가낮으면

҉ 중요 Key와평균 Key의낮은유사도

▪따라서, 평균 Key와유사도가낮은 Key 가중요

−“Key diversity가 미래 token 접근 없이도 

global token importance의 강한 지표”

Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

KeyDiff1)
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• Experiments

▪ Quantitative Results

−Benchmarks : LongBench (long-context)

−Models : Llama-3.1-8B, Llama-3.2-3B

−6K budget ≤1.5%, 8K budget ≤0.04% 손실 (33%·23% 압축), 대부분 task에서 우수

Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

KeyDiff1)
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• Experiments

▪ Ablation studies

−실험세팅: Average of Full Longbench results for Llama 3.2-3BInstruct 

−Anchor vector

҉ Pairwise, Median은더정확한방식이지만연산복잡도가큼

−Similarity metric

҉ Cosine similarity가모든 budget에서 우위

Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

KeyDiff1)
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• Experiments

▪ Efficiency

−복잡도 O (N+B)로 TOVA와 동일, H2O, SnapKV보다 낮음

−FlashAttention 호환으로 TTFT 최대 30% 감소, block size와 무관한 낮은 latency

−Cache가 커질수록 TOVA, SnapKV 대비 scoring latency 크게 우위

Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

KeyDiff1)
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