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Abstract

Recent advances in large language mod-
els (LLMs) have unlocked remarkable long-
context capabilities, enabling breakthroughs
across diverse NLP tasks. However, despite ar-
chitectural progress, the key-value (KV) cache
remains a critical memory bottleneck during
inference. Prior work has explored cache opti-
mization via eviction strategies, yet most rely
on heuristic or single-axis importance metrics,
neglecting the nuanced and dynamic interplay
between layers and attention heads. In this
paper, we propose SCORE (Similarity-aware
Contextual Overlap-Redundancy Eviction), a
novel framework that introduces a distance-
based multi-level similarity metric to quantify
and eliminate structural redundancy within the
KV cache. By dynamically reallocating cache
budgets across layers and heads and employ-
ing a redundancy-aware greedy token selec-
tion mechanism, SCORE preserves semantic
diversity while minimizing memory overhead.
Extensive experiments on long-context bench-
marks such as LongBench and NeedleBench
show that SCORE retains 96.2% of full KV
cache performance on Llama-3-8B averaged
over LongBench using only 1.5% of the full
cache, consistently outperforming state-of-the-
art baselines under strict memory constraints.
These results underscore the value of fine-
grained, context-aware cache management for
scalable and efficient long-context inference in
LLMs.

1 Introduction

Large language models (LLMs) have shown ex-
ceptional long-context understanding, achieving
state-of-the-art performance across a wide range
of natural language processing (NLP) tasks, in-
cluding multi-turn dialogue, document summariza-
tion, and information retrieval (Zhao et al., 2023).
Recent models, such as GPT-4 (Achiam et al.,
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2023), Claude 3.5 (Anthropic, 2024), LLaMA
3.1 (Grattafiori et al., 2024), and Mistral (Jiang
et al., 2023), demonstrate significantly improved
long-context capabilities, with some supporting up
to one million tokens (Anthropic, 2024), enabling
the stable processing of substantially extended in-
put sequences. Moreover, recent advances have fur-
ther accelerated efforts to deploy LLMs in resource-
constrained environments, including on-device set-
tings (Kwon et al., 2023; Xu et al., 2024; Li et al.,
2024b). However, the key-value (KV) cache re-
mains a major memory bottleneck for long-context
processing, significantly limiting efficiency.

Accordingly, recent research has focused on op-
timizing the KV cache without altering model ar-
chitecture (Dao, 2023; Acharya et al., 2024). A
key direction is the eviction of low-importance
KV pairs to reduce memory usage (Ge et al.,
2023; Zhang et al., 2023; Xiao et al., 2023),
typically guided by attention scores or heuristic
rules. However, as shown in (Dong et al., 2021;
Zhang et al., 2022), the contribution of layers and
attention heads to text generation is highly un-
even and context-dependent. Efficient cache uti-
lization thus requires fine-grained, dynamic strate-
gies that account for this variability. To address
such non-uniformity, prior work has explored both
layer-level and head-level budgeting. For exam-
ple, PyramidKV (Cai et al., 2024) allocates cache
budgets based on information density across lay-
ers, whereas Cake (Qin et al., 2025) employs a
cascading mechanism to adjust budgets during
prefill, as illustrated in Figure 1(a). More fine-
grained methods like SnapKV (Li et al., 2024c)
and HeadKV (Fu et al., 2024) estimate head-level
importance and reallocate budgets accordingly, as
shown in Figure 1(b). However, these methods rely
primarily on simple statistics—such as entropy or
variance—without leveraging richer signals (L1).
Moreover, they fail to jointly capture redundancy
across layer–head interactions, which further limits
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Figure 1: KV cache eviction strategies: (a) Layer-wise
allocation assigns distinct budgets across layers; (b)
Head-wise allocation enables finer-grained control; (c)
SCORE combines both to reduce redundancy and opti-
mize cache usage.

their effectiveness (L2). In addition, their simplis-
tic budget allocation often leads to limited token
diversity, resulting in poor coverage and making it
difficult to capture the overall context (L3).

To mitigate these limitations, we introduce
Similarity-aware Contextual Overlap-Redundancy
Eviction (SCORE), a cache management frame-
work that quantifies representational redundancy
across layers and heads using a distance-based
multi-level similarity metric, as illustrated in Fig-
ure 1(c). SCORE reduces functionally redundant
cache entries while preserving contextual diver-
sity through dynamic budget reallocation and se-
lective cache retention. This design captures rep-
resentational divergence and contextual progres-
sion more effectively than prior heuristics-based
methods, enhancing redundancy-aware information
preservation. Experiments show that SCORE main-
tains 96.2% of full-cache accuracy on Llama-3-8B
averaged over LongBench at a cache budget of 128
(1.5% of the full cache), consistently outperform-
ing prior eviction-based methods on long-context
benchmarks.

The main contributions of SCORE are as fol-
lows: (i) SCORE introduces distance-based metrics
to explicitly model relational redundancy across
layers and heads in the KV cache (for L1). (ii)
Redundancy-aware multi-level metric. To cap-
ture hierarchical information flow and representa-
tional diversity, we introduce multi-level similarity
metrics that quantify redundancy across layers and
heads in the KV cache (for L2). (iii) Hierarchical
budget allocation. The proposed SCORE frame-
work dynamically reallocates cache budgets across
layers and heads based on redundancy scores, prior-
itizing informative and non-redundant tokens under
constrained memory. (iv) Greedy token selection.
Our redundancy-aware, greedy token selection al-

gorithm maximizes information diversity in the
cache by accounting for similarity (for L3).

2 Backgrounds

2.1 Inference Operations with KV Cache
Inference in transformer-based LLMs typically con-
sists of two stages: a prefill stage that encodes the
input sequence, and a decode stage that sequen-
tially generates output tokens.
Prefill stage: Given an input prompt tensor X ∈
RS×D, where S and D denote the sequence length
and the hidden dimension, respectively, the key and
value representations are computed as follows:

Q = XWQ, K = XWK , V = XWV , (1)

where WQ,WK ,WV ∈ RD×D are the learnable
projection matrices that map the input sequence to
query, key, and value representations, respectively.
The resulting KV tensors are then stored in the KV
cache, where they are reused during the subsequent
decode stage to avoid redundant computation.
Decode stage: During decoding, for each newly
generated token xi ∈ R1×D at time step i, the cor-
responding key and value are computed, while pre-
vious information is retrieved from the KV cache.
The new key and value are then appended to the
existing cache along the sequence dimension via
concatenation, as follows:

K ← K ∪ xiWK , V ← V ∪ xiWV . (2)

Then, the current query qi = xiWQ computes at-
tention weights via a scaled dot-product with the
full K, and aggregates V accordingly to produce
the output xi,out as follows:

xi,out = Softmax
(qiK⊤
√
D

)
V. (3)

As decoding progresses, the size of the KV cache
increases linearly (e.g., 62.5GB in Llama3-8B-
Instruct (Shi et al., 2024)), which becomes a major
bottleneck in terms of memory usage and latency.
Efficient cache compression and management are
therefore essential for long-context processing.

2.2 KV Cache Eviction
H2O (Zhang et al., 2023) improves efficiency by
focusing on important tokens (heavy hitters), while
ROCO (Ren and Zhu, 2024) and Scissorhands (Liu
et al., 2023) similarly retain key tokens based on
attention scores. StreamingLLM (Xiao et al., 2023)
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Figure 2: An overview of SCORE. The model computes redundancy scores across layers and heads, which guide a
dynamic budget allocation strategy and inform redundancy-aware token selection to achieve diverse representation.
For each layer: left shows temporal redundancy with the previous layer; right shows intra-layer head similarity.

and LM-Infinite (Han et al., 2023) prioritize nearby
tokens relevant to generation, but uniform eviction
often leads to information loss. To address this, dy-
namic budget allocation methods have emerged.
PyramidKV (Cai et al., 2024) employs a pyramidal
attention pattern, allocating more cache to lower
layers while summarizing higher-layer information.
CAKE (Qin et al., 2025) analyzes attention disper-
sion and temporal shifts to reassign cache budgets
in a cascading manner. However, both rely solely
on layer-level budgeting. To enable finer granular-
ity, SnapKV (Li et al., 2024c) clusters attention
distributions at the head level, and HeadKV (Fu
et al., 2024) introduces an allocation scheme based
on retrieval and reasoning contributions to mini-
mize post-eviction degradation. While these meth-
ods achieve budgeting at either the layer or head
level (L2), they fail to jointly consider both dimen-
sions and rely heavily on attention scores (L1),
which limits their ability to capture cross-head re-
dundancy. Moreover, even with well-determined
budgets, token-level diversity is overlooked (L3),
leading to overlapping selections and limited cov-
erage. To overcome these limitations, we propose
SCORE, a unified framework that models relational
redundancy via distance-based similarity and in-
tegrates it into both budget allocation and token
eviction.

3 Proposed Method

3.1 Overall Architecture of SCORE

As illustrated in Figure 2, SCORE is a redundancy-
aware KV cache management framework. It con-
sists of three core components: a multi-level re-
dundancy scoring module (Section 3.2) that quanti-

fies representational redundancy across layers and
heads; a dynamic budget allocation strategy (Sec-
tion 3.3) that selectively retains KV entries based
on their relative importance; and a selection mech-
anism (Section 3.4) that prioritizes diverse and in-
formative tokens for cache retention. Algorithm 1
in Appendix F summarizes the end-to-end pipeline
of SCORE.

3.2 Multi-Level Redundancy Scoring
According to prior studies (Michel et al., 2019;
Dalvi et al., 2020), many layers and attention heads
in transformer models often learn functionally sim-
ilar representations, leading to structural redun-
dancy. To quantitatively assess such redundancy
and diversity, we propose multi-level evaluation
metrics based on inter-head similarity and mitigate
L1, L2. Specifically, we sample k token positions
from each head and compute the average pairwise
distance of their attention scores. Given a cosine
distance function δ(·, ·) that measures the dissimi-
larity between two attention score vectors, the pair-
wise distance between head i and j is defined as:

D(i,j) =
1

k2

k−1∑

s=0

k−1∑

t=0

δ(a
(s)
i , a

(t)
j ), (4)

where a
(s)
i ∈ Rn denotes the attention score vec-

tor of head i at the s-th sampled token for indices
i, j ∈ {0, 1, . . . , (L ·H − 1)}. Figure 3(a) visual-
izes the distance matrix D across all attention heads
and layers. The matrix shows that redundancy is
not uniformly distributed but is often concentrated
in specific layers or heads, motivating the multi-
level analysis metrics introduced below. All met-
rics derived from D are directionally consistent:
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Figure 3: Head-wise cosine distance matrices. From left to right: (a) the full distance matrix across all heads and
layers; (b)–(d) three examples of 3×3 layer-wise distance matrices, each showing different levels of intra-layer
redundancy and inter-layer diversity; (e) an illustrative example highlighting head-level redundancy. Brighter colors
indicate higher similarity.

lower values denote higher redundancy, whereas
higher values reflect greater diversity, novelty, or
uniqueness across heads.
Intra-layer Diversity. To analyze the extent of di-
verse representations within each layer, we define
the intra-layer diversity (ID) of layer l as the aver-
age distance across its attention heads, computed
by evaluating a distance measure D over all pairs
of heads (h, h′) within the same layer:

IDl =
1

H2

H−1∑

h,h′=0

DlH+h, lH+h′ . (5)

Here, lower IDl indicates higher redundancy due
to increased similarity across heads, whereas higher
IDl suggests greater functional diversity.
Inter-layer Novelty. To quantify the degree of
novel information introduced relative to the pre-
ceding layer, we introduce the inter-layer novelty
(IN ) metric. It captures shifts across depth by com-
paring the distance of adjacent layers against an
accumulated baseline. For layer l, IN l is defined
as:

IN l =
|µl − El−1|

µl + ϵ
, (6)

where µl denotes the average distance between
layer l and its previous layer, computed using the
inter-layer distance matrix D. For the first layer,
we set IN 0 = ID0. The accumulated baseline
El−1 tracks the distance trend across depth and is
updated using a running mean:

El =
l

l + 1
El−1 +

1

l + 1
µl. (7)

Higher IN l indicates that layer l produces more
novel and distinctive outputs compared to the ac-
cumulated patterns of preceding layers. Figure 2
(specifically, inside the box corresponding 3.2) il-
lustrates this by comparing the left temporal matri-

ces across layers, where notable increases in devi-
ation reveal points of significant representational
change. Figures 3(b)-(d) present varied examples
with different levels of redundancy and temporal
variation, clarifying the hierarchical structure and
functional differentiation.
Head Uniqueness. Beyond analyzing diversity at
the layer level, we introduce the head uniqueness
(HU ) metric to quantitatively assess the uniqueness
of individual attention heads. This metric quantifies
how distinct a head’s attention pattern is compared
to others in the same and preceding layers. An
illustrative example is shown in Figure 3(e). For
head h at layer l,HU l,h is defined as follows:

HU l,h =
1

2H

1∑

i=0

H−1∑

h′=0

DlH+h, (l−i)H+h′ . (8)

Here, lowerHU l,h indicates that the head is more
redundant with its neighboring heads, whereas
higherHU l,h indicates that the head is more distin-
guishable and likely to fulfill a unique functional
role. The metric complements layer-level averages
by enabling fine-grained evaluation of diversity and
redundancy at the head level.

3.3 Hierarchical Budget Allocation
Layer budget allocation. We build on the cascad-
ing strategy from (Qin et al., 2025) and introduce
adaptive budget reallocation driven by the diversity
and novelty of hierarchical representations. At each
stage, only interactions between active layers and
their immediate predecessors are considered. Ac-
cordingly, the pairwise distance matrix D is com-
puted only between adjacent layers. Cache budgets
are dynamically assigned based on a layer priority
score Nl, which integrates intra-layer diversity and
inter-layer novelty as follows:

Nl = IDλ1
l · IN λ2

l . (9)
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where λ1 and λ2 are weighting factors that control
the relative importance of intra-layer diversity and
inter-layer novelty. The total cache budget Btotal is
then allocated proportionally to the layer priority
scores:

B
(m)
l =

Nl∑L−1
k=0 Nk

·Btotal, B
(m)
l < B

(m−1)
l ,

(10)
At cascading stage m, the cache budget for layer l is
assigned in proportion to its priority score, enabling
adaptive allocation based on importance.
Head budget allocation. As shown in Figure 2,
cache budgets are first allocated at the layer level
and then further distributed across heads. To ac-
count for variations in importance and uniqueness
across heads, we propose a fine-grained head-wise
allocation strategy. We adopt a lightweight impor-
tance estimation based on the accumulated atten-
tion score matrix Al ∈ RH×S . Specifically, for
each head h, we quantify its contribution using the
attention allocation magnitude:

Ml,h =
S∑

s=1

Al[h, s]. (11)

This quantity reflects how strongly each head partic-
ipates in the attention distribution at layer l. To in-
corporate both the attention-based importance and
distance-based uniqueness of each head, we com-
bine Ml,h with the head uniqueness score HU l,h

when deriving the head-wise budget:

Bl,h = Bl ·
HU l,h ·Ml,h∑H−1

h′=0(HUl,h′ ·Ml,h′)
. (12)

This strategy refines layer-level cache allocation by
jointly considering head-wise importance and re-
dundancy, effectively addressing L2 and preserving
distinctive information. It serves as a key mecha-
nism for improving eviction performance in LLMs.

3.4 Greedy Token Selection
The multi-level budget allocation strategy improves
cache efficiency by assessing redundancy and con-
tribution at both the layer and head levels. However,
even with fine-grained allocation, redundant heads
often select overlapping tokens. As illustrated by
the gray tokens attended by multiple heads in the
‘Top-K select’ example of Figure 2, different heads
frequently focus on the same token positions, re-
sulting in redundant cache usage.

To mitigate head-level concentration, we intro-
duce a redundancy-aware soft selection mechanism
based on per-(head, token) dependency rather than
aggregate attention. We define the dependency of
head h on token s as the share of its attention rela-
tive to all heads in the layer:

Ul,h,s =
Al[h, s]∑H−1

h′=0Al[h′, s] + ϵ
, (13)

where Ul,h,s → 1 indicates that the token is es-
sential to head h, while Ul,h,s → 1/H indicates
uniform attention across heads. We then apply a
single multiplicative penalty that jointly considers
two redundancy signals:

Ãl[h, s] = Al[h, s] · exp−(1−Ul,h,s)(1−HU l,h) .
(14)

The product (1 − Ul,h,s)(1 −HU l,h) implements
a redundancy-aware multiplicative penalty, whose
strength increases when the head depends less on
the token and is more redundant within the layer.
The penalty is attenuated when either condition is
weak, thereby protecting tokens strongly preferred
by individual heads. This generalizes the single-
head argmax exemption used in prior heuristics
to every head that strongly depends on a token,
while preserving layer-level head differentiation
through HU l,h. It promotes complementary evi-
dence across heads, effectively addressing the L3
issue with minimal modification to existing token
selection pipelines.

4 Experiments and Analysis

4.1 Experimental Setup
Models & Tasks. We evaluate representative open-
source LLMs with context lengths from 4K to
128K tokens, including multi-head attention mod-
els (Llama2-7B & 13B (Touvron et al., 2023))
and grouped-query attention models (Llama3-8B-
Instruct & Llama3-70B (Grattafiori et al., 2024),
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023), and
Qwen2.5-7B-Instruct (Yang et al., 2024)). Perfor-
mance under compressed KV cache is measured
on LongBench (Bai et al., 2023) & LongBench
V2 (Bai et al., 2024) and InfiniteBench (Zhang
et al., 2024), with NeedleBench (Li et al., 2024a)
and Reasoning-in-a-Haystack (Kuratov et al., 2024)
for fine-grained retrieval and long-range reasoning.
We further evaluate Qwen2.5-7B-Instruct-1M to
validate SCORE in longer-context settings.
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Figure 4: Mean performance across 16 LongBench datasets for varying KV cache sizes. The dashed line indicates
the full cache performance.
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Full KV 25.56 39.43 45.23 45.37 35.65 21.63 28.63 23.35 26.81 74.00 90.48 42.52 4.80 69.25 56.97 52.42 42.63
StreamingLLM 20.58 28.66 25.17 37.45 18.72 18.87 19.01 20.17 18.81 62.00 88.57 38.96 3.51 68.00 55.42 50.86 35.91
H2O 21.90 30.11 26.55 38.95 20.01 20.29 20.37 21.58 20.18 63.50 89.96 40.39 4.40 69.25 56.83 52.30 37.29
HeadKV 22.47 30.13 40.38 44.90 31.06 21.10 20.70 22.31 21.91 71.00 90.82 39.62 4.35 69.50 57.65 52.65 40.03
SnapKV 22.17 28.96 36.29 42.10 29.25 19.78 20.11 22.56 21.46 66.00 89.72 38.89 4.50 69.00 57.24 52.97 38.81
PyramidKV 22.10 26.94 36.86 40.38 29.42 16.34 20.34 22.70 21.99 67.00 89.35 39.77 4.50 69.00 56.55 51.67 38.43
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StreamingLLM 22.83 25.80 41.54 39.11 23.73 15.44 18.04 16.34 15.86 45.55 83.82 37.55 3.00 75.00 43.54 40.46 34.23
H2O 23.29 27.23 42.08 40.68 24.86 16.48 18.75 17.65 17.07 56.50 85.03 38.88 4.50 80.00 44.53 42.44 36.25
HeadKV 26.04 30.25 47.93 43.17 32.13 22.63 20.73 18.24 18.79 65.50 85.29 40.69 5.00 76.50 44.93 44.95 38.92
SnapKV 25.72 28.56 46.34 43.52 29.10 20.86 19.51 18.09 18.49 64.50 84.81 40.20 5.50 78.50 43.99 43.68 38.21
PyramidKV 25.50 27.47 46.23 44.02 30.05 21.10 20.08 18.15 18.10 63.50 85.02 40.37 4.50 78.50 43.52 40.73 37.93
CAKE 26.17 27.26 43.73 41.30 25.89 17.30 20.22 18.01 17.65 57.50 85.53 39.11 5.00 82.00 45.89 43.39 37.25
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Full KV 28.96 43.63 50.84 54.50 47.06 30.71 32.23 21.42 22.25 72.00 89.31 45.84 4.03 98.42 60.54 66.68 48.03
StreamingLLM 20.98 32.71 42.34 50.21 39.17 23.86 27.99 17.33 15.97 68.50 79.07 41.26 1.46 88.67 52.55 52.11 40.89
H2O 21.91 33.95 43.03 51.26 40.01 24.44 29.73 17.74 16.39 69.50 79.79 41.72 1.87 90.22 53.08 52.61 41.70
HeadKV 22.38 34.28 44.45 51.89 40.95 26.60 29.63 18.79 17.97 70.00 81.20 42.41 3.61 97.48 53.21 54.79 43.10
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PyramidKV 22.58 34.94 43.04 51.98 40.96 23.13 29.97 19.56 17.52 71.50 80.49 43.08 3.61 88.13 55.49 54.44 42.53
CAKE 23.64 35.11 44.83 52.33 41.87 27.89 29.15 19.39 18.47 71.00 82.06 43.93 3.54 95.75 54.73 53.16 43.55
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Table 1: Performance comparison over 16 datasets from LongBench. Results are measured with a cache size of 128.
The best score is marked in bold, and the second best is marked with underline.

4.2 Main Results

Evaluation on LongBench. We evaluate SCORE
on LongBench, which includes 16 long-context
tasks spanning diverse capabilities. As shown in
Figure 4, SCORE consistently outperforms prior
eviction methods across KV cache budgets, with
the advantage becoming more pronounced under
tighter budgets (Btotal ≤ 128L). This trend indi-
cates that explicitly exploiting redundancy across
layers and heads becomes increasingly beneficial as
the available cache decreases. At a cache budget of
128, Table 1 further shows that SCORE achieves the
best performance on most tasks across Llama2-7B,
Llama3-8B-Instruct, Mistral-7B-Instruct-v0.3, and
Qwen2.5-7B-Instruct. On LLaMA3-8B-Instruct,
SCORE averages 41.00, outperforming HeadKV
by +0.97 while retaining 96.2% of full-cache per-
formance with only 1.5% of the cache. Similar

gains on Mistral-7B-Instruct-v0.3 and Qwen2.5-
7B-Instruct demonstrate that the improvement is
consistent across different model families. Notably,
the advantage persists across both MHA- and GQA-
based architectures, indicating that the proposed
allocation strategy is not tied to a particular atten-
tion configuration. Consistent gains across cache
budgets further show that SCORE remains effective
across compression levels rather than at a single
operating point. In particular, SCORE shows strong
gains on multi-document QA and synthetic tasks,
where information must be preserved across distant
context positions. Together, the results in Figure 4
and Table 1 show that SCORE provides a favorable
accuracy–memory trade-off, particularly in the low-
cache regime targeted by KV cache compression.
Full results across cache sizes are provided in Ap-
pendix H.
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(a) Llama-3-8B-Instruct (b) Mistral-7B-Instruct-v0.3

Figure 5: NeedleBench test results with 128L. SCORE significantly outperforms all strong baselines on both models.

Method Single-Doc. Multi-Doc. Summ. Few-shot Synthetic Code Avg.

L
la

m
a2

-1
3B

Full KV 27.43 28.27 24.09 62.76 8.50 52.33 33.90
HeadKV 17.17 26.57 21.07 64.52 8.91 41.21 29.91
SnapKV 16.10 27.16 20.44 63.38 9.88 39.54 29.42
PyramidKV 17.06 27.05 20.53 63.43 9.88 40.39 29.72
CAKE 16.97 26.91 21.00 64.95 9.63 39.39 29.81
SCORE(ours) 18.86 27.98 22.24 66.48 10.05 44.89 31.75

L
la

m
a3

-7
0B

Full KV 41.33 47.94 24.68 72.42 37.52 74.40 49.72
HeadKV 37.88 46.75 18.49 70.26 37.18 68.46 46.50
SnapKV 36.15 46.68 18.45 69.60 36.96 68.23 46.01
PyramidKV 36.90 46.89 19.28 69.87 36.36 68.66 46.33
CAKE 38.05 46.79 18.94 70.73 37.14 68.78 46.74
SCORE(ours) 39.55 47.01 19.93 71.63 37.25 68.62 47.33

Table 2: Scalability analysis on LongBench (cache size
128). The best score is marked in bold, and the second
best is marked with underline.

NeedleBench Results. To assess the retrieval capa-
bility of SCORE, we evaluate on NeedleBench us-
ing LLaMA-3-8B-Instruct and Mistral-7B-Instruct-
v0.3, with maximum context lengths of 8K and
32K tokens, respectively (Figure 5). At a cache
size of 128, SCORE demonstrates strong retrieval
fidelity with minimal degradation as context length
increases. Notably, on Mistral-7B-Instruct-v0.3,
SCORE achieves an accuracy of 96.7, outperform-
ing HeadKV (95.5) by +1.2 points, while con-
sistently matching or exceeding existing meth-
ods on Llama3-8B-Instruct. SCORE maintains ro-
bust retrieval under severe cache compression with
only negligible degradation compared to FullKV,
demonstrating an effective balance between mem-
ory efficiency and long-context performance.

Scalability to larger models. We further evaluate
the scalability of SCORE on larger models, includ-
ing Llama2-13B and Llama3-70B, under the same
cache budget. As shown in Table 2, SCORE con-
sistently achieves the best average performance on
both models, improving over the strongest com-
pressed baseline by +1.84 on Llama2-13B and
+0.59 on Llama3-70B. Notably, SCORE maintains
consistent gains across task groups, indicating that
its benefits are not confined to a specific capability
or benchmark subset. These results suggest that
the layer–head diversity signals used by SCORE
remain reliable across larger model scales.

Method Easy Hard Short Medium Long Avg.
Full KV 31.25 25.08 34.44 24.19 22.22 27.44

Llama3-8B-Instruct, Cache size=128
PyramidKV 29.81 22.45 31.97 22.48 19.45 25.23
CAKE 29.27 21.13 32.98 21.22 20.18 24.96
HeadKV 29.53 22.74 32.25 22.97 20.10 25.52
SCORE 29.99 23.22 32.87 23.75 20.35 26.04

Llama3-8B-Instruct, Cache size=1024
PyramidKV 30.21 23.13 32.75 23.45 21.22 26.15
CAKE 29.50 21.31 33.25 22.61 21.06 25.55
HeadKV 30.22 23.97 33.24 23.23 20.14 26.16
SCORE 30.30 24.15 33.91 24.20 21.45 26.80

Table 3: Performance comparison on Llama3-8B-
Instruct over LongBench V2. Results are measured with
128 and 1024 cache sizes

Evaluation on LongBench V2. We further evalu-
ate SCORE on LongBench V2 (Bai et al., 2024),
a more challenging benchmark covering realistic
ultra-long-context tasks. Table 3 reports the results
on LLaMA3-8B-Instruct. Across both cache sizes
(128 and 1024), SCORE consistently outperforms
competitive baselines, showing that the method
provides benefits regardless of memory budget.
In the extreme compression setting with cache
size 128, where most baselines struggle, SCORE
achieves an average score of 26.04, surpassing
HeadKV and CAKE by +0.52 and +1.08, respec-
tively. The gains persist across difficulty levels and
input lengths, with particularly clear advantages in
the Hard and Medium scenarios where long-range
reasoning is crucial. Notably, the improvement re-
mains consistent when the cache budget increases
from 128 to 1024, indicating that SCORE is not lim-
ited to extreme compression settings. Its advantage
on longer inputs further suggests that redundancy-
aware allocation remains effective as contextual de-
pendencies become longer and more complex. This
consistent behavior across cache budgets and diffi-
culty levels further demonstrates the robustness of
SCORE under diverse long-context evaluation set-
tings. These results highlight that SCORE preserves
critical information across different compression
regimes and long-context conditions, supporting its
effectiveness for practical long-context inference.
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(a) Prefill stage latency breakdown. (b) TTFT and decoding latency.

Figure 6: Latency analysis of SCORE. (a) Prefill stage latency breakdown on Mistral-7B and LLaMA2-7B across
sequence lengths. (b) TTFT and decoding latency on Mistral-7B-Instruct-v0.3.

Alloc. Metric Greedy Single-Doc. Multi-Doc. Summ. Few-shot Avg.
ID IN
× × × 29.12 28.12 19.03 64.00 35.1
✓ × × 30.23 29.15 19.78 65.00 36.0
× ✓ × 29.94 29.44 20.08 64.75 36.1
✓ ✓ × 31.84 30.27 21.02 66.05 37.3
✓ ✓ ✓ 32.93 33.80 22.38 67.85 39.2

Table 4: Component-wise ablation results on Long-
Bench (Llama3-8B-Instruct, cache 128). Average per-
formance over the four shown categories.

4.3 Efficiency Analysis

Computational Overhead Analysis. To assess the
practical efficiency of SCORE, we analyze its ad-
ditional operations during inference: (i) distance
matrix computation, (ii) penalty reweighting, and
(iii) running-mean updates. Figure 6a shows the
normalized latency breakdown on Mistral-7B and
LLaMA2-7B. The distance matrix—the dominant
overhead—accounts for a diminishing fraction of
inference latency as sequence length increases:
from 2.15% at 4K to 0.36% at 32K on Mistral-
7B, and from 2.45% at 0.5K to 0.45% at 4K on
LLaMA2-7B. Since attention and FFN scale super-
linearly, this overhead becomes marginal at long
contexts. Overall, SCORE adds less than 1% la-
tency where KV cache compression matters most,
achieving a favorable accuracy-efficiency trade-off.

Evaluation on TTFT and Decoding Latency. We
evaluate the practicality of SCORE in terms of time
to first token (TTFT) and decoding latency. As
shown in Figure 6b, SCORE achieves comparable
latency to existing approaches across input lengths
despite estimating redundancy across layers and
heads. Rather than computing full pairwise dis-
tances, SCORE evaluates similarity only between
adjacent layers using a controlled number of sam-
pled vectors, substantially reducing computation.
These results show that SCORE maintains compa-
rable responsiveness while using a more expressive
redundancy-aware scoring mechanism across lay-
ers and heads.

Method Single-Doc. Multi-Doc. Summ. Few-shot Synthetic Code

Full 33.01 33.65 22.39 66.92 38.50 55.17
Random 32.23 33.25 22.17 66.50 36.00 55.06
Top-k 31.10 29.11 20.74 65.20 36.50 53.39
Middle (K = 200) 32.93 33.80 22.38 67.85 37.25 55.28
Middle (K = 400) 32.91 33.84 22.21 67.51 38.00 55.11

Table 5: Ablation on sample selection strategies and
sample size K for redundancy estimation on LongBench
(Llama3-8B, cache size 128). Reported values are aver-
age scores per task category.

4.4 Ablation Study
Component-wise contribution. Table 4 presents
a cumulative ablation of SCORE on Llama3-
8B/LongBench with a cache size of 128. Since
the proposed multi-level redundancy metrics (ID
and IN ) drive hierarchical allocation, we evalu-
ate metric-based allocation as a single component.
Starting from uniform allocation with Top-k se-
lection (35.1), hierarchical allocation improves the
score to 37.3, yielding a +2.2 gain. Adding greedy
token selection further increases the score to 39.2,
providing an additional +1.9 gain and showing
that diversity-aware selection mitigates head-level
concentration. These results show that both metric-
driven allocation and redundancy-aware selection
are essential under strict cache budgets.
Sampling strategy & size. We analyze two design
choices in redundancy estimation—which tokens
to sample and how many—in Table 5 (Llama3-
8B/LongBench, cache 128). Among Full, Random,
Top-k, and Middle (ours), Middle closely matches
Full while clearly outperforming Top-k and Ran-
dom; Top-k underperforms because high-attention
tokens are concentrated and fail to capture broader
representational structure. Increasing K from 200
to 400 yields only marginal gains, so we adopt
K = 200 as the default, keeping overhead negli-
gible while matching larger sizes. This result indi-
cates that middle-position sampling captures the re-
dundancy structure without exhaustive attention ob-
servations, balancing estimation quality and over-
head.
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Method Single-Doc. Multi-Doc. Summ. Few-shot Synthetic Code Avg.

FullKV 42.58 47.30 26.95 68.29 53.25 42.10 46.63
CAKE 35.18 44.19 18.77 56.63 53.25 36.34 40.22
HeadKV 35.84 42.17 19.58 65.06 51.80 36.41 41.52

SCORE 37.28 44.27 20.47 64.54 49.75 35.44 41.88
w/oHU (Alloc.) 37.24 43.24 20.24 62.89 49.00 36.00 41.30
w/oHU (Reweight.) 36.77 42.72 20.77 62.85 50.25 35.22 41.27
w/oHU (Both) 36.92 42.25 20.45 62.08 50.75 35.23 41.07
w/o Eq. (14) 36.21 43.52 19.74 64.91 51.00 36.05 41.70

Table 6: LongBench results and HU ablation on
Qwen2.5-7B-Instruct-1M at cache budget 128. Abla-
tion results are averaged over all 16 tasks.

Long-context evaluation and head uniqueness.
We further evaluate SCORE on Qwen2.5-7B-
Instruct-1M over all 16 LongBench tasks at a cache
size of 128, with input lengths up to 31.5K tokens.
This setting examines whether redundancy signals
estimated from fixed samples remain effective as
context length increases. As shown in Table 6,
SCORE achieves the highest average among com-
pression methods (41.88), outperforming HeadKV
(41.52) and CAKE (40.22), demonstrating its ef-
fectiveness on substantially longer contexts. We
further isolate head uniqueness (HU), used in
both head-budget allocation (Eq. (12)) and token
reweighting (Eq. (14)). RemovingHU entirely re-
duces the average from 41.88 to 41.07 (−0.81),
while removing it only from allocation or reweight-
ing results in drops of 0.58 and 0.61 points, respec-
tively. The consistent degradation confirms that
HU contributes to both hierarchical budget alloca-
tion and redundancy-aware token selection.
Consensus-token preservation. Reducing cross-
head overlap may inadvertently suppress tokens
that are repeatedly selected because they are gen-
uinely important. We therefore examine sink and
consensus tokens using labels derived from full-
cache attention, independently of the eviction meth-
ods. Consensus tokens represent positions selected
by more heads than expected by chance, while sink
tokens capture attention-mass outliers. As shown
in Table 7, SCORE preserves 100% of sink tokens
and achieves the highest consensus-token reten-
tion (8.4%), while substantially reducing pairwise
Jaccard overlap to 0.175 and increasing unique-
token coverage to 0.438. Disabling the penalty in
Eq. (14) increases overlap to 0.337 and reduces
unique coverage to 0.191, while consensus reten-
tion also drops to 6.3%. These results indicate that
the penalty primarily suppresses redundant cross-
head selections rather than important shared tokens,
improving contextual coverage without sacrific-
ing critical consensus information across attention
heads.

Method Consensus ↑ Sink ↑ Jaccard ↓ Unique ↑ Avg. ↑
HeadKV 6.4% 99.6% 0.317 0.204 41.52
CAKE 5.2% 98.3% 0.499 0.303 40.22
SCORE 8.4% 100.0% 0.175 0.438 41.88
SCORE w/o Eq. (14) 6.3% 100.0% 0.337 0.191 41.70

Table 7: Consensus-token preservation and cross-head
overlap at cache budget 128. Retention and overlap are
measured on Llama-3-8B; LongBench averages are mea-
sured on Qwen2.5-7B-Instruct-1M.

Model KL (Low / Rand. / High) Spearman Norm-matched

Llama-3-8B-Instruct 3.4 / 12.8 / 24.8 0.646 0.589
Mistral-7B-Instruct-v0.3 2.6 / 7.7 / 14.0 0.581 0.558
Qwen2.5-7B-Instruct 13.2 / 20.2 / 32.5 0.474 0.437
Qwen2.5-7B-Instruct-1M 12.4 / 18.0 / 30.8 0.505 0.458

Table 8: Head-swap validation using KL divergence and
rank correlation across four models.

Functional validation of redundancy. To exam-
ine whether attention-distance reflects functional
redundancy, we perform a head-swap intervention
that replaces one head’s output with that of an-
other head, using 30 stratified head pairs per layer.
As shown in Table 8, output KL consistently in-
creases from low-distance to random and high-
distance pairs across all four models, with strat-
ified Spearman correlations of 0.474–0.646. This
monotonic trend indicates that heads identified as
similar by our attention-distance metric are also
more safely substitutable at the model output. The
correlations remain high after matching readout
magnitudes, indicating that the relationship is not
merely a magnitude artifact. These results support
attention-distance as an effective and lightweight
proxy for functional substitutability.

5 Conclusion

In this paper, we propose SCORE, a cache man-
agement framework that addresses structural re-
dundancy in long-context processing. SCORE em-
ploys distance-based, multi-level similarity metrics
to quantify redundancy across layers and attention
heads, enabling hierarchical budget reallocation
and redundancy-aware token selection. It explic-
itly models relational redundancy across layers and
heads for cache budgeting. The additional anal-
yses further validate that its redundancy signals
capture functional substitutability while preserving
important consensus information across heads. Ex-
tensive experiments on long-context benchmarks
demonstrate that SCORE consistently outperforms
existing methods under tight cache constraints, par-
ticularly on complex reasoning and retrieval tasks.
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Limitations

Despite its effectiveness in managing multi-level
redundancy in the KV cache, SCORE has several
limitations. (1) It requires sampling representations
from each attention head and computing pairwise
distances, introducing additional prefill-time com-
putation compared with simple statistical metrics
(e.g., variance or entropy). Although our cascading
design and bounded sampling keep this overhead
small in our evaluations, further optimization may
be required for broader serving configurations. (2)
SCORE relies on a fixed cosine-distance metric.
While our head-swap analysis validates its corre-
lation with functional substitutability across mul-
tiple models, a fixed metric may not capture all
task- or context-dependent redundancy patterns.
Task-aware or learned similarity measures remain
an interesting direction. (3) This work focuses
on inference-time cache management; extending
SCORE to training scenarios such as fine-tuning
or continual learning remains an open direction for
future research. (4) SCORE focuses on eviction-
based KV cache compression and does not jointly
optimize orthogonal compression dimensions such
as KV cache quantization or low-rank approxima-
tion. Since quantization changes numerical pre-
cision and low-rank methods modify representa-
tion rank, these techniques are complementary to
SCORE’s redundancy-aware allocation and token
selection. Combining SCORE with such methods
could further improve the memory–accuracy trade-
off, which we leave for future work.
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A Detailed Experimental Setup

Baseline Models. We evaluate SCORE on represen-
tative open-source LLMs spanning a wide range of
context lengths (from 4K to 128K tokens) and atten-
tion architectures. To verify generalization across
both Multi-Head Attention (MHA) and Grouped-
Query Attention (GQA), we include: (i) Llama2-
7B (Touvron et al., 2023) and Llama2-13B (Tou-
vron et al., 2023) as MHA models; and (ii) Llama3-
8B-Instruct (Grattafiori et al., 2024), Llama3-
70B-Instruct (Grattafiori et al., 2024), Mistral-7B-
Instruct-v0.3 (Jiang et al., 2023), and Qwen2.5-7B-
Instruct (Yang et al., 2024) as GQA models. This
selection covers four model families and parame-
ter scales from 7B to 70B, allowing us to assess
SCORE under diverse architectural and capacity
regimes.
Baselines. We compare SCORE against represen-
tative KV cache compression methods covering
both layer-level and head-level allocation strategies:
StreamingLLM (Xiao et al., 2023), H2O (Zhang
et al., 2023), SnapKV (Li et al., 2024c), Pyra-
midKV (Cai et al., 2024), HeadKV (Fu et al., 2024),
and CAKE (Qin et al., 2025). We additionally re-
port Full KV (no compression) as an upper-bound
reference. To ensure a fair comparison, all baselines
adopt the same dynamic reallocation scheme dur-
ing prefilling, which adjusts cache usage to retain
informative tokens under constrained budgets.
Tasks and Benchmarks. We evaluate model per-
formance under compressed KV cache settings us-
ing five complementary long-context benchmarks:

• LongBench (Bai et al., 2023): A multi-
task benchmark covering 16 datasets across
six categories—single-document QA, multi-
document QA, summarization, few-shot learn-
ing, synthetic tasks, and code completion.

• LongBench V2 (Bai et al., 2024): An ex-
tended version designed to overcome limita-
tions of prior datasets by incorporating more
realistic and challenging scenarios across
varying difficulty levels (Easy/Hard) and con-
text lengths (Short/Medium/Long).

• NeedleBench (Li et al., 2024a): A retrieval-
focused benchmark that evaluates fine-grained
information retrieval under varying context
lengths and depths.

• Reasoning-in-a-Haystack (Kuratov et al.,
2024): A reasoning-focused benchmark de-

signed to measure long-range multi-step rea-
soning ability.

• InfiniteBench (Zhang et al., 2024): An
ultra-long-context benchmark with an aver-
age sequence length of 145K tokens (max
214K), spanning five domains—Retrieval,
Code, Math, Novels, and Dialogue—designed
to stress-test long-context understanding and
reasoning beyond 100K tokens.

Together, these benchmarks span the major di-
mensions of long-context evaluation, including re-
trieval, reasoning, summarization, and in-context
learning.
Cache Budget Settings. We evaluate all methods
across a wide range of KV cache budgets, from
severely constrained settings (64L) to near-full-
cache settings (1024L), where L denotes the num-
ber of layers. This range allows us to characterize
the accuracy-efficiency trade-off across different
operational regimes, with particular emphasis on
low-cache scenarios (Btotal ≤ 128L) where the gap
between methods is most pronounced.
Implementation. All experiments were conducted
on a single NVIDIA H100 80GB GPU with FP16
precision. To ensure fair comparison, all methods
were evaluated under identical conditions, includ-
ing the same prompt formatting, decoding strategy
(greedy decoding), and cache capacity. We reuse
the official implementations of baseline methods
whenever available and re-tune their hyperparame-
ters following the protocols described in the origi-
nal papers.

B More Implementation Settings

Details of Hyper-parameters. The algorithm of
SCORE consists of three main stages: multi-level
redundancy estimation, layer-wise budget alloca-
tion and cache management, and salient token se-
lection. In the redundancy estimation stage (Sec-
tion 3.2 Multi-Level Redundancy Scoring), we
sample representations from each attention head
and compute pairwise distances to extract multi-
level redundancy. This process captures similarity
patterns across layers, serving as the basis for quan-
tifying cache necessity. In particular, we compute
the IN between consecutive layers to assess the
novelty of information introduced at each layer.
To stabilize estimation, we update the accumu-
lated baseline using a running mean, as defined in
Eq. (7). In the budget allocation and cache manage-
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Figure 7: Performance comparison on LongBench for
different λ1 and λ2 combinations.

ment stage (Section 3.3 Hierarchical Budget Al-
location), we assign layer-wise KV cache budgets
based on the estimated redundancy and perform
eviction accordingly. We perform a grid search over
λ1, λ2 ∈ [1.0, 2.0] with a 0.2 step size for adaptive
budget scaling, and use the same default setting
across all main experiments. See Figure 7 for per-
formance across different combinations. In the fi-
nal stage (Section 3.4 Greedy Token Selection), no
additional hyperparameter is introduced; token se-
lection is performed using the allocated head-wise
budgets and the penalized attention scores.
Ablation on Sample Size. To keep the computa-
tion cost stable regardless of sequence length, we
fix the number of sampled tokens K when esti-
mating head-wise similarity. Nevertheless, in ex-
tremely long-context scenarios, model performance
could in principle depend on the choice of K. Ta-
ble 9, therefore, presents an ablation on Llama3-
8B-Instruct with LongBench V2 (input sequences
extended up to ∼2M tokens) under a cache size
of 128, comparing SCORE with K = 200 and
K = 400 against baseline methods. The results
show that the performance gap between different
K values remains minimal, confirming that even a
relatively small K is sufficient and that SCORE is
robust to the sampling.

C Reasoning and Redundancy Analysis

Reasoning-in-a-Haystack Results. To further as-
sess the generalizability of SCORE’s long-context
reasoning, we conduct experiments on diverse
benchmarks. Table 10 presents results on the Rea-
soning in a Haystack task under limited cache bud-

Method Easy Hard Short Medium Long Avg.

Full KV 31.25 25.08 34.44 24.19 22.22 27.44

Llama3-8B-Instruct, Cache size=128

CAKE 29.27 21.13 32.98 21.22 20.18 24.96
HeadKV 29.53 22.74 32.25 22.97 20.10 25.52
SCORE (K = 200) 29.99 23.22 32.87 23.75 20.35 26.04
SCORE (K = 400) 29.85 23.40 32.71 23.80 20.61 26.07

Table 9: Ablation study on Llama3-8B-Instruct with
LongBench V2. We analyze the effect of different sam-
ple sizes (K = 200 and K = 400) for our method
(SCORE) under cache size 128, compared against
CAKE and HeadKV.

Method 0k 1k 2k 4k 8k 16k 32k Avg.

FullKV 61.30 55.30 53.40 42.10 40.30 34.00 31.80 45.46

SnapKV 55.40 50.20 46.40 37.20 35.00 32.80 29.20 40.89
PyramidKV 57.20 50.80 47.60 36.20 36.20 31.40 28.20 41.09
HeadKV 58.60 53.80 52.20 38.20 37.60 31.80 30.40 43.23
CAKE 58.40 54.00 51.30 38.40 37.20 31.80 30.20 43.04
SCORE 58.40 54.20 51.80 38.30 37.80 32.10 30.60 43.31

Table 10: Reasoning-in-a-Haystack results on Mistral-
7B-Instruct with 128 KV cache. Scores are averaged
over QA1–QA5 tasks at each context length.

gets and varying input lengths. SCORE consistently
outperforms baselines across all lengths, indicat-
ing its ability to preserve precise reasoning. No-
tably, it exhibits stable performance degradation at
longer contexts (16k–32k) and achieves the best av-
erage score, suggesting robust retention of critical
reasoning signals under severe cache constraints.
This demonstrates that SCORE’s cache strategy—
balancing importance and diversity—is effective
for long-range dependency reasoning.

Token-Level Redundancy. Across layers, we ob-
serve that multiple heads frequently select overlap-
ping tokens, even when their budgets differ. This
concentration leads to redundant evidence being re-
peatedly gathered from the same positions, limiting
overall coverage and reducing the ability to capture
diverse contextual cues. As illustrated in Figure 8,
several heads consistently attend to the same high-
saliency tokens and select them, producing nar-
row regions of activation that dominate the token-
selection process. This redundancy becomes more
pronounced under smaller cache budgets, where
heads tend to collapse onto a shared subset of to-
kens rather than distributing attention across com-
plementary parts of the sequence. These patterns
motivate a redundancy-aware selection strategy that
mitigates token-level overlap and promotes com-
plementary evidence across heads.
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Figure 8: Aggregated head-wise token selection fre-
quency across all layers. Evaluated on NarrativeQA
(left) and 2WikiMQA (right).

(a) Layer-level budget

(b) Head-level budget

Figure 9: Redundancy metrics used for budget alloca-
tion. (a) Layer-wise distributions of ID and IN aver-
aged over LongBench. (b) Head-wise redundancy for
the first 12 layers on NarrativeQA and corresponding
budget allocation.

C.1 Justifying Redundancy-aware Modeling

Redundancy-Aware Allocation. SCORE adap-
tively allocates cache budgets across layers and
heads based on quantified redundancy levels. As il-
lustrated in Figure 9, components exhibiting greater
information diversity tend to receive larger cache
budgets, while highly redundant ones are assigned
less. For instance, lower layers tend to exhibit lower
similarity to others, resulting in high IN in Fig-
ure 9(a), and are thus prioritized in layer-level bud-
get assignment, receiving relatively higher budgets
in practice. Figure 9(b) further reveals that certain
heads within these layers carry unique informa-
tion, leading to increased head-level budget allo-
cations. This analysis suggests that SCORE effec-
tively leverages distance-based similarity metrics
to identify structural redundancy and maximize in-
formational diversity under constrained resources.

D Additional Detailed Analysis and
Visualization

D.1 Effect of Distance Metric Choice

Figure 10 visualizes pairwise similarities across all
heads and layers using various distance metrics: Co-
sine similarity (COS), Pearson correlation (COR),
Jensen–Shannon distance (JSD), Bhattacharyya co-
efficient (BCD), and Euclidean distance (ECD).
Bright regions indicate high similarity, with all
metrics revealing consistent alignment across spe-
cific layers and heads. These metrics span a diverse
range of similarity formulations, from distribution-
based measures (JSD, BCD) to correlation- or
geometry-based ones (COR, ECD), providing a
comprehensive comparison. Despite differing sta-
tistical bases, these metrics capture similar redun-
dancy signals, suggesting pronounced structural
redundancy in model representations. This obser-
vation indicates that redundancy is not an artifact
of a particular distance metric, but rather a consis-
tent structural property across attention heads and
layers. Therefore, SCORE can exploit these sta-
ble redundancy patterns for budget allocation and
token selection. We adopt cosine distance as the de-
fault metric due to its strong empirical performance
and computational simplicity.

D.2 Visualization of Distance Matrix

To further analyze the behavior of the cosine dis-
tance metric in our retrieval framework, we vi-
sualize the pairwise distance matrices computed
using cosine similarity across different datasets
in LongBench, as shown in Figure 11. Each ma-
trix represents the inter-token similarity structure
within heads, with darker regions indicating lower
similarity (i.e., higher cosine distance). Across
datasets, we observe consistent patterns of re-
dundancy, where certain groups of heads exhibit
strong mutual similarity. While the specific pat-
terns vary depending on the dataset domain and
structure, the presence of high-similarity clusters
is a common characteristic. These clusters often
correspond to repeated representations. Such re-
dundancy can degrade retrieval efficiency and con-
tent diversity if not properly managed. SCORE
addresses this by leveraging cosine distance not
only to capture salient content but also to suppress
over-represented or semantically repetitive tokens.
This behavior is especially beneficial in budget-
constrained settings, where the selection of maxi-
mally informative yet diverse tokens is critical.
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BCD ECD JSDCOR COS

Figure 10: Head-to-head similarity matrices across various metrics for NarrativeQA. Each value represents the
average distance between 200 sampled attention vectors per head.

Figure 11: Head-wise cosine distance matrices for vari-
ous datasets in LongBench.

D.3 Visualization of Budget Allocation

To better understand how retrieval budgets are dis-
tributed across the model’s architecture, we visu-
alize intra-layer similarity patterns across differ-
ent datasets in LongBench, as shown in Figure 12.
Each heatmap captures pairwise similarity within
heads at each layer, providing insight into redun-
dancy and representational diversity. We observe
a consistent trend across datasets: the lower lay-
ers generally exhibit higher diversity, as indicated
by lower intra-head similarity. These layers tend
to capture localized, fine-grained features, making

Figure 12: Layer-wise distance matrices and head-level
budget allocation across LongBench datasets.

their token representations less redundant. Conse-
quently, they receive a larger share of the retrieval
budget, allowing more tokens to be selected from
them. In contrast, middle layers often show pro-
nounced redundancy, with many heads producing
highly similar token embeddings. The final column
in Figure 12 shows the head-level budget distri-
bution, where heads with high distinctiveness are
allocated more budget. This fine-grained alloca-
tion ensures that informative and non-redundant
heads are prioritized, aligning with the principles
in Section 3.3 Hierarchical Budget Allocation.
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Despite variations in domain and task, several
datasets exhibit notably similar similarity profiles
across layers and heads, suggesting that token rep-
resentation patterns are influenced not only by data
but also by the model’s inherent architecture. This
structural consistency points to a promising direc-
tion for developing more generalized, architecture-
aware retrieval strategies. Importantly, such consis-
tency does not imply identical redundancy distribu-
tions across all settings, but rather indicates stable
relative trends that can be reliably exploited for
budget allocation. By grounding retrieval decisions
in these structural patterns, the proposed approach
avoids reliance on dataset-specific heuristics and
remains applicable across diverse evaluation sce-
narios. This observation further supports the use
of redundancy-aware, hierarchical allocation as a
principled design choice.

E Effect of the distance metric

We study how the choice of distance metric for
constructing the pairwise distance matrix affects
LongBench performance under a fixed cache bud-
get (128) on Qwen2.5-7B-Instruct. We compare
JSD, ECD, COR, BCD, and COS. As shown in
Table 11, COS distance yields the strongest overall
performance among the tested metrics, consistently
preserving accuracy across diverse LongBench cat-
egories. In particular, COS achieves the best scores
on Single-Doc. QA, Multi-Doc. QA, Few-shot, and
Synthetic tasks, while remaining competitive on
Summarization and Code. This suggests that cosine
distance provides a stable similarity signal for iden-
tifying redundant heads and tokens across hetero-
geneous task types. Figure 13 presents a distance
metric ablation across different cache budgets. On
both Llama3-8B-Instruct and Mistral-7B-Instruct-
v0.3, COS distance consistently achieves the best
average scores and shows the smallest performance
degradation under tight cache budgets. Given its
robustness, we adopt COS distance as the default
distance metric and use it in all experiments.

F SCORE Algorithm Overview

Algorithm 1 summarizes the end-to-end pipeline of
SCORE, which corresponds to the overall frame-
work described in Sections 3.1–3.4 of the main
paper. Under a total KV cache budget Btotal, the
algorithm implements multi-level redundancy scor-
ing, hierarchical budget allocation, and redundancy-
aware token selection in a unified manner. Specifi-

Figure 13: LongBench performance by cache budget for
each distance matrix.

Table 11: Performance comparison on Qwen2.5-7B-
Instruct over LongBench under various distance metrics.
Results are measured with a cache size of 128.

Method Single-Doc. QA Multi-Doc. QA Summ. Few-shot Synthetic Code

Full KV 41.14 44.09 25.30 69.05 51.23 63.61

Qwen2.5-7B-Instruct, Cache size=128

JSD 32.67 37.26 22.45 65.90 47.14 55.74
ECD 30.92 35.41 22.36 63.18 42.27 39.48
COR 34.10 38.81 23.38 66.00 46.30 48.19
BCD 32.74 37.53 22.71 65.50 45.34 46.22
COS 34.99 40.84 23.00 66.20 51.04 55.43

cally, for each cascading stage m ∈ {0, . . . , L−1},
we update the cascading cache set C(m) and com-
pute a distance matrix S. From this matrix, we
derive the stage-wise intra-layer diversity IDm

and inter-layer novelty INm. By accumulating
these statistics up to stage m, SCORE determines
the layer-wise cache budgets B(m) = {B(m)

l |
l ∈ [0,m]}, reflecting the relative diversity and
novelty of each layer. Next, given the attention
matrix Am ∈ RH×S , we estimate the head-wise
importance Mm,h and the head uniqueness score
HUm,h. These two quantities are used to allocate
the head-wise budgets B(m)

m,h within each layer. Fi-
nally, SCORE performs redundancy-aware token
selection by computing, for each (head, token) pair,
the dependency score Um,h,s that measures how
strongly head h depends on token s relative to all
heads in the layer. Combining Um,h,s with the head
uniqueness scoreHUm,h through a multiplicative
penalty, we form penalized attention scores Ãm

and apply I
(m)
m,h ← TopK(Ãm[h], B

(m)
m,h) for each

head, retaining only the selected K̂
(m)
m,h and V̂

(m)
m,h

in C(m). The final TopK step therefore preserves
high-scoring tokens while reducing redundant se-
lections across heads. Overall, Algorithm 1 opera-
tionalizes the SCORE framework by jointly reallo-
cating cache budgets across layers and heads and
selectively preserving salient yet non-redundant to-
kens, enabling stable and effective KV cache evic-
tion under strict memory budgets.
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Algorithm 1 Multi-level budget allocation

Input: Accumulated attention scores {Am ∈ RH×S}L−1
m=0,

number of layers L, number of heads H , total cache bud-
get Btotal

Output: Retained cache set C = {C(m)}L−1
m=0

// Layer-wise budget allocation with cascading cache up-
dates

1: for stage m = 0 to L− 1 do
2: C(m) ← C(m−1) ∪ {K(m), V (m)}
3: Compute distance matrix S ∈ RH×2H using Eq. (4)
4: Compute IDm and INm from S using Eqs. (5)–(7)
5: Update the running statistics ID(m) and IN (m)

6: Compute layer priority scoresNl using Eq. (9)
7: Allocate layer-wise budgets B(m) = {B(m)

l | l ∈
[0,m]} using Eq. (10)
// Head-wise budget allocation

8: Compute head-wise importance Mm,h from Am using
Eq. (11)

9: Compute head uniquenessHUm,h for all heads using
Eq. (8)

10: Allocate head-wise budgets B
(m)
m,h using Mm,h and

HUm,h as in Eq. (12)
// Redundancy-aware token selection

11: Compute per-(head, token) dependency Um,h,s using
Eq. (13)

12: Compute penalized attention scores Ãm using Eq. (14)

13: for head h = 0 to H − 1 do
14: Im,h ← TopK

(
Ãm[h], B

(m)
m,h

)

15: K̂(m)[h], V̂ (m)[h]← K(m)[Im,h] , V
(m)[Im,h]

16: C(m)[h]← {K̂(m)[h], V̂ (m)[h]}
17: end for
18: end for
19: return C = {C(m)}L−1

m=0

G Experiments on InfiniteBench Dataset

In this section, we evaluate the effectiveness of
the proposed method, SCORE, on InfiniteBench—
a challenging benchmark specifically designed to
assess the long-context processing capabilities of
large language models. A detailed comparison of
results across models and cache budgets is pro-
vided in Tables 12 and 13. Compared to prior
benchmarks such as LongBench, InfiniteBench in-
troduces substantially greater difficulty by incor-
porating ultra-long input sequences, with an av-
erage context length of 145K tokens and a maxi-
mum of up to 214K tokens. The benchmark spans
five diverse domains—Retrieval, Code, Math, Nov-
els, and Dialogue—providing a comprehensive
testbed for evaluating a model’s ability to under-
stand, reason over, and extract salient informa-
tion from extremely long contexts. We conduct
experiments using both Llama3-8B-Instruct and
Mistral-7B-Instruct-v0.3, evaluating performance
across 10 datasets from InfiniteBench under two
KV cache budgets: 128L and 1024L. At a cache

size of 128L, SCORE achieves the highest average
accuracy of 18.00 on Mistral-7B-Instruct-v0.3, out-
performing the previous best-performing method,
CAKE, which attains 17.57—a margin of 0.42.
When the cache size is increased to 1024L, SCORE
further improves to 19.67, again surpassing CAKE
(18.99), with a larger margin of 0.68. These results
demonstrate the effectiveness of SCORE in com-
pressing and retaining salient information within
memory-constrained settings, even under extreme
sequence lengths. Importantly, SCORE maintains
consistent performance improvements across both
low and high cache budgets, underscoring its ro-
bustness and scalability. This highlights SCORE
as a compelling solution for long-context language
modeling, effectively balancing memory efficiency
with task performance across a wide range of do-
mains and input lengths.

H Experiments on LongBench Dataset

We provide a full breakdown of the LongBench
evaluation results for Llama-2-7B, Llama-2-13B,
Llama-3-8B-Instruct, and Mistral-7B-v0.3-Instruct.
The results are presented in ascending order of
cache size: 64L (Table 14), 256L (Table 15), 512L
(Table 16).
Results on Llama3-8B-Instruct. SCORE consis-
tently outperforms prior works across all cache
sizes on the LongBench benchmark. The advantage
is especially prominent in the low-cache regime,
notably at 64L (Table 14), where SCORE demon-
strates a significantly higher score compared to
other methods. A key observation is that existing
works often select redundant key-value pairs under
tight cache budgets, leading to poor coverage and
lower performance. In contrast, SCORE maintains
accuracy even at 64L through diversity-aware selec-
tion, yielding more informative memory allocation.
Results on Mistral-7B-Instruct-v0.3. Similar to
the observations with Llama3-8B-Instruct, our
method (SCORE) shows strong and stable per-
formance across cache sizes when evaluated on
Mistral-7B-Instruct-v0.3. Notably, even under the
extreme low-cache setting of 64L, SCORE pre-
serves 77.1% of its performance relative to the
full-cache setting, demonstrating robustness. Exist-
ing methods often select redundant key-value pairs
under tight budgets, whereas SCORE maintains
competitive accuracy at 64L through complemen-
tary memory allocation.
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Retrieval Code Math Novels Dialogue

Method Ret.PassK
ey

Ret.Number

Code.Debug

Code.Run
Math.Find

En.Sum
En.QA

En.choice
Chn.QA

En.Dia

Llama3-8B
-Instruct

StreamingLLM 4.98 4.46 39.00 0.50 19.64 19.49 0.01 41.06 1.94 0.00
H2O 5.30 5.57 40.19 0.50 20.32 20.01 0.01 41.16 2.21 0.00
HeadKV 6.14 6.14 43.54 1.50 26.51 23.37 0.09 47.43 3.67 0.00
SnapKV 6.34 6.32 43.32 1.50 25.83 23.45 0.10 48.25 3.41 0.00
PyramidKV 6.48 6.21 43.44 1.50 26.24 23.32 0.16 48.03 3.16 0.50
CAKE 6.22 6.51 43.48 1.50 26.74 25.11 0.05 48.16 3.75 0.50
SCORE(ours) 6.63 5.83 43.65 2.00 26.91 23.71 0.03 48.34 3.99 0.50

Mistral-7B
-Instruction-v0.3

StreamingLLM 24.10 5.56 28.17 0.00 21.56 20.03 0.10 40.56 8.01 0.00
H2O 25.02 5.63 29.28 0.25 22.74 20.12 0.10 40.98 7.89 0.00
HeadKV 26.75 6.27 32.74 0.25 27.43 22.74 0.31 49.10 10.32 0.50
SnapKV 25.95 6.95 31.47 0.50 22.57 23.14 0.32 48.76 9.69 0.00
PyramidKV 26.78 6.69 33.25 0.25 23.43 21.92 0.28 49.53 9.01 0.00
CAKE 26.68 6.64 32.49 0.50 28.14 21.45 0.33 49.56 9.93 0.00
SCORE(ours) 26.91 7.03 32.95 0.50 28.64 22.25 0.39 50.14 10.15 1.00

Table 12: Performance comparison over 10 datasets of InfiniteBench on Llama3-8B-Instruct and Mistral-7B-Instruct-
v0.3. Results are measured with 128L cache. The best result is highlighted in bold, the second best in underline.

Retrieval Code Math Novels Dialogue

Method Ret.PassK
ey

Ret.Number

Code.Debug

Code.Run
Math.Find

En.Sum
En.QA

En.choice
Chn.QA

En.Dia

Llama3-8B
-Instruct

StreamingLLM 5.89 5.78 40.78 1.50 25.21 20.79 0.05 41.87 2.78 0.50
H2O 5.48 6.14 42.23 1.00 25.49 21.31 0.05 42.65 3.12 0.50
HeadKV 6.73 6.61 44.53 2.00 26.98 25.10 0.04 49.87 3.77 0.50
SnapKV 6.42 6.58 44.91 2.50 27.13 24.64 0.05 48.42 3.34 0.50
PyramidKV 6.59 6.44 44.87 2.25 27.17 25.00 0.15 49.47 4.10 1.00
CAKE 6.71 6.76 44.79 2.50 27.43 24.28 0.10 50.12 3.68 0.50
SCORE(ours) 6.83 6.81 45.21 3.00 27.45 25.15 0.25 50.71 4.15 1.00

Mistral-7B
-Instruction-v0.3

StreamingLLM 26.00 8.51 30.28 0.50 25.67 21.01 0.05 47.13 8.78 0.00
H2O 26.21 8.98 29.78 0.50 26.97 20.31 0.09 48.78 9.24 0.00
HeadKV 27.00 10.12 35.28 1.00 28.71 21.65 0.45 50.51 10.48 0.00
SnapKV 26.98 9.37 33.25 1.00 30.29 21.68 0.19 49.79 10.59 1.00
PyramidKV 26.45 9.49 34.26 1.00 26.86 22.24 0.33 49.65 10.54 1.00
CAKE 27.02 12.15 36.80 1.00 29.71 22.27 0.33 49.23 10.34 1.00
SCORE(ours) 27.13 12.25 39.15 1.50 30.73 22.73 0.28 50.73 10.68 1.50

Table 13: Performance comparison over 10 datasets of InfiniteBench on Llama3-8B-Instruct and Mistral-7B-Instruct-
v0.3. Results are measured with 1024L cache. The best result is highlighted in bold, the second best in underline.

Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code

Method NtvQA
Qasper

MF-en
HotpotQA

2WikiMQA

Musique
GovReport

QMSum
MultiN

ews

TREC
TriviaQA

SAMSum
PCount

PR-en
Lcc RB-P

Llama2-7B

StreamingLLM 10.70 15.36 27.88 24.20 20.35 5.89 14.85 16.23 18.40 55.00 78.85 34.75 2.50 1.50 50.25 44.65
H2O 11.33 17.26 29.21 24.49 21.46 7.84 16.49 18.00 20.00 62.00 80.30 36.29 5.00 2.50 51.46 46.19
HeadKV 14.41 18.80 27.95 26.94 23.85 7.93 17.84 19.56 20.65 63.00 81.54 37.47 5.50 4.00 53.09 47.89
SnapKV 13.67 18.05 26.80 28.00 21.38 7.49 16.78 19.59 19.85 57.50 81.40 36.98 5.50 3.50 51.60 45.96
PyramidKV 14.75 18.25 28.57 29.27 23.12 7.50 17.42 19.56 19.87 60.00 82.14 36.26 5.50 3.50 52.13 46.23
CAKE 15.49 18.88 31.97 29.33 24.65 9.35 18.62 19.88 22.21 63.00 82.82 38.62 6.00 6.00 54.46 48.53
SCORE(ours) 15.61 18.80 32.15 29.21 23.98 10.14 18.51 20.05 20.67 63.00 83.49 37.49 6.00 5.50 53.88 47.71

Llama2-13B

StreamingLLM 10.45 7.56 21.95 9.03 7.13 1.61 17.45 16.75 17.73 60.00 82.10 37.31 0.50 12.50 32.45 35.89
H2O 11.84 9.31 23.36 9.12 9.00 3.26 18.88 19.39 19.93 59.50 85.94 37.86 1.50 14.72 37.67 36.07
HeadKV 11.99 12.14 23.53 10.65 9.03 3.70 19.28 19.86 19.85 64.00 84.74 38.48 2.50 15.75 35.92 36.22
SnapKV 11.51 10.87 22.92 10.24 8.84 3.20 18.60 19.25 19.19 50.50 86.84 36.28 2.00 16.75 34.97 33.60
PyramidKV 12.55 11.44 24.53 10.84 10.04 4.01 18.92 19.83 20.15 57.00 86.31 38.18 2.00 16.25 37.19 35.49
CAKE 12.69 10.11 22.41 10.21 9.70 2.81 20.03 20.20 21.63 67.50 87.12 39.29 2.00 15.75 42.76 41.25
SCORE(ours) 12.99 12.53 24.34 10.61 9.91 3.70 20.45 20.31 22.21 68.00 87.50 40.15 2.00 16.75 43.31 41.06

Llama3-8B
-Instruct

StreamingLLM 20.26 16.29 30.02 34.81 25.73 13.70 15.26 19.30 12.94 60.50 80.77 30.62 4.63 60.50 48.87 43.84
H2O 20.76 17.78 32.43 38.28 27.08 16.01 17.72 20.61 16.36 61.50 88.26 35.95 4.88 68.00 50.56 48.41
HeadKV 23.67 17.46 32.72 39.81 27.50 17.39 19.14 22.12 20.04 65.00 90.20 37.27 4.77 69.00 54.68 51.52
SnapKV 21.56 17.98 32.35 38.45 26.40 17.01 18.38 21.99 18.86 51.50 89.32 36.11 5.00 69.50 53.13 49.81
PyramidKV 21.76 18.56 33.01 39.45 28.47 17.42 18.58 21.77 18.58 58.50 88.14 37.26 5.00 69.50 52.05 47.27
CAKE 22.06 18.17 32.98 40.53 31.56 17.98 19.94 22.30 21.27 70.50 90.40 38.85 6.00 69.50 54.62 49.75
SCORE(ours) 22.97 18.81 33.34 41.11 31.63 17.94 20.43 22.20 21.61 72.00 91.00 38.81 5.50 70.00 56.13 50.91

Mistral-7B
-Instruction-v0.3

StreamingLLM 19.54 25.07 37.66 40.13 21.43 12.69 17.47 16.93 15.99 51.00 84.00 37.20 4.00 70.00 41.44 39.34
H2O 20.10 25.40 37.92 40.48 21.78 13.00 17.73 17.51 16.37 57.00 84.50 37.62 4.50 75.00 41.83 39.96
HeadKV 23.18 26.31 38.77 40.94 21.20 13.38 18.51 17.68 16.74 62.50 85.00 38.47 4.50 69.50 42.35 41.38
SnapKV 22.21 26.53 37.83 39.96 20.10 13.00 17.20 17.33 16.00 50.00 85.00 36.54 5.00 76.50 41.22 38.60
PyramidKV 21.89 26.53 37.90 40.52 22.17 13.41 17.78 17.69 19.66 54.50 84.00 36.56 5.50 77.50 40.16 37.42
CAKE 23.89 26.89 39.12 42.08 25.26 13.97 19.38 18.03 18.25 64.50 85.00 40.22 5.00 78.00 45.02 42.94
SCORE(ours) 23.87 27.92 38.99 42.15 25.33 13.93 19.22 18.99 18.91 67.00 85.50 40.57 5.00 78.50 45.23 44.15

Table 14: Performance comparison over 16 datasets from LongBench. Results are measured with a cache size of 64.
The best score is marked in bold, and the second best is marked with underline.
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Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code

Method NtvQA
Qasper

MF-en
HotpotQA

2WikiMQA

Musique
GovReport

QMSum
MultiN

ews

TREC
TriviaQA

SAMSum
PCount

PR-en
Lcc RB-P

Llama2-7B

StreamingLLM 15.09 18.87 29.73 29.60 23.70 8.72 18.69 19.32 20.98 62.50 82.69 34.00 3.00 6.00 55.04 48.80
H2O 15.63 19.41 30.27 30.14 24.24 9.26 19.23 19.86 21.52 63.00 83.23 34.54 3.50 6.50 55.58 49.34
HeadKV 15.66 20.29 30.95 30.52 24.50 9.87 19.78 20.33 21.93 64.00 83.19 35.18 5.00 5.50 56.01 50.13
SnapKV 16.10 20.16 30.59 30.44 24.89 9.78 20.15 20.37 21.78 63.50 83.90 34.78 4.50 6.00 56.97 49.98
PyramidKV 16.32 18.99 30.47 30.65 24.53 9.32 18.95 20.07 22.05 63.00 83.80 34.85 5.00 10.00 56.97 49.12
CAKE 15.91 19.69 30.55 30.42 24.52 9.54 19.51 20.14 21.80 63.00 83.51 34.82 4.50 7.00 55.86 49.62
SCORE(ours) 17.23 21.36 35.55 30.73 25.45 9.78 20.55 20.51 23.85 64.00 84.30 35.08 5.00 9.50 57.53 51.52

Llama2-13B

StreamingLLM 12.45 13.66 25.71 11.03 9.27 3.81 20.97 19.47 22.54 68.00 85.42 44.77 4.50 12.00 42.88 41.58
H2O 12.99 14.20 26.25 11.57 9.81 4.35 21.51 20.01 23.08 68.00 85.96 45.31 4.00 14.75 43.42 42.12
HeadKV 13.77 15.17 27.50 11.94 10.48 4.01 21.78 20.54 23.57 69.00 86.83 46.38 5.50 14.25 43.95 42.69
SnapKV 12.56 12.82 26.13 12.49 10.38 4.85 22.61 20.44 23.56 69.00 86.15 45.82 3.05 14.75 44.33 43.36
PyramidKV 13.85 15.82 26.33 11.49 9.76 5.38 21.35 20.24 23.30 69.00 86.09 44.94 5.57 16.75 43.18 41.51
CAKE 13.27 14.48 26.53 11.85 10.09 4.63 21.79 20.29 23.36 68.50 86.24 45.59 4.50 15.25 43.70 42.40
SCORE(ours) 13.79 16.61 28.99 12.75 12.36 4.84 22.41 20.49 24.68 69.00 87.61 47.17 5.50 16.50 44.27 43.39

Llama3-8B
-Instruct

StreamingLLM 22.87 31.41 40.45 43.13 31.64 19.79 20.69 21.66 21.88 70.50 89.70 39.24 4.50 68.48 56.46 52.83
H2O 23.41 31.95 40.99 43.67 32.18 20.33 21.23 22.20 22.42 71.00 90.24 39.78 5.50 69.02 57.00 53.37
HeadKV 24.08 34.01 42.64 44.52 33.54 21.31 21.79 22.33 23.09 72.00 90.57 40.62 5.75 69.50 57.68 55.29
SnapKV 23.39 33.50 40.73 43.80 32.84 20.10 21.69 22.57 22.79 71.50 90.86 39.85 5.51 69.50 58.14 53.82
PyramidKV 23.95 29.53 40.81 43.90 31.37 20.77 21.42 22.89 22.59 71.50 90.48 40.08 5.91 69.25 56.37 52.20
CAKE 23.71 32.25 41.29 43.97 32.48 20.63 21.53 22.50 22.72 71.50 90.54 40.08 5.50 69.32 57.30 53.67
SCORE(ours) 25.11 35.75 42.95 45.67 35.68 21.41 22.85 22.73 24.26 72.50 90.68 41.99 5.79 69.50 57.35 53.81

Mistral-7B
-Instruction-v0.3

StreamingLLM 26.00 30.63 49.01 43.47 31.20 22.43 20.29 18.32 19.01 67.00 84.42 40.70 4.50 79.39 45.22 45.79
H2O 26.54 31.17 49.55 44.01 31.74 22.97 20.83 18.86 19.55 68.00 84.96 41.24 5.00 79.93 45.76 46.33
HeadKV 27.66 32.30 49.98 44.79 32.35 23.32 20.99 20.16 20.03 69.50 85.30 42.35 6.00 79.50 46.96 48.83
SnapKV 26.55 31.24 49.58 43.57 31.80 23.14 21.44 18.93 20.03 68.00 85.01 41.36 5.00 81.00 46.45 46.85
PyramidKV 26.61 31.18 50.28 44.87 32.28 23.65 21.27 18.69 19.80 67.50 85.78 41.22 5.50 80.50 45.07 44.50
CAKE 26.34 31.99 49.39 44.02 31.80 23.28 21.28 18.86 19.90 68.00 85.17 41.54 5.00 80.77 46.21 46.26
SCORE(ours) 27.16 34.76 49.82 44.86 32.57 24.27 22.34 20.15 21.11 70.50 85.93 43.25 5.50 82.00 48.35 48.83

Table 15: Performance comparison over 16 datasets from LongBench. Results are measured with a cache size of
256. The best score is marked in bold, and the second best is marked with underline.

Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code

Method NtvQA
Qasper

MF-en
HotpotQA

2WikiMQA

Musique
GovReport

QMSum
MultiN

ews

TREC
TriviaQA

SAMSum
PCount

PR-en
Lcc RB-P

Llama2-7B

StreamingLLM 15.94 19.52 33.89 30.44 24.12 9.20 20.32 19.56 22.40 63.00 82.56 34.29 4.00 6.00 56.85 50.41
H2O 16.48 20.06 34.43 30.98 24.66 9.74 20.86 20.10 22.94 63.00 83.10 34.83 4.50 6.50 57.39 50.95
HeadKV 17.02 21.38 35.27 31.48 25.08 9.50 21.59 20.76 22.59 64.00 83.02 34.77 6.00 5.50 57.98 51.65
SnapKV 17.02 19.96 34.18 31.37 24.95 10.51 21.74 20.22 23.79 64.00 83.57 35.12 5.00 7.00 58.54 50.98
PyramidKV 16.60 20.03 35.03 31.30 25.16 10.40 20.46 20.52 23.63 64.00 83.90 35.80 5.00 8.00 56.85 51.41
CAKE 16.76 20.34 34.71 31.26 24.94 10.02 21.14 20.38 23.22 63.88 83.38 35.11 4.50 7.05 57.67 51.23
SCORE(ours) 18.31 21.58 35.97 31.00 25.01 10.87 22.13 20.76 24.67 64.00 83.75 35.10 5.00 9.50 58.76 52.21

Llama2-13B

StreamingLLM 12.89 14.57 26.60 10.71 10.68 4.05 22.06 19.62 23.88 68.50 84.81 45.60 3.50 15.75 44.09 43.89
H2O 13.43 15.11 27.14 11.25 11.22 4.59 22.60 20.16 24.42 69.00 85.35 46.14 5.00 16.25 44.63 44.43
HeadKV 14.00 16.05 27.53 11.15 12.32 4.10 22.89 20.52 24.63 69.50 85.36 47.19 5.00 15.75 45.10 44.10
SnapKV 13.53 15.49 26.77 11.74 10.86 5.23 23.58 20.47 25.14 69.50 85.68 46.44 5.00 17.25 45.10 46.04
PyramidKV 13.95 14.99 28.32 12.05 11.69 5.63 22.52 20.68 24.70 69.50 86.21 45.98 5.00 17.75 45.10 44.36
CAKE 13.71 15.39 27.42 11.53 11.50 4.87 22.88 20.44 24.70 69.38 85.63 46.42 5.50 16.80 44.91 44.71
SCORE(ours) 13.65 16.50 28.03 12.51 12.45 4.98 23.95 20.63 25.68 68.50 87.76 47.74 5.00 17.75 45.71 46.99

Llama3-8B
-Instruct

StreamingLLM 24.54 33.31 41.46 43.95 32.30 18.66 22.20 21.90 23.44 71.00 89.60 40.07 5.00 69.25 56.46 53.75
H2O 25.08 33.85 42.00 44.49 32.84 19.20 22.74 22.44 23.98 71.50 90.14 40.61 5.50 69.50 57.00 54.29
HeadKV 25.77 34.67 43.11 45.02 34.04 20.28 22.95 23.02 24.33 73.00 90.56 41.63 6.00 69.50 57.96 55.59
SnapKV 25.61 33.63 43.28 44.78 33.78 20.58 23.07 22.62 24.31 71.50 90.44 40.66 6.00 68.50 57.01 55.30
PyramidKV 25.06 34.44 40.82 44.87 31.91 17.93 23.41 22.89 24.49 72.00 90.61 40.74 6.00 69.50 57.24 53.19
CAKE 25.38 34.15 42.30 44.79 33.14 19.50 23.04 22.74 24.28 72.07 90.44 40.91 5.50 69.50 57.30 54.59
SCORE(ours) 25.71 38.27 44.30 45.82 36.54 21.11 24.54 23.11 25.49 74.00 90.65 41.63 5.00 68.50 57.54 54.12

Mistral-7B
-Instruction-v0.3

StreamingLLM 26.72 33.71 49.98 44.55 31.82 22.40 22.10 19.27 20.75 68.50 84.74 41.75 4.00 80.00 47.47 48.57
H2O 27.26 34.25 50.52 45.09 32.36 22.94 22.64 19.81 21.29 69.00 85.28 42.29 4.60 80.50 48.01 49.11
HeadKV 27.97 35.21 51.28 45.64 32.90 24.37 22.94 20.94 21.65 70.50 85.41 42.80 5.00 82.00 48.97 50.49
SnapKV 28.11 34.54 50.70 45.38 32.92 22.70 23.36 19.89 21.70 70.00 85.50 43.07 5.00 80.50 48.58 49.62
PyramidKV 26.89 34.21 50.78 45.46 32.46 22.96 22.81 19.80 21.73 68.50 86.13 42.20 5.00 81.00 47.67 48.43
CAKE 26.87 35.09 50.21 45.06 32.38 23.09 23.05 19.82 21.56 68.93 85.55 42.39 4.50 81.10 48.06 49.13
SCORE(ours) 27.99 37.72 50.85 45.56 33.02 24.84 24.21 20.99 22.46 69.50 86.25 43.11 5.50 83.50 49.16 50.63

Table 16: Performance comparison over 16 datasets from LongBench. Results are measured with a cache size of
512. The best score is marked in bold, and the second best is marked with underline.
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