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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 Qverlap-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 LI). (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*P_ where S and D denote the sequence length
and the hidden dimension, respectively, the key and
value representations are computed as follows:

Q=XWqo, K=XWgk, V=XWy, (1)

where Wo, Wk, Wy € RP*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 x; € R'*P at time step 4, 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- KUziWg, V<=VUxzWy. (2

Then, the current query ¢; = ;W computes at-
tention weights via a scaled dot-product with the
full K, and aggregates V' accordingly to produce
the output x; oy as follows:

KT

Ziout = Softmax ( /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

H20 (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. StreamingL.LM (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 (Ll1),
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 J(-, -) that measures the dissimi-
larity between two attention score vectors, the pair-
wise distance between head ¢ and j is defined as:
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where az(»s) € R™ denotes the attention score vec-

tor of head ¢ 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:

49022



Intra

(b) Low ID, Low IN

+ * i
i it

(a) Distance Matrix

(c) Low ID, High IN

(d) High ID, High IN

(e) Head Uniqueness

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 3x3 layer-wise distance matrices, each showing different levels of intra-layer
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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 (ZD) of layer [ 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:

H-1
1
ID; = 2 hhz_o Digyn, iH4n- (5

Here, lower ZD; indicates higher redundancy due
to increased similarity across heads, whereas higher
ID,; 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
(ZN) metric. It captures shifts across depth by com-
paring the distance of adjacent layers against an
accumulated baseline. For layer [, ZN\/; is defined
as:

TN, = M’ ©6)

My €

where 1; denotes the average distance between
layer [ and its previous layer, computed using the
inter-layer distance matrix D. For the first layer,
we set ZN g = IDg. The accumulated baseline
FE;_; tracks the distance trend across depth and is
updated using a running mean:

— Bt )
Higher ZN indicates that layer [ 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-

E;

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 [, HU; j, is defined as follows:

1 H-1

1
Hiliw = 5 Z Z Diin, a—iy+r- (8
i=0 h/=0

Here, lower HU, 5, indicates that the head is more
redundant with its neighboring heads, whereas
higher HU, j, 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 A, which integrates intra-layer diversity and
inter-layer novelty as follows:

N; =IDM - IN?=. 9)
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where \; and Ay are weighting factors that control
the relative importance of intra-layer diversity and
inter-layer novelty. The total cache budget By, 1S
then allocated proportionally to the layer priority
scores:

: Btotala Bl(m) < Bl(m_l)a
(10)
At cascading stage m, the cache budget for layer [ 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 4; € RF*S. Specifically, for
each head h, we quantify its contribution using the
attention allocation magnitude:

gm _ N
Y=Y

S
My =Y Ah,s].

s=1

Y

This quantity reflects how strongly each head partic-
ipates in the attention distribution at layer . To in-
corporate both the attention-based importance and
distance-based uniqueness of each head, we com-
bine M; j, with the head uniqueness score HU p,
when deriving the head-wise budget:

HUp - My
g;é(HUz,h/ - M)

By =By - (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:

- Al [h7 S]
SSHEZLAN, 8] + €

Ui h,s ; (13)

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

le [h,s] = Alh, 5] - eXp*(lfUz,h,s)U*HUz,h) )

(14)
The product (1 — Uy, 5)(1 — HU,; ) 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 HiA; 1. 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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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 (Bioran < 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 4-0.97 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 Qwen?2.5-
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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FullKV Average Score: 100.0 SnapKV Average Score: 88

Context Length Context Length

(a) Llama-3-8B-Instruct

Mistral-7B-Instruct-v0.3
FullKV Average Score: 100.0

Context Length

(b) Mistral-7B-Instruct-v0.3

Context Length

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. Method Easy Hard Short Medium Long Avg,
Full KV 27.43 28.27 2409 6276 850 5233 33.90 Full KV 3125 25.08 3444 24.19 2222 27.44
% | Headkv 17.17 26.57 2107 6452 891 4121 2991 Llama3-8B-Instruct. Cache size=128
& | Snapkv 16.10 2716 2044 6338 988 39.54 29.42 amas-ob-Instruct, L-ache size=
£ | PyramidKV 17.06 27.05 20.53 63.43 9.88 4039 29.72 PyramidKV 29.81 2245 3197 22.48 19.45 25.23
= | CAKE 16.97 26.91 2100  64.95 9.63 39.39 29.81 CAKE 29.27 21.13 3298 21.22 20.18 24.96
SCORE(ours) 18.86 27.98 2224 6648 1005 4489 3175 HeadKV 29.53  22.74 32.25 2297  20.10 25.52
SCORE 29.99 2322 32.87 2375 2035 26.04
Full KV 4133 47.94 2468 7242 3752 7440 49.72
§ HeadKV 37.88 46.75 1849 7026 37.18 6846 46.50 Llama3-8B-Instruct, Cache size=1024
g | Snapkv 36.15 d6.68 18456960 3696 6823 4601 PyramidKV 3021 23.13 3275 2345 2122 2615
E | PyramidkV 36.90 46.89 1928 69.87 3636  68.66 46.33 CAKE 2950 21.31 3325 5561 5106 2555
S | CAKE 38.05 46.79 1894 70.73 37.14 6878 46.74 HeadKV 30.22 2397 3324 23.23 20.14 26.16
SCORE(ours)  39.55 47.01 1993 7163 3725 6862 47.33 SCORE 3030 24.15 33.91 2420 2145 26.80

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.

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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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

X X X 29.12 28.12 19.03 64.00 35.1
v x X 30.23 29.15 19.78 65.00 36.0
X v X 29.94 29.44 20.08 64.75 36.1
v v X 31.84 30.27 21.02 66.05 373
v v v 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
LLaMAZ2-7B. 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
LLaMAZ2-7B. 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 3223 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)
Middle (K = 400)

32.93
3291

33.80
33.84

BiE25)
38.00

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 (ZD
and ZN) 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 5325 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 3544 41.88
w/o HU (Alloc.) 37.24 43.24 20.24 62.89 49.00 36.00 41.30
w/o HU (Reweight.) 36.77 42.72 20.77 62.85 50.25 3522 4127
w/o HU (Both) 36.92 4225 20.45 62.08 50.75 3523 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 (HUf), used in
both head-budget allocation (Eq. (12)) and token
reweighting (Eq. (14)). Removing HU/ 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 T Sink 1  Jaccard | Unique T Avg. T

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 Qwen?2.5-7B-Instruct-1M.

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

Llama-3-8B-Instruct 34/12.8/24.38 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:
Streamingl.ILM (Xiao et al., 2023), H20 (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 (Bioa1 < 128 L) 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 ZN 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 A\; and A> 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
A1, A2 € [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 3444 2419 2222 2744
Llama3-8B-Instruct, Cache size=128
CAKE 29.27 21.13 3298 2122 20.18 2496
HeadKV 29.53 2274 3225 2297 20.10 2552
SCORE (K =200) 29.99 2322 32.87 2375 2035 26.04
SCORE (K =400) 29.85 2340 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 ‘ Ok 1k 2k 4k 8k 16k 32k Avg.
FullKV ‘6130 5530 53.40 42.10 4030 34.00 31.80 45.46

SnapKV 5540 5020 4640 3720 3500 32.80 29.20 40.89
PyramidKV | 57.20 50.80 47.60 36.20 36.20 31.40 2820 41.09
HeadKV 58.60 53.80 52.20 3820 37.60 31.80 30.40 43.23
CAKE 5840 54.00 51.30 38.40 37.20 31.80 30.20 43.04
SCORE 5840 5420 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-QAS 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).
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Figure 9: Redundancy metrics used for budget alloca-
tion. (a) Layer-wise distributions of ZD and ZA 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 ZA/ 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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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
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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 By, the
algorithm implements multi-level redundancy scor-
ing, hierarchical budget allocation, and redundancy-
aware token selection in a unified manner. Specifi-
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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 2245 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(™ and com-
pute a distance matrix .S. From this matrix, we
derive the stage-wise intra-layer diversity ZD,,
and inter-layer novelty ZN,,. By accumulating
these statistics up to stage m, SCORE determines
the layer-wise cache budgets B("™) = {Bl(m) |
[ € [0,m]}, reflecting the relative diversity and
novelty of each layer. Next, given the attention
matrix A,, € R7*S we estimate the head-wise
importance M, j, and the head uniqueness score
HU p, 1, These two quantities are used to allocate

the head-wise budgets Bﬁnm}i within each layer. Fi-
nally, SCORE performs redundancy-aware token
selection by computing, for each (head, token) pair,
the dependency score U,, j, s that measures how
strongly head h depends on token s relative to all
heads in the layer. Combining U, ;, s with the head
uniqueness score HU ,, ;, through a multiplicative
penalty, we form penalized attention scores Em

and apply T(nm})L « TopK(Ap[h], B™) for each

m,h

head, retaining only the selected K T(nmfz and VTSLWZ)
in C(™). 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 {A,, € R¥*S}1L—L

number of layers L, number of heads H, total cache bud-
get Btota]
Output: Retained cache set C' = {C™}L—1
// Layer-wise budget allocation with cascading cache up-
dates
1: for stagem =0to L — 1do
2: cm L olm=1) {K(m), V(m)}
3:  Compute distance matrix S € R¥*2# using Eq. (4)
4: Compute ZD,,, and ZN ,, from S using Egs. (5)—(7)
5:  Update the running statistics ZD'"™ and ZN (™)
6 Compute layer priority scores N; using Eq. (9)
7 Allocate layer-wise budgets B(™) = {Bl(m) |l e
[0, m]} using Eq. (10)

// Head-wise budget allocation

8: Compute head-wise importance M, ;, from A, using
Eq. (11)

9: Compute head uniqueness Hi ,,n, for all heads using
Eq. (8)

m)

10:  Allocate head-wise budgets B,(n 5, using M,  and
HU, .1, as in Eq. (12) '
// Redundancy-aware token selection

11:  Compute per-(head, token) dependency Uy, 1, s using
Eq. (13)

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

13: forhead h = 0to H — 1 do

14: Ly n <+ TopK (Am [h], B;r’;’,L/)L)

15: K], VO [h] <= K™ [Ln], VO L )
16: CUMIh] « {K™1n], VO[R]}

17: end for

18: end for

19: return C = {C™}L—L

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.

49036



\ Retrieval Code Math Novels Dialogue

&N & o0 o o 2 .
Method ?@\X’ 2s° ?\e\ﬁ\)‘“ o P o e “\%\\\}?\“ o S e ol o o o ol 6“'0\%
StreamingLLM 4.98 4.46 39.00 0.50 19.64 19.49 0.01 41.06 1.94 0.00
H20 5.30 5.57 40.19 0.50 20.32 20.01 0.01 41.16 221 0.00
Llama3-8B HeadKV 6.14 6.14 43.54 1.50 26.51 23.37 0.09 47.43 3.67 0.00
R SnapKV 6.34 6.32 4332 1.50 2583 2345 010 4825 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 48.16 375 0.50
SCORE(ours) 6.63 5.83 43.65 2.00 26.91 23.71 0.03 48.34 3.99 0.50
StreamingLLM 24.10 5.56 28.17 0.00 21.56 20.03 0.10 40.56 8.01 0.00
H20 25.02 5.63 29.28 0.25 22.74 20.12 0.10 40.98 7.89 0.00
Mistral-7B HeadKV 26.75 6.27 32.74 0.25 2743 22.74 0.31 49.10 10.32 0.50
Intral 7B 3 | SnapKV 25.95 695 3147 050 2257 2314 032 4876 969 000
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.
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StreamingLLM 5.89 5.78 40.78 1.50 25.21 20.79 0.05 41.87 2.78 0.50
H20 5.48 6.14 42.23 1.00 25.49 21.31 0.05 42.65 3.12 0.50
Llama3-8B HeadKV 6.73 6.61 44.53 2.00 26.98 25.10 0.04 49.87 3.77 0.50
_Instruct 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
StreamingLLM 26.00 8.51 30.28 0.50 25.67 21.01 0.05 47.13 8.78 0.00
H20 26.21 8.98 29.78 0.50 26.97 20.31 0.09 48.78 9.24 0.00
Mistral-7B HeadKV 27.00 10.12 35.28 1.00 28.71 21.65 0.45 50.51 10.48 0.00
_Instruction-v0.3 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.
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StreamingLLM  10.70 1536 27.88 2420 2035 5.89 14.85 16.23 18.40 55.00  78.85 34.75 2.50 1.50  50.25 44.65

H20 1133 1726 2921 2449 2146 784 1649 1800 2000 6200 8030 3629 500 250 5146 46.19
HeadKV 1441 1880 2795 2694 2385 793 1784 1956 2065  63.00 8154 3747 550 400 53.09 47.89
Llama2-7B | SnapKV 1367 1805 2680 2800 2138 749 1678 1959 1985  57.50 8140 3698 550 350 51.60 4596
PyramidKV 1475 1825 2857 2927 2312 750 1742 1956 1987 6000 8214 3626 550 350 5213 46.23
CAKE 1549 1888 3197 2933 2465 935 1862 1988 2221  63.00 8282 3862 600 600 5446 48.53
SCORE(ours) 1561 1880 3215 2921 2398 10.14 1851 2005  20.67 63.00 8349 3749 600 550 5388 47.71
StreamingLLM 1045 756 2195 903 7.3 1.61 1745 1675 1773 6000 8210  37.31 050 1250 3245 3589
H20 11.84 931 2336 912 900 326 1888 1939 1993 5950 8594  37.86 150 1472 37.67 36.07
HeadKV 1199 1214 2353 1065 903 370 1928 1986 1985 6400 8474 3848 250 1575 3592 3622
Llama2-13B | SnapKV 1151 1087 2292 1024 884 320 1860 1925 1919 5050 8684 3628 200 1675 3497 33.60
PyramidKV 1255 1144 2453 1084 1004 401 1892 1983 2015 5700 8631 3818 200 1625 37.19 3549
CAKE 12690 1011 2241 1021 970 281 2003 2020 20163 6750 87.12 3929 200 1575 4276 41.25

SCORE(ours) 12.99 12.53 2434 10.61 991 3.70 20.45 20.31 22.21 68.00  87.50 40.15 2.00 16.75 4331 41.06

StreamingLLM 2026 1629 3002 3481 2573 1370 1526 1930 1294 6050 8077 3062 463 6050 48.87 43.84
H20 2076 1778 3243 3828 27.08 1601 1772 2061 1636 6150 8826 3595 4838  68.00 5056 4841

HeadKV 23.67 1746 3272 3981 27.50 1739 1904 2212 2004 6500 9020 3727 477  69.00 5468 51.52

L_lf‘,:'s‘t“fl’;cstB SnapKV 2156 1798 3235 3845 2640 1701 1838 2199 1886 5150 8932  36.11 500 6950 53.13 4981
PyramidKV 2176 1856  33.01 3945 2847 1742 1858 2177 1858 5850 8814 3726 500 69.50 5205 47.27

CAKE 2206 18.17 3298 4053 3156 1798 1994 2230 2127 7050 9040 3885 600 69.50 5462 4975

SCORE(ours) 2297 1881 3334 4111 3163 1704 2043 2220 2161 7200 9100 3881 550 70.00 56.13 50.91

StreamingLLM 1954 2507 37.66 40.13 2143 1269 1747 1693 1599 5100 8400 3720 400 7000 4144 3934

H20 2010 2540 3792 4048 2178 1300 1773 1751 1637 5700 8450  37.62 450 7500 41.83 39.96

) HeadKV 2318 2631 3877 4094 2120 1338 1851  17.68 1674 6250 8500 3847 450  69.50 4235 41.38
Inls\fr';‘c'{,‘ll,zlzm SnapKV 2221 2653 3783 3996 2010 1300 1720 1733 1600 5000 8500 3654 500 7650 4122 38.60
PyramidKV 2189 2653 3790 4052 2217 1341 1778 1769  19.66 5450 8400 3656 550  77.50 40.16 37.42

CAKE 2389 2689 392 4208 2526 1397 1938 1803 1825 6450 8500 4022 500 78.00 45.02 42.94

SCORE(ours) 2387 2792 3899 4215 2533 13.93 19.22 18.99 18.91 67.00 8550 40.57 500 7850 4523 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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StreamingLLM 1509 1887 2973 2060 2370 872 1869 1932 2098 6250 8269 3400 300 600 5504 4880

H20 1563 1941 3027 3014 2424 926 1923 1986 2152 6300 8323 3454 350 650 5558 49.34

HeadKV 1566 2029 3095 3052 2450 987 1978 2033 2193 6400 8319 3518 500 550 5601 5013

Llama2-7B | SnapKV 1610 2016 3059 3044 2489 978 2015 2037 2178 6350 8390 3478 450 600 5697 49.98
PyramidKV 1632 1899 3047 3065 2453 932 1895 2007 2205 6300 8380 3485 500 1000 5697 49.12

CAKE 1591 1969 3055 3042 2452 954 1951 2014 2180 6300 8351 3482 450  7.00 5586 49.62

SCORE(ours) 1723 2136 3555 3073 2545 978 2055 2051 2385 6400 8430 3508 500 950 57.53 5152
SweamingLLM 1245 1366 2571 1103 927 381 2097 1947 2254 6800 8542 4477 450 1200 4288 4158

H20 1299 1420 2625 1157 981 435 2151 2001 2308 6800 8596 4531 400 1475 4342 4212

HeadKV 1377 1517 2250 1194 1048 401 2178 2054 2357  69.00 8683 4638 550 1425 43.95 42.69

Llama2-13B | SnapKV 1256 1282 2613 1249 1038 485 2261 2044 2356  69.00 8615 4582 305 1475 4433 4336
PyamidKV 1385 1582 2633 1149 976 538 2135 2024 2330  69.00 8609 4494 557 1675 4318 4151

CAKE 1327 1448 2653 1185  10.09 463 2179 2029 2336 6850 8624 4559 450 1525 4370 42.40

SCORE(ours) 13.79 16.61 2899 12.75 12.36 4.84 2241 20.49 24.68 69.00  87.61 47.17 5.50 16.50 44.27 4339

StreamingLLM ~ 22.87 31.41 4045  43.13  31.64 19.79 20.69 21.66 21.88 70.50  89.70 39.24 4.50 68.48 5646 52.83

H20 2341 3195 4099 4367 3218 2033 2123 2220 2242 7100 9024 3978 550  69.02 57.00 53.37

HeadKV 2408 3401 4264 4452 3354 2131 2179 2233 2309 7200 9057 4062 575 6950 57.68 55.29

L_'f‘,:‘;:‘f{;f? SnapKV 2339 3350 4073 4380 3284 2010 2169 2257 2279 7150 90.86 3985 551  69.50 58.14 53.82
PyramidKV 2395 2953 4081 4390 3137 2077 2142 22890 2259 7150 9048 4008 591 6925 5637 5220

CAKE 2371 3225 4129 4397 3248 2063 2153 2250 2272 7150 9054 4008 550  69.32 57.30 53.67

SCORE(ours)  25.11 3575 4295 4567 3568 2141 2285 2273 2426 7250 9068 4199 579  69.50 57.35 53.81
StreamingLLM 2600  30.63  49.01 4347 3120 2243 2029 1832 1901 6700 8442 4070 450  79.39 4522 4579

H20 2654 3117 4955 4401 3174 2297 2083 1886 1955 6800 8496 4124 500 7993 4576 46.33

) HeadKV 27.66 3230 4998 4479 3235 2332 2099  20.16 2003  69.50 8530 4235  6.00 79.50 4696 48.83
Inls\fr"s,‘c':,‘ll,zlzos SnapKV 2655 3124 4958 4357 3180 2314 2144 1893 2003 6800 8501 4136 500 8100 4645 46585
PyramidKV 2661 3118 5028 44.87 3228 2365 2127 1869 1980  67.50 8578 4122 550  80.50 45.07 44.50

CAKE 2634 3199 4939 4402 3180 2328 2128 1886 1990 6800 8517 4154 500 8077 4621 46.26

SCORE(ours) 27.16 3476 4982 4486 3257 2427 2234 20.15 21.11 70.50  85.93 43.25 550  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.
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StreamingLLM 1594 19.52 33.89 3044 2412 9.20 20.32 19.56 22.40 63.00  82.56 34.29 4.00 6.00 56.85 5041

H20 1648 2006 3443 3098 2466 974 2086  20.10 2294 6300 8310 348 450 650 57.39 5095
HeadKV 1702 2138 3527 3148 2508 950 2159 2076 2259  64.00 8302 3477 600 550 5798 51.65
Llama2-7B | SnapKV 1702 1996 3418 3137 2495 1051 2174 2022 2379 6400 8357 3512 500 700 5854 5098
PyramidKV 1660 2003 3503 3130 2516 1040 2046 2052  23.63 6400 8390 3580 500 800 5685 5141
CAKE 1676 2034 3471 3126 2494 1002 2114 2038 2322 6388 8338 3511 450 705 5767 51.23

SCORE(ours) 18.31  21.58 3597 31.00 25.01 10.87 2213 20.76 24.67 64.00  83.75 35.10 5.00 9.50 5876 52.21

StreamingLLM ~ 12.89 1457 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
H20 13.43 15.11 27.14  11.25 11.22 4.59 22.60 20.16 24.42 69.00 8535 46.14 5.00 1625 44.63 4443
HeadKV 14.00 1605 2753 1115 1232 4.10 22.89 20.52 24.63 69.50 8536 47.19 5.00 1575 45.10 44.10
Llama2-13B SnapKV 13.53 1549 2677 11.74  10.86 523 23.58 20.47 25.14 69.50  85.68 46.44 500 17.25 45.10 46.04
PyramidKV 13.95 1499 2832 1205 11.69 5.63 22.52 20.68 24.70 69.50 8621 45.98 5.00 17.75 45.10 44.36
CAKE 13.71 1539 2742 1153 11.50 4.87 22.88 20.44 24.70 69.38  85.63 46.42 5.50 16.80 4491 44.71
SCORE(ours) 13.65 16.50 28.03 1251 1245 4.98 23.95 20.63 25.68 68.50  87.76 47.74 5.00 17.75 4571 46.99

StreamingLLM ~ 24.54 3331 4146 4395 3230 18.66 2220 21.90 23.44 71.00  89.60 40.07 500 6925 56.46 53.75

H20 2508 3385 4200 4449 3284 1920 2274 2244 2398 7150 9014 4061 550 6950 S57.00 54.29
HeadKV 2577 3467 4311 4502 3404 2028 2295 2302 2433 7300 90.56 4163 600 6950 57.96 55.59

Llama3-88 | g apkv 2561 3363 4328 4478 3378 2058 2307 2262 2431 7150 9044  40.66 600 6850 S57.01 5530
PyramidKV 2506 3444 4082 4487 3191 1793 2341 2289 2449 7200 9061 4074 600 69.50 5724 S53.19

CAKE 2538 3415 4230 4479 3314 1950 2304 2274 2428 7207 9044 4091 550 69.50 S57.30 54.59

SCORE(ours) 2571 3827 4430 4582 3654 2111 2454 2311 2549 7400 9065 4163 500 6850 S7.54 5412

StreamingLLM 2672 3371 4998 4455 31.82 2240 2210 1927 2075 6850 8474 4175 400 8000 4747 4857

H20 2726 3425 5052 4509 3236 2294 2264 1981 2129  69.00 8528 4229 460 80.50 4801 49.11

) HeadKV 2797 3521 5128 4564 3290 2437 2294 2094 2165 7050 8541 4280 500 8200 48.97 5049
istral 78 | SnapKv 811 3454 5070 4538 3292 2270 2336 1989 2170 7000 8550 4307 500 80.50 4858 49.62
PyamidKV 2689 3421 5078 4546 3246 2296 2281 1980 2173 6850 8613 4220 500 8100 47.67 4843

CAKE 2687 3500 5021 4506 3238 2300 2305 1982 2156 6893 8555 4239 450 8110 4806 49.13

SCORE(ours) 27.99 3772 50.85 4556  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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