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Abstract

Large Language Models (LLMs) use KV cache
for efficient auto-regressive generation, but its
linearly growing memory footprint bottlenecks
long-context inference. Existing compression
methods typically merge evicted information
into retained tokens by additively combining
both key and value vectors, despite their dis-
tinct roles in the attention mechanism. How-
ever, this uniform treatment overlooks the dis-
tinct roles of keys and values in attention:
perturbations to keys are amplified through
the Softmax exponential, whereas perturba-
tions to values remain bounded and linear after
Softmax. Based on this observation, we pro-
pose a differentiated strategy that evicts keys
while merging values. Specifically, we for-
mulate value merging as an MSE minimiza-
tion problem and derive Expected Contribu-
tion Matching (ECM), a closed-form scheme
that redistributes evicted values by their his-
torical attention contributions. We further pre-
serve semantic coherence by routing evicted
information to semantically similar retained
tokens via global semantic matching. Ex-
periments on LongBench and LongBenchV?2
demonstrate the effectiveness of our method,
which achieves the highest overall averages
among the evaluated training-free merging-
based and eviction-based approaches under the
same cache budget. Our code is available at
https://github.com/Lpzhan931/ECM.

1 Introduction

Large Language Models (LLMs) are increasingly
deployed in long-context applications where the
KV Cache, which stores historical keys and values
states to avoid redundant computation, becomes
a critical memory bottleneck in batched and high-
throughput inference (Kwon et al., 2023; Gao et al.,
2025). Compressing the KV Cache without de-
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Figure 1: Illustration of different KV cache compression
strategies. Top: Typical Evict and Merge methods.
Bottom: Evicting keys while merging values (ECM).

grading model output is thus a pressing research
challenge.

KV Cache compression methods broadly fall
into two categories: quantization and sparsity (Gao
et al., 2025). Early sparsity work adopted selective
eviction, retaining critical tokens such as sink to-
kens, recent windows (Streamingl.LLM; (Xiao et al.,
2024)), and Heavy Hitters (H20; (Zhang et al.,
2023)). Their shared weakness is irreversibility:
discarded tokens may carry information that can-
not be recovered. A later line of work shifted to
merging: information from evicted tokens is re-
distributed into retained KV pairs to reduce out-
put perturbation. CaM (Zhang et al., 2024) uni-
formly distributes each evicted value across a local
window. D20 (Wan et al., 2025) and AsymKV
(Cui and Xu, 2025) merge both keys and values.
KeepKV (Tian et al., 2026) introduces logarithmic
correction aimed at achieving lossless merging.

Notably, most of these methods apply additive
merging operation to both keys and values. We ar-
gue this overlooks a fundamental difference: keys
and values play entirely different computational
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roles in attention. Keys participates in dot prod-
ucts with the Query (QKT) inside the Softmax
exponent, so any additive perturbation is exponen-
tially transformed into a multiplicative perturba-
tion on attention scores. Values participates in the
post-Softmax weighted summation (O = ) a;V}),
a linear operation where errors remain bounded.
Our analysis (Section 3.2) shows that additive keys
merging introduces exponential multiplicative er-
rors, while values merging produces only linear
and bounded errors.

Building on this insight, we propose a differen-
tiated strategy: merge values while evicting keys.
For values merging, we address two sub-problems:
which target values to merge into, and how to allo-
cate the merging weights. For target selection, we
select the top-K semantically similar retained val-
ues via global cosine-similarity search. For weight
allocation, we formulate an MSE minimization
problem and derive Expected Contribution Match-
ing (ECM), a closed-form optimal solution that al-
locates weight proportionally to historical attention,
provably superior to any alternative allocation un-
der MSE. Together, these designs form a complete
plug-and-play, training-free KV cache compres-
sion framework. We evaluate ECM on LongBench
and LongBenchV?2 using Llama-3.1-8B-Instruct
and Mistral-7B-Instruct-v0.3, and compare it with
both eviction-based and merging-based training-
free baselines under a unified cache budget of 2048
tokens. ECM achieves the highest overall aver-
age among the evaluated compression methods in
each main experimental setting. Controlled experi-
ments further show that each component, including
keys eviction, ECM weight allocation, and global
semantic matching, contributes independently to
the overall improvement. In addition, ECM intro-
duces lower memory overhead than representative
merging-based approaches such as AsymKYV. Sup-
plementary evaluations on Qwen2.5-14B-Instruct
and RULER 4K are provided in Appendix B.

In summary, this paper makes the following con-
tributions:

1. Differentiated treatment of keys and val-
ues: We provide the first systematic argument
that keys vectors are unsuitable for additive
merging, while values vectors are well-suited.

2. The ECM merging algorithm: We derive
a closed-form optimal weight allocation for
values merging and combine it with global
semantic matching for target selection.

3. Strong empirical results: Our method
achieves the highest overall averages among
the evaluated training-free merging- and
eviction-based methods on LongBench (Bai
et al., 2024) and LongBenchV2 (Bai et al.,
2025) under the same cache budget.

2 Related Work

KV Cache compression is a central problem in
LLM inference optimization (Gao et al., 2025).
We review related work from eviction-based to
merging-based methods and highlight how each
differs from our approach. In the process of litera-
ture survey, we used Al tools to improve efficiency.

2.1 Eviction-based Methods

Eviction-based methods retain critical tokens and
discard the rest by designing importance metrics.
Streamingl. LM (Xiao et al., 2024) leverages the
Attention Sink phenomenon, keeping initial sink
tokens and a recent window. H20 (Zhang et al.,
2023) dynamically retains Heavy Hitters based on
cumulative attention scores. Other notable meth-
ods include FastGen (Ge et al., 2024) (adaptive
per-layer eviction), ScissorHands (Liu et al., 2023)
(one-time prefill-level eviction), Quest (Tang et al.,
2024) (query-aware sparsity), SnapKV (Li et al.,
2024) (prefix voting), and PyramidKV (Cai et al.,
2024) (layer-wise pyramidal budgets). TRIM-KV
(Bui et al., 2025) learns a retention-gating MLP,
making it a learning-based method not directly
comparable to our training-free approach. The
shared limitation is irreversibility: evicted informa-
tion cannot be recovered, which directly motivates
merging-based methods.

2.2 Merging-based Methods

Merging-based methods compensate for eviction
by merging discarded information into retained KV
pairs. CaM (Zhang et al., 2024) uniformly distribut-
ing evicted values across a local consecutive win-
dow and using Bernoulli sampling to decide when
to merge. It directly evicts keys without theoretical
justification. D20 (Wan et al., 2025) selects targets
by keys’ cosine similarity and merges both keys
and values. AsymKV (Cui and Xu, 2025) designs
separate K/V schemes based on their different local
properties, but still applies additive merging to keys
through curvature-weighted averaging. KeepKV
(Tian et al., 2026) introduces a logarithmic correc-
tion for lossless merging, yet when the attention
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Figure 2: Overview of the ECM algorithm. Our proposed KV Cache compression algorithm consists of three stages.
The red box identifies tokens to be evicted, chosen based on cumulative attention scores. Keys vectors are directly
evicted to avoid the exponential multiplicative perturbation introduced by additive merging. The purple box marks
the target set for values merging, selected globally based on values vector cosine similarity. The target set undergoes
values merging using the ECM closed-form optimal formula, which allocates weight in proportion to historical

attention scores.

consistency assumption is violated, the nonlinear
coupling in its keys’ formula causes complex er-
ror propagation. In most of these methods, the
keys vector undergoes additive perturbation. Our
work differs by directly evicting keys based on their
structural unsuitability for merging, and by provid-
ing a provably optimal values merging scheme via
ECM.

3 Methodology

3.1 Preliminary

Standard Attention. In autoregressive Transform-
ers (Vaswani et al., 2017), each attention head com-
putes the output o, = ) ", a;jv; at step t, where
the attention scores are:

_ exp(qt - kj/\/&)
S explqe - ky/Vd)

N
J=1

ey

atj

Keys k; and values v; of all historical tokens are
stored as the KV Cache to avoid recomputation, but
its memory footprint grows with sequence length,
becoming the bottleneck in long-context inference.

KV Cache Compression Objective. Compres-
sion reduces N cached KV pairs to B < N pairs

while minimizing output perturbation:

2

N B
> ajvj =Y dmibm 2)
j=1 m=1

min E,

comp

where Ceomp = {(l;:m, Um) }5 _ denotes the com-
pressed cache.

Merging Framework. In merging-based com-
pression, an evicted token ¢ has its value dis-
tributed across a target set 1" of retained tokens:
U = vy + Wiy - v; for t € T. The compressed
output decomposes as:

Oapprox — E asvy + E djvj

teT JjETU{i}
= Z a;vj +v; Z wiseay G
i teT
—_———

¢34

Comparing this with the true output oy =
> i @V + aiv;, the core objective of merging
strategy reduces to: using the attention scores of
retained tokens to approximately reconstruct the
attention score of the evicted token, i.e., a; =

Dter Wimstt = a;.
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Attention Consistency Assumption. Since fu-
ture Queries are unknown at compression time, we
follow prior work in assuming historical cumula-
tive attention a; positively correlates with future
attention:

aj=c-a;+e¢€;, withEle] =0 4)
where a; is the normalized historical cumulative
attention score of token j, c is a scaling constant,
and ¢; is a zero-mean random noise term.

3.2 Different Treatment of Keys and Values

We first examine the fundamental difference be-
tween keys and values in the attention mechanism.

Keys vs. Values: Different Computational
Spaces. Keys participates in dot products with the
Query (q - k) inside the Softmax exponent, where
any perturbation is exponentially transformed into
a multiplicative perturbation on attention scores.
Values participates in the post-Softmax weighted
sum ) a;vj, a linear operation where errors prop-
agate only linearly. This difference is a structural
property of the Transformer architecture, indepen-
dent of any particular merging algorithm. We now
formalize this analysis.

Additive Keys Merging Produces Exponen-
tial Multiplicative Perturbations. Consider merg-
ing M keys vectors via linear combination k,,, =
Zj\i 1 ojkj. Let greal and geg denote the true and
estimated future Queries, with deviation Aq =
Greal — Qest and per-key perturbation §; = Agq - k;.
The unnormalized attention score under the true
Query is:

Sm = €XpP (Qreal : km)

= exp | (st + Ag) - > ask;
j=1

Expanding the dot product to separate the esti-
mated term from the perturbation term yields:

M M
Sm = €xXp Z Oéj(Qest ) kj) - €Xp Z 50,
j=1

Jj=1
M
= Starget + €Xp § O‘j(sj
Jj=1
Ekey

(6)
The first term Siargeq is the intended score under
the attention consistency assumption. The second

term Eiey = exp()_ ;) is the error amplifica-
tion factor. Any nonzero ) «;d; is exponentially
transformed into a multiplicative perturbation of
attention scores. This holds for any additive keys
merging scheme, including KeepKV’s logarithmic
correction. See Appendix A for a concrete case
study. In summary, additive keys merging attempts
to approximate an exponential-space mapping with
linear structure. The approximation holds only in
the degenerate case greq = ¢est, and any attention
deviation causes exponential error amplification.
Robustness of Additive Values Merging. In
contrast, values merging takes place after the Soft-
max. Let the merged values be v,,, = Zj\i 17055

with Z;‘il v; = 1. Given an attention Score a,,
even if this score carries an error € (i.e., a,, =
Qideal + €), the contribution of this token to the at-
tention output is:

M

O, = Oy * Uy = Gideal * Um 1 € - § ] @)
Jj=1

The error term is linear in € with no nonlinear am-
plification, and bounded by:

e > vl < lel-maxlusl - ®

3.3 Expected Contribution Matching (ECM)

Having established the differentiated strategy of
keys eviction + values merging, we now address
how to perform the values merging. This involves
two specific sub-problems: selecting the target set
and designing weight allocation.

Problem Formalization. Consider a single com-
pression operation. Let token 7 be selected for
eviction. Its values v; will be distributed across
a target set 7' (|T'| = W) of retained tokens ac-
cording to weights w = [w;_,¢|¢c7. For any future
Query, the reconstructed attention after compres-
sion is a; = ZteT w;—¢a¢. The deviation between
this and the true attention a; directly determines
the magnitude of the compression error. Our goal
is to find the optimal weights w that minimize the
expected future reconstruction error. To encourage
smooth weight allocation and avoid excessive con-
centration on a few tokens, we formulate the loss in
Ridge regression form (Hoerl and Kennard, 2000):

2
min £L(w) = E (Z Wit @t — ai) +A [ wl?

v teT
©)

19449



where A > 0 is the regularization coefficient.
Substituting the attention consistency assumption
aj =~ c- a; (the constant c can be absorbed into the
objective without changing the optimal solution),
the problem simplifies to:

min £(w) = (w'ar — @)+ A|w[?  (10)
where & = [ayy, . . ., dty, )T € RW is the vector of
normalized historical cumulative attention scores
for the tokens in the target set.

ECM Closed-Form Solution. £(w) is a strictly
convex quadratic function in w. Its global mini-
mum satisfies the zero-gradient condition:

Vwl =2(wlar —a)ar + 2w =0 (11)

Rearranging gives (aral+AI)w = a;ar. Note
that aral is a rank-1 matrix whose only nonzero
eigenvector is ap itself. The optimal solution w*
must therefore be collinear with ar. Setting w* =
aar and solving yields o = @;/(||az||? + ). This
gives the closed-form optimal weights:

a;ay

. o A 12

This formula is the core of ECM. The weight
wj_,, is proportional to the target’s historical at-
tention a;: tokens more likely to be hit by future
Queries carry more of the evicted values’ informa-
tion, which is exactly the origin of the term "ex-
pected contribution matching”. As the global opti-
mum of a strictly convex objective (Boyd and Van-
denberghe, 2014), ECM is provably superior to any
alternative allocation (e.g., uniform w;_,; = 1/W),
with equality only in the degenerate case where all
a; are identical, which almost never occurs under
the sparse attention distributions of LLMs. We pro-
vide experimental support for the advantage of the
ECM weight allocation scheme in Section 4.

Unlike CaM (Zhang et al., 2024), which also
merges only values, ECM differs in two key as-
pects: ECM uses attention-proportional weights
rather than uniform averaging, and ECM is fully
deterministic rather than relying on Bernoulli sam-
pling.

Target Set Selection via Global Semantic
Matching. In early works, CaM employs a local
consecutive window strategy, merging the evicted
values into the W consecutive tokens immediately
following it. This approach is simple but com-
pletely ignores semantic relationships among to-

Algorithm 1: KV Cache Compression with
ECM

Input: KV Cache (K, V) of length L,
cache budget B, sink budget S,
merge width W, regularization A
Output: Compressed KV Cache of length
B+ S
1 Select L — B — S tokens as evict_set
2 for each evicted token i € evict_set do
3 T — top-W  indices by
similarity (V'[¢], V[j]) for j ¢ evict_set
4 for eacht € T do

ali] - aft] .
5 V[t] — V[t] + m : V[’L]
6 end
7 end

8 Remove K[i] and V'[7] for all i € evict_set.
9 return compressed KV Cache;

kens. Intuitively, merging values v; into semanti-
cally unrelated targets causes semantic contamina-
tion. We adopt a global semantic matching strat-
egy: computing the cosine similarity between the
evicted value v; and every retained value in the
cache, and select the Top-WW most similar ones as
the target set 7. The intuition is that merging in-
formation about a certain entity into semantically
related tokens is less lossy than merging it into
entirely unrelated ones. We provide experimental
support for this strategy in Section 4.

3.4 Algorithm Summary

The complete asymmetric KV Cache compression
pipeline is presented in Algorithm 1, with an illus-
trative overview shown in Figure 2. The algorithm
consists of three stages: eviction selection (Phase
1), ECM values merging (Phase 2), and keys evic-
tion and finalization (Phase 3).

Phase 1 (Eviction Selection) preserves the first
S sink tokens, then scores tokens in the middle re-
gion by cumulative attention and selects the Keyict
lowest-scoring tokens for eviction. Phase 2 (ECM
Merging) selects the Top-WW semantically closest
retained tokens via values’ cosine similarity for
each evicted token, then computes ECM weights
(Eq. 12) to redistribute the evicted value. Phase 3
(Eviction) removes the KV pairs of evicted tokens
and trims cumulative attention records.
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4 Experiments

In this section, we first introduce the experimental
setup (Section 4.1), then present the main eval-
uation results on LongBench and LongBenchV2
(Section 4.2), followed by an analysis of perfor-
mance trends under varying compression ratios in
(Section 4.3). We then verify each of the claims pro-
posed in methodology chapter through controlled
experiments (Section 4.4), and finally analyze com-
pression efficiency (Section 4.5).

4.1 Experimental Setup

Models. We evaluate on two mainstream open-
source instruction-tuned LLMs: Llama-3.1-8B-
Instruct (Team, 2024) (which uses GQA (Ainslie
et al., 2023)) and Mistral-7B-Instruct-v0.3 (Jiang
et al., 2023). Both models are widely adopted base
models for long-context evaluation. (We use pub-
licly available datasets and follow their original
licenses and anonymization protocols. No person-
ally identifying information was intentionally col-
lected.)

Benchmarks. We use two long-text evaluation
benchmarks. LongBench (Bai et al., 2024) com-
prises 14 English subtasks and two code tasks with
input lengths ranging from 5K to 15K tokens, in-
cluding Single-Document QA, Multi-Document
QA, Summarization, Few-Shot Learning, Syn-
thetic, and Code. LongBenchV2 (Bai et al., 2025)
targets even longer contexts (from 8K to 2M), em-
phasizing reasoning ability and evidence localiza-
tion. It contains 503 high-quality annotated sam-
ples partitioned into subsets by difficulty and text
length.

Baselines. We compare against the following
Training-Free KV Cache compression methods.
Eviction-based: Streamingl.LILM (retains sink to-
kens + recent window), H20 (retains Heavy Hitters
based on cumulative attention). Merging-based:
CaM (merges into a local consecutive window,
Bernoulli sampling), AsymKYV (Keys curvature-
weighted merging + Values merging). In addi-
tion, Full Cache serves as the uncompressed upper
bound.

Cache Configuration and Inference Details.
The cache budget is uniformly set to 2048 plus
the first 32 sink tokens. We use chunked prefill
(Agrawal et al., 2023) (input_window = 512) dur-
ing the Prefill stage to simulate realistic long-text
inference. All experiments run on HuggingFace
Transformers (Wolf et al., 2020) in eager attention

Method S-Doc M-Doc Sum. F-S Syn. Code Avg.
Full Cache 45.19 46.30 2881 69.81 53.72 57.97 50.29
SLLM 27.60 2877 24.55 63.77 1550 60.54 36.79
H20 37.82 3824 26.58 66.10 1450 56.24 39091
CaM 3759 36.64 24.80 66.10 16.13 49.56 38.47
AsymKV  39.51 4041 26.77 6546 3821 54.77 44.19
ECM 3935 4390 27.01 64.65 44.00 56.19 45.85
Table 1: Results on LongBench for Llama-3.1-8B-

Instruct. The cache budget is 2048 plus 32 sink tokens.
All methods are reproduced under the same experimen-
tal settings. Bold indicates the best result among com-
pression methods, while Full Cache serves as the uncom-
pressed upper bound. SLLM denotes Streamingl.LM.

Method S-Doc M-Doc Sum. F-S Syn. Code Avg.
Full Cache 38.63 37.79 29.00 70.45 50.75 60.12 47.79
SLLM 2423 2238 2494 6591 13.71 58.51 34.95
H20 31.64 30.81 27.13 68.66 13.28 58.31 38.62
CaM 30.59 30.83 2492 67.63 32.00 57.93 40.65
AsymKV 3322 3156 2681 67.01 33.78 58.55 41.82
ECM 3342 3354 2736 67.10 3431 57.15 42.14

Table 2: Results on LongBench for Mistral-7B-Instruct-
v0.3. Cache budget is 2048 physical KV pairs plus
32 sink tokens. Bold indicates the best result. ECM
achieves the best performance on overall average.
SLLM refers to StreamingLLM.

mode. Evaluation metrics are the raw scores of
each subtask. We report both category averages
and the overall average. Compression time and
memory footprint measurements are conducted on
a single A6000-48GB GPU.

4.2 Main Results

LongBench Evaluation. Tables 1 and 2 report
the results on LongBench across six categories
for Llama-3.1-8B-Instruct and Mistral-7B-Instruct-
v(0.3, respectively.

On LongBench, ECM achieves the best average
score on both models. For Llama-3.1-8B-Instruct,
ECM scores 45.85, outperforming AsymKV by
1.66 points and the reproduced CaM baseline by
7.38 points. For Mistral-7B-Instruct-v0.3, ECM
scores 42.14, versus 41.82 for AsymKYV. Particu-
larly strong gains are observed on Multi-Doc QA,
where ECM outperforms AsymKYV by 3.49 points
on Llama, and on Synthetic tasks, where it leads by
5.80 points. Moreover, the merging-based methods
ECM and AsymKYV achieve higher overall averages
than both eviction-based baselines on Llama-3.1-
8B-Instruct.

LongBenchV2 Evaluation. Table 3 compares
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Method  Overall Easy Hard Short Medium Long
Full Cache 30.0 30.7 29.6 350 279 259

SLLM 258 250 264 350 19.1 24.1
H20 266 260 270 35.6 242 16.7
CaM 27.0 266 273 35.6 24.7 17.6
AsymKV 282 312 264 31.1 279 241
ECM 28.8 28.6 289 344 26.5 24.1

Table 3: Results on LongBenchV?2 for Llama-3.1-8B-
Instruct. Cache budget is 2048 plus 32 sink tokens.
Bold indicates the best result. Overall = average
over all samples. Easy/Hard = partition by difficulty.
Short/Medium/Long = partition by text length.

o
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—¥— CaM
20 —4— AsymKV
=8— ECM (Ours)
01 02 03 04 1.0

Compression Ratio

Figure 3: Performance comparison on 2wikimqga under
different cache retention ratios. ECM consistently out-
performs all other methods at every retention ratio.

ECM with both eviction-based and merging-based
training-free baselines on LongBenchV2.

ECM achieves the highest overall score among
the evaluated compression methods, reaching 28.8
versus 28.2 for AsymKV. Its largest advantage over
AsymKYV appears on the Hard subset, where it im-
proves from 26.4 to 28.9. ECM is not uniformly
best across all subsets: AsymKV leads on Easy and
Medium, H20 and CaM tie on Short, and ECM
ties with SLLM and AsymKYV on Long.

4.3 Compression Ratio Sensitivity Analysis

To examine ECM’s robustness under varying com-
pression intensities, we conduct comparative ex-
periments on 2wikimqa (a representative Multi-
Doc QA subtask) under different cache budgets,
with compression ratios ranging from 0.1 to 0.4, as
shown in Figure 3.

ECM outperforms all compared methods at ev-
ery compression ratio, with the largest margin
around ratio 0.4 (44.58, exceeding others by >4
points and approaching Full Cache at 47.77). The

Strategy S-Doc M-Doc Sum. F-S Syn. Code Avg.
Full Cache 45.19 46.30 2881 69.81 53.72 57.97 50.29
mK_mV 39.51 4041 26.77 65.46 3821 54.77 44.19
eK_mV 39.61 4237 26.78 64.59 41.92 5523 45.08

Table 4: Comparison between keys eviction and keys
merging. Model: Llama-3.1-8B-Instruct. Bench-
mark: LongBench. Cache budget: 2048 + 32 sink to-
kens. mK_mV uses AsymKV’s original keys gradient-
weighted averaging + values merging. eK_mV uses
direct keys eviction + values merging. The two set-
tings differ only in keys’ treatment. The values merging
strategy is identical. Bold marks the best result in each
column. eK_mYV outperforms mK_mV on all tasks ex-
cept Few-Shot.

advantage over AsymKYV grows from 2 points at
30% cache budget to 5 points at 40%, reflecting
the combined benefit of direct keys eviction, ECM
weight allocation, and global semantic matching
under higher compression.

4.4 Controlled Experiments

In this section, we verify each of the core design
choices from the Methodology through three con-
trolled experiments, namely whether keys eviction
outperforms keys merging (Section 3.2), whether
ECM merging outperforms uniform averaging (Sec-
tion 3.3), and whether global semantic match-
ing outperforms local consecutive windows (Sec-
tion 3.3).

Keys Eviction vs. Keys Merging. Table 4 com-
pares two keys treatments under identical values
merging conditions: mK_mV (AsymKV’s keys
gradient-weighted averaging) and eK_mV (direct
keys eviction). The values merging strategy is iden-
tical in both settings, using AsymKV’s original
direct summation with Softmax denominator cor-
rection, so that the only difference between the two
settings is the treatment of keys.

Keys eviction outperforms keys merging on all
tasks except Few-Shot, with notable gains on Multi-
Doc QA (+1.96) and Synthetic (+3.71), supporting
the theoretical analysis in Section 3.2. Moreover,
eK_mYV achieves this with higher efficiency, as di-
rect keys eviction eliminates the need to compute
information for merging, avoiding extra computa-
tional overhead.

ECM Weight Allocation vs. Uniform Aver-
aging. To isolate weight allocation, we fix the
target set to a local consecutive window and com-
pare ECM vs. Uniform (w;—,; = 1/W) on three

19452



Strategy 2wikimga hotpotqa musique Avg.
Full Cache 47.77 58.03 33.09 46.30
Avg-local 43.54 54.01 27.30 41.62
ECM-local 45.18 53.11 27.86 42.05
ECM 47.81 54.50 29.37 43.90

Table 5: Controlled Comparisons of ECM Weight Allo-
cation and Global Semantic Matching. Model: Llama-
3.1-8B-Instruct. Evaluation data: 2wikimga / hotpotqa
/ musique (Multi-Doc QA subtasks). Bold = best,
underline = second best. The three rows correspond
to: (1) Avg-local: local consecutive window + uniform
weight allocation (w;—,; = 1/W). (2) ECM-local: lo-
cal consecutive window + ECM attention-proportional
weight allocation. (3) ECM: global semantic matching
+ ECM weight allocation, i.e., our complete method.

Multi-Doc QA subtasks. These correspond to rows
“Avg-local” and “ECM-local” in Table 5.

ECM weight allocation outperforms uniform av-
eraging across three datasets, with the largest gain
on 2wikimqa (+1.64).

Global Semantic Matching vs. Local Win-
dows. We compare global semantic matching
against local consecutive windows, with both us-
ing ECM weight allocation (rows “ECM-local” vs.
“ECM” in Table 5). Global matching exceeds local
windows by 1.85 points on average. On 2wikimqa,
ECM with global matching (47.81) even slightly
surpasses Full Cache (47.77). A plausible explana-
tion is that global semantic matching acts as feature
enhancement, by transferring information to the se-
mantically most relevant values.

4.5 Efficiency Analysis

We evaluate compression latency and GPU mem-
ory footprint on a single A6000-48GB GPU with
Llama-3.1-8B-Instruct (cache budget: 2048 + 32
sink tokens).

Compression Latency. Figure 4 shows com-
pression overhead at the Prefill stage. ECM’s main
overhead comes from cosine similarity computa-
tion during global semantic matching, with com-
plexity O(K - L - d), where K is the number of
evicted tokens, L is the sequence length, and d is
the values vector dimension. In contrast, AsymKV
is approximately 40% slower than ECM.

GPU Memory Footprint. Table 6 reports peak
memory. ECM (23,070 MB) is substantially lower
than AsymKYV (33,710 MB), as ECM uses only
forward computation while AsymKYV retains inter-
mediate activations for backpropagation.

—— StreamingLLM
H20

CaM
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ECM (Ours)

w
o
L
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w

Time Cost (s)
7 S

—_
[=)
L

w
L

4000 6000 8000 10000 12000

Context Length

0 2000

Figure 4: Compression latency at Prefill. ECM’s over-
head comes from global semantic matching. AsymKV
is slower due to Hessian matrix approximation.

SLIM H20 CaM AsymKV ECM
Memory 16,954 16,581 21,988 33,710 23,070
Table 6: Peak GPU memory footprint (MB).

Model: Llama-3.1-8B-Instruct, A6000-48GB, dataset:
2wikimqa (chunked prefill, input_window=512).

5 Conclusion

We revealed a fundamental asymmetry between
keys and values in KV Cache merging: keys vec-
tors operate inside the Softmax exponential space,
making additive merging structurally unreliable,
while values vectors in the post-Softmax linear
space admit bounded errors. Based on this insight,
we proposed a differentiated strategy of keys evic-
tion + values merging, derived ECM as a provably
optimal weight allocation for values merging, and
paired it with global semantic matching for tar-
get selection. On LongBench and LongBenchV2,
ECM achieves the highest overall averages among
the evaluated training-free methods under the same
cache budget, and controlled experiments confirm
the contribution of each design choice. Supple-
mentary evaluations on Qwen2.5-14B-Instruct and
RULER 4K are reported in Appendix B.

Limitations

Attention consistency assumption. Similar to
typical merging-based methods, ECM relies on
historical attention to predict future attention. A
context distribution shift weakens this correlation.

Global semantic matching complexity. Co-
sine similarity search incurs O(K - L - d) cost,
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which may become a bottleneck for extremely long
contexts. Future work could explore approximate
nearest-neighbor search or hierarchical clustering
to accelerate the matching process.

Model scale. Our experiments are limited
to 7B/8B/14B models due to computational con-
straints. Whether the conclusions hold for larger
models remains to be verified.
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A Perturbation Analysis of Additive Keys
Merging under Attention Deviation

This appendix uses the keys merging scheme from
KeepKYV (Tian et al., 2026) as a concrete case study.
We show how an additive keys merging method
that claims to be “lossless” under the attention con-
sistency assumption produces exponential multi-
plicative perturbations when attention deviation is
present. The core argument: additive keys merg-
ing cannot recover the true uncompressed atten-
tion structure under attention deviation. This
is a structural defect of any additive keys merging
scheme, not a numerical precision issue. The anal-
ysis in this appendix provides a concrete instance
supporting the general claim in Section 3.2 that
“any additive keys merging produces exponential
multiplicative perturbations under attention devia-
tion.”

A.1 KeepKV’s Keys Merging Scheme

KeepKYV proposes ZIP-Merging, deriving a keys
merging formula claimed to be lossless under the
attention consistency assumption (i.e., the EMA-
estimated attention scores $; equal the true future
attention scores s;).

Let the two tokens to be merged be e (Evict)
and c (Retain). Under the attention consistency as-
sumption (where the estimated Query gem, equals
the true Query), the estimated unnormalized at-
tention scores are §; = exp(Qema - ki/ \/;Z), with
corresponding logits Z; = gema * ki/ V.

KeepKV merges values using standard weighted
averaging:

SeVe + 8cVc

13
Se + ¢ (13)

r =

For keys merging, it introduces a logarithmic
scaling term to achieve losslessness under the at-
tention consistency assumption. Simplifying by
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setting the voting weights p. = p. = 1 (the full
form appears in KeepKV Eq. 24-25):

Sk Sck
fp = e TR s 45 (14)
Sele + ScXe
When greal = @ema, ONe can verify that the

merged k, produces an attention score in the Soft-
max computation exactly equal to the sum of the
attention scores of the two pre-merge tokens, thus
achieving “losslessness.”

A.2 Perturbation Propagation under
Attention Deviation: Structural
Exponential Error

Now consider the realistic inference scenario: a
deviation A¢ = Greal — ¢ema €XiSts between the true
future Query g1 and the estimated Query gema
used to compute the merging weights. Define the
dot-product perturbation on each token as A, =
Aq - ke, Ac = Aq - k.. The true logits are then

Taking the dot product of the true Query greq
with the merged k, yields the true logit z,.:
Ty = Qreal * kr (15)
ge(Qreal : ke) + §c(‘]real : kc)

— In(s S
Boie + Bote n(Se + 5c)
(16)

_Selfet Ao+ Selet Do)y o sy
a7

In(3, + )
SeZe + ScZc
—_—

= In(5. + 8¢) + (8eAe + 8:A)

c
(18)

The merged unnormalized attention score s, =
exp(x,) is then:

sr= (8¢ +5c) -exp (C - (8cAc + 8:AL)) (19)

The key comparison is between s, and the sum
of the true attention scores of the two uncom-
pressed tokens:

Se + Sc = 8 exp(Ae) + Scexp(Ac) (20)

These two quantities are structurally different.
sy is a single exponential term: it places the
weighted combination §.A. 4+ §.A. of A, and
A, inside a single exp(-). In contrast, s, + s is
the sum of two independent exponential terms:

A, and A, each independently enter the exponen-
tial function before being summed. These two
forms are equal only when A, = A, = 0 (i.e.,
when the attention consistency assumption holds
perfectly). Whenever A, # A, a single expo-
nential term exp($.A. + §.A.) cannot exactly
recover the sum of two independent exponential
terms S exp(Ae) + e exp(A.).

This structural difference is not specific to
KeepKWV. It is an inherent limitation of any addi-
tive keys merging scheme: the merging operation
compresses multiple keys vectors into a single keys
vector, which means compressing multiple indepen-
dent attention scores into a single attention score.
No matter how the logarithmic scaling term or other
correction terms are designed, the independent per-
turbation A, of a merged-away token cannot be in-
dependently expressed within a single exponential
term. This is the fundamental difference between
keys merging and values merging. The output after
values merging is S.-v, = S¢- sezziizzw where both
values vectors v, and v, remain as independent ad-
ditive terms and do not lose their independence
through merging.

A.3 Numerical Instability: Error
Amplification in Extreme Cases

The structural error described above is governed in
general by the magnitudes of the attention devia-

tions A., A.. However, the perturbation amplifier
C = netse)
SeTet5cTe
extreme cases.
The denominator 5.2, + 5.2, is a scalar deter-
mined by the estimated Query gema. Since the logit
Ti = Qema - k; 18 the dot product of a keys vector
and a Query in d-dimensional space, its range is
(—00, 4+00). When . and Z. have opposite signs
with $¢|Ze| ~ $.|%.|, or when both &, and . are
close to zero (both keys are approximately orthog-
onal to the estimated Query), the denominator ap-
proaches zero and C' — oo. The structural error
described in Section A.2 already exists. In these ex-
treme cases, the divergence of C further amplifies
tiny A¢, A, exponentially, completely distorting
the attention score at that position. Notably, these
extreme cases are not merely hypothetical: in the
high-dimensional attention space of LLMs, when
the Query falls in certain directions within the plane
spanned by two keys vectors, 5.Z. + 5.2, ~ 0 oc-
curs with non-negligible probability.
In summary, additive keys merging faces a dou-
ble risk: (1) under normal conditions, a structural

can further amplify this error in
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Method 2WikiMQA  HotpotQA MuSiQue NrtvQA MFQA-en Qasper TREC TriviaQA SAMSum Avg.
Full Cache 59.39 64.60 38.29 31.11 53.54 46.20 78.00 90.20 51.08 56.93
AsymKV 53.14 56.16 26.98 21.35 47.08 37.28 71.50 88.61 46.77 49.87
ECM 53.29 56.00 33.78 28.07 47.36 39.36 71.00 88.57 47.31 51.64

Table 7: Results on nine LongBench subtasks using Qwen2.5-14B-Instruct with a cache budget of 2048 plus 32
sink tokens. The evaluated subset contains three multi-document QA tasks, three single-document QA tasks, two
few-shot learning tasks, and one summarization task. Bold indicates the best result among compression methods;

Full Cache is the uncompressed upper bound.

Method sl s2 s3 mk1 mk2 mk3 mv mq vt cwe fwe qal qa2 Avg.
Full Cache 100.00 100.00 100.00 100.00 100.00 99.80 99.70 99.65 99.96 98.96 86.40 84.80 61.80 94.70
AsymKV 100.00 99.20 22.00 97.20 68.60 38.80 92.80 97.10 100.00 97.28 87.47 83.40 59.20 80.23
ECM 100.00 99.80 19.40 97.00 71.60 40.60 95.60 96.90 100.00 96.86 86.40 83.40 59.00 80.50

Table 8: Results on RULER 4K using Llama-3.1-8B-Instruct with a cache budget of 2048 plus 32 sink tokens. Bold
indicates the best result among compression methods; Full Cache is the uncompressed upper bound.

approximation error exists between a single expo-
nential term and the sum of two independent expo-
nential terms (Section A.2). (2) in extreme cases,
the divergence of the perturbation amplifier C' ex-
ponentially magnifies this error (Section A.3). To-
gether, these demonstrate that additive keys merg-
ing is a highly unreliable operation under attention
deviation.

A4 Contrast: Error Propagation in Keys
Eviction + Values Merging

Under the keys eviction + values merging strategy,
keys of the evicted token e is directly deleted, re-
taining only k.. The attention score at this position
becomes s, = §.exp(A.). Combined with the
merged value v,, its contribution to the attention
output is:

Oevict+merge — Sc " Ur = S¢ eXp(Ac) P —

This expression contains no perturbation ampli-
fier C. The output error is scaled by exp(A.), and
its norm is bounded by the norms of v, and v.

A.5 Summary

By introducing a logarithmic scaling term, one can
achieve lossless keys merging under the attention
consistency assumption. However, this losslessness
does not hold in realistic inference (when the atten-
tion consistency assumption is violated and a devi-
ation exists between estimated and true attention).
The analysis in this appendix reveals a structural
defect of additive keys merging: the merging oper-
ation compresses multiple independent keys into a
single key, replacing a sum of multiple independent
exponential terms (8. exp(A¢) + 8. exp(A.)) with

a single exponential term (exp(C- (§cAc+5:A¢))).
These two forms are structurally different whenever
A, # A, and this difference cannot be eliminated
by logarithmic scaling or any other correction. It
is the inevitable cost of the dimensionality reduc-
tion incurred by compressing multiple vectors into
one. In extreme cases, the numerical divergence of
the perturbation amplifier C' further magnifies this
structural error exponentially.

This appendix directly supports the core argu-
ment of Section 3.2: keys vectors lie inside the
exponential space of Softmax, so additive merg-
ing attempts to approximate a sum of independent
exponential terms with a single term—an approxi-
mation that inevitably deviates under attention shift.
Hence, evicting keys and merging only values is the
more robust strategy. In the values-merged output,
each merged value remains an independent additive
term, with errors propagating only linearly. The
structural defect of keys merging does not arise.

B Supplementary Experimental Results

B.1 Evaluation on Qwen2.5-14B-Instruct

We evaluate Full Cache, AsymKYV, and ECM on
nine LongBench subtasks using Qwen2.5-14B-
Instruct under the same cache configuration as the
main experiments. Table 7 reports the results. ECM
achieves an average score of 51.64, outperform-
ing AsymKYV by 1.77 points and retaining 90.7%
of the Full-Cache score of 56.93. It outperforms
AsymKYV on six of the nine evaluated subtasks.
Since this experiment covers only one 14B model
and a subset of LongBench, it provides initial evi-
dence of model-scale generalization rather than a
complete larger-model evaluation.
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B.2 Evaluation on RULER 4K

We additionally compare the three methods on
the 13 RULER 4K subtasks using Llama-3.1-8B-
Instruct. Table 8 reports the results under a cache
configuration of 2048 plus 32 sink tokens. ECM
obtains an average score of 80.50, compared with
80.23 for AsymKY, and retains 85.0% of the Full-
Cache average of 94.70. The two compression
methods are close on average and exhibit task-
dependent differences. Both show substantial
degradation on s3, mk2, and mk3 relative to Full
Cache, indicating that the current compression set-
ting remains challenging for some retrieval config-
urations.

19458



