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Abstract—The continuously growing key-value (KV) Cache
during the inference of large language models (LLMs) becomes
an obstacle to efficient deployment. Recently, KV Cache compres-
sion techniques such as evicting and merging KV pairs have been
widely studied, which play an important role in reducing memory
usage in the decoding phase of LLM inference. However, these
methods inevitably cause problems of output perturbation and
computational redundancy. In this paper, we propose SimCalKV,
a theoretically grounded merging strategy that identifies the
optimal merging under key similarity assumptions. By averaging
similar keys with a simple bias calibration and weighting values
according to attention scores, SimCalKV reduces perturbation
with negligible computational overhead. Experimental results
across multiple models and tasks demonstrate that our approach
can compress the KV Cache by up to 5× while maintaining
competitive model performance, achieving up to 1.5× speedup
over representative merging methods during inference. Our code
is available at: https://github.com/William-kaihhu/SimCalKV.

Index Terms—large language models (LLMs), KV Cache, KV
Cache merging, inference speedup

I. INTRODUCTION

Large language models (LLMs) [1]–[4] have shown re-
markable performance across various domains, particularly in
long-context processing and contextual reasoning. However,
as the input sequence length grows and new tokens are
generated during decoding, the computational cost increases
significantly. To mitigate redundant computation, the key-
value (KV) Cache [5]–[7] is employed to store KV pairs of
previously processed tokens. The problem is that KV Cache
can consume substantial memory, often exceeding the model
size itself. For instance, while the OPT-30B [8] model occupies
60 GB, a batch size of 512 with a sequence length of 128
results in a KV Cache of 90 GB. Thus, reducing KV Cache
memory is critical for efficient deployment.

Current mainstream approaches for KV Cache compression
mainly include quantization, eviction, and merging. Quanti-
zation is one of the most direct and effective approaches,
which converts high-precision numbers into lower-precision
representations for storage. Related studies [9]–[12] have
shown that specific quantization strategies can quantize some
values down to 2-bit without obvious performance degrada-
tion, effectively reducing memory usage. Eviction and merging
mechanisms have been widely studied recently. Existing works
demonstrate that during both the prefill and decoding stages,
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some tokens are not important to the final output [13], [14].
Their KV pairs can be directly evicted or merged into other
KV pairs without affecting model performance [15], [16].
Token-level merging applies the same merging method at
each layer, ensuring equal numbers of key and value with-
out affecting the computation of attention scores [16]–[19].
KVMerger [18] adopts a grouping strategy and employs a
Gaussian kernel function to assign weights to the merged KV
Cache. KeepKV [16] aims to achieve zero-perturbation merg-
ing through a voting mechanism. Moreover, inter-layer merg-
ing methods [20]–[23] have also been proposed to compress
KV Cache with the consideration of the model architecture.

However, existing methods inevitably lead to performance
degradation of LLMs. Although some efforts have been
made to compensate for information loss caused by com-
pression [16], [24], [25], errors still accumulate as inference
continues and eventually degrade the performance. Excessively
fine-grained compensation also leads to a substantial increase
in computation time, which counteracts the throughput im-
provement brought by merging [16], [18]. It is crucial to
balance accuracy and speedup in the efficient deployment
of LLMs, so an appropriate compression strategy should be
able to maintain model performance while introducing as little
computational overhead as possible.

Based on the issues discussed above, we propose Sim-
CalKV, a simple yet effective merging method that achieves
KV Cache compression without introducing computational
redundancy, as illustrated in Figure 1. To determine which
KV pairs are suitable for merging, we first analyze token-
level similarity and observe that for any key in the sequence,
there typically exists another key with high cosine similarity,
regardless of their positional distance. Guided by this property,
we divide KV Cache into eviction and preservation sets based
on attention scores, and each KV pair in the eviction set is
merged with its most similar counterpart in the preservation
set.

A key challenge of merging lies in mitigating the attention
perturbation caused by merging. To this end, we introduce an
efficient calibration mechanism. Two keys are averaged with a
bias calibration, and the weights of corresponding values are
derived according to their attention scores. Crucially, when
two keys are highly similar, the calibration guarantees that the
merged representation is theoretically equivalent to the original
one, thereby ensuring that the perturbation of the attention
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Fig. 1: Illustration of typical eviction and merging methods. Eviction directly discards certain KV pairs, and the remaining
cache is used for subsequent computations. The merging strategy in KeepKV introduces a voting mechanism to achieve
lossless compression, but it incurs substantial additional computation. SimCalKV mitigates output perturbation through
lightweight calibration. By performing an averaging-based merge followed by a simple correction, our approach maintains
model performance at a satisfactory level while achieving inference acceleration.

output is negligible.
Notably, SimCalKV introduces only negligible additional

computation, and the overhead incurred is outweighed by the
time saved during auto-regressive generation, resulting in a
significant inference speedup. We evaluate our method on
Llama and Qwen models across various tasks. Compared with
state-of-the-art merging methods, our method achieves nearly
the same accuracy even when compressing to low ratios such
as 20% of the original. As the compression ratio increases, our
inference speedup becomes more significant. Figure 2 shows
that our method achieves up to 1.5× acceleration when the
budget is 20% compared to KeepKV [16].

The contributions of this work are summarized as follows:

• Our theoretical analysis reveals that when two keys are
similar, lossless KV Cache merging can be achieved by
introducing a lightweight calibration term.

• Building upon the insight, we propose SimCalKV, a
simple and efficient merging method with lightweight
calibration, which applies different merging strategies
to key and value, maintaining model performance and
accelerating inference.

• Experiments show that our method remains competi-
tive in accuracy compared with the state-of-the-art evic-
tion and merging methods, while achieving significant
speedup, contributing to the efficient deployment of
LLMs.

II. RELATED WORK

A. KV Cache Compression

Existing efforts to compress the KV Cache can be broadly
categorized into two directions: storage precision compression
and KV pairs reduction.

SimCalKV 100% Cache KeepKV PyramidInfer
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Fig. 2: The comparison of inference speed between our method
and other state-of-the-art approaches shows that our method
achieves significant acceleration under low budget conditions,
whereas other methods introduce additional latency.

a) Storage precision compression: This approach pri-
marily relies on quantization [26]–[29], in which the high-
precision values in the KV cache (typically stored in FP16 or
BF16) are mapped to lower-precision formats such as INT8
or INT4 to reduce memory usage. However, naive quan-
tization often leads to substantial performance degradation,
motivating the development of more advanced techniques.
For example, KIVI [10] adopts channel-wise quantization,
SmoothQuant [11] introduces weight-activation rebalancing to
stabilize INT8 inference, and OmniQuant [12] enhances the
generalization of quantization across diverse models.
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b) KV pairs Reduction: Eviction [30] and merging [17]
strategies are the mainstream approaches to reducing the num-
ber of KV pairs. StreamingLLM [13] is a representative evic-
tion method, which identifies an attention sink phenomenon:
the initial tokens consistently receive high attention weights
during decoding. Consequently, by retaining the KV pairs of
these initial tokens while evicting those with low attention
scores in the middle, StreamingLLM [13] reduces memory
overhead during autoregressive generation. PyramidInfer [15]
further observes that fewer KV pairs are critical for inference
in deeper layers, and thus progressively decreases the retention
ratio with depth. For merging strategies, most approaches build
on top of eviction by merging the KV pairs that would other-
wise be discarded into the remaining ones, thereby mitigating
information loss. Intra-layer token-wise methods are common,
such as CaM [17] and KVMerger [18]. There are also inter-
layer approaches. MiniCache [21] observes the similarity of
the same token’s KV pairs across adjacent layers and applies
spherical linear interpolation for merging. xKV [23] demon-
strates cross-layer subspace similarity via CKA [31] analysis,
and employs cross-layer SVD decomposition to achieve high
compression ratios with minimal performance loss.

B. Model Calibration

As mentioned above, KV Cache compression inevitably
incurs performance degradation to some extent. Therefore,
some works explore methods for repairing or calibrating the
model outputs after compression. For example, The Unrea-
sonable Ineffectiveness of the Deeper Layers [24] mitigates
the loss from layer pruning by applying QLoRA fine-tuning.
CLA [25] retrains the model after reusing adjacent-layer KV
caches to maintain performance, and KeepKV [16] proposes
a voting mechanism that enables “zero-perturbation” merging
and replaces attention score with EMA score [32], [33] to
achieve multi-step generation.

However, these approaches are either not training-free or
require additional computation. The overall inference time
increases as the compression ratio grows. To address these
issues, we propose SimCalKV to calibrate output perturbations
through simple matrix addition operations, which accelerates
LLM inference while maintaining model performance under
low KV cache budgets.

III. METHODOLOGY

A. Preliminary

1) Attention mechanism: Attention mechanism is the core
part of Transformer models [34], and the KV cache plays a
crucial role in it. Each token in an LLM is encoded as a vector
x ∈ Rd. By multiplying x with the weight matrices Wq , Wk,
and Wv , the corresponding query, key, and value vectors are
obtained. These matrices represent the semantic information of
the token. When predicting the next token, the LLM depends
on all previous tokens. Since computing the keys and values
for previous tokens at each time step is redundant, we can store
these K and V vectors as KV cache which avoids repeated
computation and significantly improves inference efficiency.

In this section, we introduce the basic workflow of how
KV cache participates in the computation. For simplicity, we
consider the attention mechanism of a single head in one layer
of the LLM. Suppose at time step t, the input of the L-th
layer is denoted as Xt = [x1,x2, . . . ,xt]. The attention weight
matrices are Wq ∈ Rd×d, Wk ∈ Rd×d, Wv ∈ Rd×d, where
d is the hidden dimension. Then we have:

Kt = XtWk = [k1,k2, . . . ,kt],

Vt = XtWv = [v1,v2, . . . ,vt],

qt = xtWq.

(1)

When the KV cache is used, the keys and values computed
from the previous t−1 time steps are stored. At time step t, the
newly generated kt and vt are concatenated to the KV cache
to form Kt and Vt. Then, the query qt at the current step is
used to compute attention scores with the entire KV matrices,
yielding the attention output. The subsequent decoding process
repeats the above procedure, where each newly generated KV
vector is appended to the existing KV matrices, and the cache
is continuously accumulated and updated.

Kt−1 = [k1,k2, . . . ,kt−1],

Vt−1 = [v1,v2, . . . ,vt−1],

Kt = Concat(Kt−1,kt),

Vt = Concat(Vt−1,vt).

(2)

The attention weights of the i-th token can be written as:

wi = e
qtk

⊤
i√
d , Ai = softmax

(
qtk

⊤
i√
d

)
=

wi∑
j wj

. (3)

and the attention output is

Ot =
t∑

i=1

Aivi. (4)

The KV Cache effectively alleviates redundant computations.
However, the memory overhead caused by the KV cache
grows rapidly as the time step increases. The matrix multi-
plication operations also become increasingly expensive and
the throughput declines with the sequence length, making
efficient deployment challenging. Therefore, it is crucial to
design a proper KV compression strategy to reduce memory
usage while maintaining competitive model performance.

2) KV Cache Merging: The merging of KV cache mainly
consists of two steps. Take the key matrix K as an example.
Let K = {k1,k2, . . . ,kt} denote the set of key vectors, where
each ki corresponds to a row of K.

(i) Split K into two disjoint subsets Km and Kn according
to the attention scores. Here, Km denotes the important
tokens that should be preserved, while the tokens in Kn

need to be merged into Km, such that K = Km∪Kn and
Km ∩ Kn = ∅.

(ii) For each ki ∈ Kn, apply a merging strategy to update
some kj ∈ Km. We denote this as kr = update(kj),
where the update function can be viewed as a merging
function Merge(ki,kj). This process continues until all
tokens in Kn are merged into Km.
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Fig. 3: Attention distribution of the LLama2-7B model on the OpenBookQA dataset. By randomly selecting different layers
and attention heads, we found that over 90% of the tokens receive very low attention scores, mostly in the range of 0 to 0.01.
Tokens with large attention scores account for only a small portion.

The merging function is defined as:

Merge(ki,kj) = wiki + wjkj , (5)

where the weights wi and wj play an important role in
determining the quality of subsequent outputs.
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Fig. 4: Token-wise key similarity across different layers and
heads of LLama2-7B. The horizontal and vertical axes repre-
sent token indices. The result shows that a substantial number
of key pairs exhibit high similarity.

B. Motivation

Before executing the merging algorithm, we first need
to determine the eviction set Kn and the preservation set
Km. Previous research has revealed the sparsity of attention
distributions, where only a small fraction of tokens receive
high scores, while most have scores close to zero. Inspired by
StreamingLLM [13], we conduct relative experiments, and the
results are shown in Figure 3. Tokens with low attention scores
account for over 90% of the sequence. They play a relatively
unimportant role and can therefore be merged into tokens with
high attention scores. Furthermore, for each ki ∈ Kn, we need
to identify the most appropriate kj ∈ Km to merge with.

1) Key Pairs Similarity: Suppose there are two identical
keys k1 and k2. They will receive exactly the same attention
score from the same q, i.e., A1 = A2. In this case, we can
attempt to use a single key to replace both of them, thereby
reducing memory consumption while minimally affecting the
attention distribution. Consequently, we propose the following
assumption: The correction of attention outputs before and
after merging requires that the two key vectors to be
merged, km and kn, are similar.
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Fig. 5: Correlation between cosine similarity and L2 distance
of key vectors. The tokens on the left and right sides of the
dashed line correspond to the prefill and decoding stages,
respectively.

To measure the similarity between k1 and k2, we need to
compute two metrics: cosine similarity and Euclidean (L2)
distance. The cosine similarity and L2 distance between ki

and kj are defined as follows:

cosSimilarity(ki,kj) =
kik

⊤
j

∥ki∥ ∥kj∥
, (6)

DL2
(ki,kj) = ∥ki − kj∥2. (7)

We conduct a comprehensive experimental analysis based on
both cosine similarity and L2 distance across all layers and
heads of the LLama model and visualize part of the results in
Figure 4. The findings show that keys exhibit a high degree
of similarity in the majority of layers and heads. Moreover,
such similarity is not limited to adjacent keys. Two keys that
are far apart can also have very high cosine similarity. As
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shown in Figure 5, the distributions of cosine similarity and
L2 distance exhibit a strong correlation. Pairs of key vectors
with high cosine similarity tend to have small L2 distances.
In other words, there are no cases where two vectors have
a small angle but a large Euclidean distance. Consequently,
we can use cosine similarity alone to measure the correlation
between two keys.

2) Output Perturbation: The direct reason for the degraded
model performance after merging is the change in the attention
distribution. This change accumulates over time and eventually
becomes large enough to affect the model’s output. Suppose
we merge km,kn into kr, and vm,vn into vr. Let S denote
the sum of all other weights except the tokens being merged.

S =
t∑

i=1

wi − (wm + wn). (8)

After merging, the perturbation to the attention output can be
expressed as

P =
Arvr

S + wr
− Amvm +Anvn

S + wm + wn
. (9)

To mitigate the effect of merging, we aim to select an optimal
merging rule f∗ from the candidate set F such that the
perturbation is minimized:

f∗ = argmin
f∈F

|P (f)|. (10)

Here F denotes the set of possible merging strategies, and
P (f) is the resulting perturbation under strategy f . Any
merging algorithm inevitably introduces additional computa-
tional overhead. It mainly includes the attention calculation,
similarity measurement and the merging operation itself. If
the overhead is too large, it may offset the speedup gained
from cache reduction, causing the total inference time to
increase instead of decrease. The major challenge lies in that:
simple merging formulas are likely to degrade accuracy, while
complex ones introduce significant latency. Therefore, it is
crucial to find a balance: how can we maintain nearly the
same level of accuracy while improving inference speed?

C. Method: SimCalKV

Based on the above considerations, we propose a simple
yet efficient merging method that accelerates inference while
preserving model performance.

1) Set Partitioning: At time step t, we compute the cu-
mulative attention each token receives from all other tokens
and rank them in descending order. Given a compression ratio
R, the eviction set Kn is formed by selecting ⌊t · R⌋ key
vectors with the lowest attention, while the preservation set
Km consists of the remaining

(
t− ⌊t ·R⌋

)
key vectors.

2) Merging: To solve Equation (10), we need to design
a merging method with low computational overhead. Suppose
we need to merge km, kn into kr, and vm, vn into vr, where
km and vm come from the preservation set and kn and vn

come from the eviction set. Let the attention output before

and after merging be denoted as O and O′, respectively. The
original attention output can be expressed as

O =

∑t
i=1,i ̸=m,n wivi + wmvm + wnvn∑t

i=1,i̸=m,n wi + wm + wn

, (11)

and the output after merging is given by

O′ =

∑t
i=1,i̸=m,n wivi + wrvr∑t

i=1,i ̸=m,n wi + wr

. (12)

It should be noted that r is not a subscript. The merged key-
value pair (kr,vr) will be inserted at the same position as
(km,vm), since km and vm come from the preservation set.
The ideal case requires that O = O′. Thus, we can derive the
following equation:

e
qk⊤

m√
d + e

qk⊤
n√
d = e

qk⊤
r√
d , wmvm + wnvn = wrvr. (13)

Now consider the special case when the two keys are identical,
i.e., km = kn. In this case, Equation (13) reduces to

e
qk⊤

r√
d = 2e

qk⊤
m√
d . (14)

The approximation error |O − O′| mainly depends on the
similarity between km and kn. The more similar the two
keys are, the smaller the error will be. Therefore, for each
candidate key kn, we always merge it with the key km that has
the highest similarity. This strategy ensures that the merging
process introduces minimal error. Based on the observation,
we propose separate merging formulas as follows for both
keys and values, which are simple and introduce very little
additional computational overhead.

kr =
km + kn

2
+ δ, vr =

wmvm + wnvn

wm + wn
. (15)

Here, δ is introduced as a bias vector with the same shape as
kr, where each entry is set to ln 2.

δ = [ln 2, ln 2, . . . , ln 2] ∈ Rd. (16)

3) The derivation of bias vector δ: According to Equa-
tion (13), we need to solve the equation

r = ln(em + en). (17)

To facilitate the subsequent calculations, we introduce two new
variables x and y.

x =
m+ n

2
, y =

m− n

2
,

Using the new variables, we derive the following closed-form
expression for r. When the difference between m and n is
sufficiently small, a Taylor expansion of ln(cosh y) can be
applied to approximately express r.

r = x+ ln 2 + ln(cosh y)

≈ m+ n

2
+ ln 2 +

(m− n)2

8
+O(y4)

(18)

This shows that the merged exponent r can be decomposed
into two parts: a linear mean term x and a nonlinear correction
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Fig. 6: Illustration of SimCalKV merging. (1) Sort according
to attention scores. (2) Partition into retained set and evicted
set. (3) Merge and calibration. KV Cache is updated while
maintaining the original order.

term ln(cosh y) that depends on the difference between m and
n. The above analysis and Equation (18) motivate the merging
formula for kr. According to Equation (14), to ensure

q(k⊤
m + δ)√
d

= ln 2 +
qk⊤

m√
d
, (19)

it is required that the sum of all elements in q, denoted as∑
i qi, satisfies the following condition

δk ·
∑

i qi√
d

= ln 2. (20)

Notation δk denotes the value of each element in δ. However,
since the query vector q varies at each decoding step, the
sum of its elements also changes accordingly. As a result,
δk obtained from Equation (20) can only satisfy the merging
condition for the current time step. If δk is set as a learnable
parameter, it would introduce additional computational over-
head with limited performance enhancement. Moreover, our
experimental results further demonstrate that using ln 2 yields
higher accuracy compared with δk solved by Equation (20).
Based on this output, we select appropriate key-value pairs
for compression. The correction after the averaged merging re-
mains valid at any time step. The merging process is illustrated
in Figure 6 and the algorithm is described in Algorithm 1.

IV. EXPERIMENT

A. Experimental Settings

a) Tasks: We evaluate SimCalKV on a comprehensive
set of tasks, covering both standard and extended context
lengths. Specifically, we choose the COPA [35] and Open-
BookQA [36] datasets for question-answering. For summa-
rization, we employ the XSUM [37] and CNN/DailyMail [38]
tasks provided by the HELM framework. To assess perfor-
mance on long-context and synthetic tasks, we utilize Long-
Bench [39] and Needle-in-the-Haystack [40], which examine
the algorithm’s ability to handle extended sequences, multi-
document reasoning, and retrieval-intensive scenarios.

Algorithm 1 SimCalKV Merging at t-th Step
1: Input: Attention scores w, compression ratio R, KV cache
2: Compute cumulative attention for each key vector:
3: Ak =

∑
q softmax

(
qk⊤
√

d

)
, ∀k ∈ K

4: Partition K into preserved set Km and eviction set Kn according
to {Ak} and R

5: for each ki ∈ Kn do
6: Compute similarity with preserved keys:
7: C = cosSimilarity(ki,kj), ∀kj ∈ Km

8: Select the most similar preserved key:
9: kj = argmaxkj∈Km C

10: Merge:
11: kr =

kj + ki

2
+ δ, vr =

wjvj + wivi

wj + wi

12: Evict (ki,vi) and replace (kj ,vj) with (kr,vr) in KV
cache

13: end for
14: Output: Updated KV cache

b) Models and Baselines: Our evaluation is conducted
on four large language models of different scales: OPT-
1.3B [8], TinyLlama [41], Qwen2.5-7B-Instruct [42], Llama2-
7B [2] and LLama3.1-8B [43]. We compare our method
against multiple baseline approaches for KV cache manage-
ment, including representative eviction and merging methods
PyramidInfer [15], CaM [17] and KeepKV [16].

c) Implementation: In our experiments, we apply the
same compression ratio and strategy to each layer of the
LLM. All models are implemented using the Hugging Face
Transformers [44] library and evaluated on NVIDIA RTX
4090 24GB and H20 SXM 96GB GPUs. Performance metrics
contain total inference time, throughput, memory consumption
and task accuracy, providing a comprehensive assessment
of the algorithm’s effectiveness across different models and
datasets.

Budget Full Cache KeepKV PyramidInfer SimCalKV(Ours)

80% 28.88 29.18 29.45 29.68
50% 24.19 26.05 25.77 27.17
20% 20.35 26.90 26.41 28.03

TABLE I: Throughput (tokens/s) comparison under different
compression ratios. We select different models and datasets
for each compression ratio, so the throughput of the full cache
also varies. From the experimental results, it can be observed
that the throughput exhibits a positive correlation with the
compression ratio.

B. Inference Time and Throughput Test

Inference time refers to the total time consumed, includ-
ing prefill, decoding and merging. Most previous studies
have focused primarily on throughput. When compression
is applied, the reduction in matrix multiplication operations
naturally improves throughput as shown in Table I. But the
total runtime of the model remains an important evaluation
metric. Therefore, we measure inference time under various
conditions, including KV Cache budgets ranging from 100%
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Fig. 7: Comparison of inference time using different models and datasets. The figure shows that compared with full-cache
inference, our compression method achieves practically meaningful acceleration on various task. The speedup can reach up to
1.5×, which is particularly valuable for long-context tasks.

to 20% and different sequence lengths. Since the merging
algorithm itself inevitably introduces extra computation, the
total inference time may even increase when the sequence is
short and the compression ratio is high. However, our method
reduces the computational overhead, allowing it to complete
inference faster under all circumstances. When the budgets are
smaller, the acceleration is more obvious. The total inference
time increases with compression ratio because more merging
computation is required. SimCalKV has the capability to slow
down the rate of time growth as shown in Figure 7.

To better illustrate the efficiency of our algorithm in com-
pressing the KV Cache, we report the time overhead of the
compression process alone, excluding the decoding stage. We
use the gov report dataset from LongBench as a representative
example due to its relatively long input sequences. The input
and output lengths are set to 4096 and 512, and three com-
pression ratios of 0.2, 0.5, and 0.8 are evaluated. The results
are presented in Table II. A larger compression ratio requires

more merging operations, which increases the processing time.

Compression Ratio Evaluation
Methods

SimCalKV KeepKV CaM

0.2×
time 4.50s 4.74s 5.31s

score 17.21 18.56 18.01

0.5×
time 4.84s 6.26s 6.13s

score 18.81 15.99 17.39

0.8×
time 5.11s 5.50s 7.26s

score 12.98 10.41 17.41

TABLE II: Comparison of different compression methods on
H20 SXM 96GB. The compression time of SimCalKV is the
shortest and the Rouge-L score remains competitive.
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Model Budget Method xsum cnn gov-report lcc repobench-p copa openbookqa avg

Qwen2.5-7B

100% Full Cache 6.50 8.32 19.28 43.43 33.75 75.43 32.59 31.33

60%

PyramidInfer 5.13 6.57 18.84 41.20 31.09 64.92 24.17 27.41
KeepKV 6.54 7.47 19.15 42.90 32.03 75.11 31.34 30.65

CaM 6.58 7.31 18.94 42.40 32.11 75.82 31.00 30.59
SimCalKV 6.38 7.53 19.01 42.47 32.62 74.93 31.45 30.63

20%

PyramidInfer 4.22 5.09 18.21 40.05 29.39 40.08 12.49 21.36
KeepKV 6.35 7.47 18.94 41.96 32.00 73.83 30.36 30.13

CaM 6.12 7.58 18.62 40.85 27.75 73.51 30.91 29.33
SimCalKV 6.19 7.26 18.86 39.12 32.76 73.99 30.21 29.77

LLaMA2-7B

100% Full Cache 8.86 13.30 26.34 60.41 49.79 87.00 31.40 39.59

60%

PyramidInfer 8.42 12.78 25.59 57.09 48.46 83.01 29.85 37.89
KeepKV 8.91 13.12 25.68 60.33 49.60 86.58 30.60 39.26

CaM 8.60 12.95 25.74 59.81 49.30 87.90 30.22 39.22
SimCalKV 8.30 13.18 26.34 60.26 49.65 86.77 30.53 39.29

20%

PyramidInfer 8.17 12.52 25.32 52.49 48.10 79.36 26.68 36.09
KeepKV 8.05 12.93 25.20 57.42 48.84 82.44 28.75 37.66

CaM 8.24 10.63 24.85 56.80 48.33 81.92 28.20 37.00
SimCalKV 8.51 12.77 24.41 58.22 48.21 83.06 28.80 37.71

LLaMA3.1-8B

100% Full Cache 14.48 29.74 26.52 63.04 63.39 50.00 57.80 43.57

60%

PyramidInfer 11.86 23.13 28.54 47.31 62.14 38.00 47.45 36.92
KeepKV 13.55 26.35 28.69 48.94 61.98 47.80 50.58 39.70

CaM 13.38 29.03 28.43 44.49 62.40 34.30 46.43 36.92
SimCalKV 13.70 25.86 28.08 50.51 62.17 46.90 43.70 38.70

20%

PyramidInfer 12.36 16.91 17.97 38.30 62.93 25.00 45.70 31.31
KeepKV 9.32 15.21 20.28 38.17 62.93 20.10 40.90 29.56

CaM 13.48 20.69 18.93 36.47 61.28 35.20 33.88 31.41
SimCalKV 10.56 12.13 22.31 39.85 62.91 36.60 35.77 31.44

TABLE III: Performance comparison of KV compression methods on different models under various budgets. Our method
remains competitive under low KV Cache budgets.

Dataset Full Cache 0.95 0.9 0.85 0.8 0.75 0.7 0.65 0.6 0.55 0.5 0
xsum 11.69 10.78 10.21 9.91 10.66 10.77 10.57 10.64 10.78 10.92 10.34 10.66
cnn dailymail 20.70 13.76 13.61 12.69 12.58 12.64 12.52 13.83 13.17 13.15 12.85 12.90

TABLE IV: Rouge-L scores of LLama3.1-8B on different tasks under various similarity thresholds, with a compression ratio
of 0.4×. The input and output lengths are 512+64 for XSUM and 1024+64 for CNN/DailyMail.

C. Accuracy under Various Compression Ratios

We evaluate the performance of SimCalKV on the LLama
and Qwen model series, using KeepKV and PyramidInfer as
baselines for comparison. The results are shown in Table III.
Across different compression ratios, our method is able to
maintain competitive accuracy on various tasks. Eviction-
based approaches suffer from significant degradation under
lower budgets, while the state-of-the-art merging method can
largely mitigate the performance drop, especially at very low
budgets. Since our approach relies on similarity, there may not
be enough similar key pairs to merge when the compression
ratio becomes too large, which inevitably causes some accu-
racy loss. Nevertheless, the experimental results show that this

degradation is only slightly weaker than KeepKV. In short, we
trade a small portion of accuracy for a substantial speedup, as
will be demonstrated in the experiments presented in the next
section. The trade-off highlights the practicality of our method
in real-world deployment scenarios.

D. Similarity Thresholds of SimCalKV

Previous research [13], [15] have shown that directly evict-
ing tokens with low attention scores can maintain a certain
level of accuracy. However, to further improve model perfor-
mance, subsequent research adopts similarity-based merging.
The question then arises: what degree of similarity between
keys is appropriate for merging? To address this issue, we
conducted relative experiments to compare the accuracy under
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different similarity thresholds. Specifically, the keys of two
tokens are merged when their similarity exceeds the threshold.
Otherwise, we evict the token directly. We vary the similarity
threshold from 0.95 to 0.5 with an interval of 0.05. Experi-
mental results in Table IV indicate that the model performance
does not exhibit a clear dependency on the specific threshold
value. For instance, on the XSUM dataset, the Rouge-L score
fluctuates slightly as the threshold changes. Even when the
threshold is set to 0 (i.e., all keys are merged), the model
demonstrates stable performance. This observation suggests
that it is sufficient to adhere to the principle of merging each
key in the eviction set with its most similar counterpart in the
retention set, without being overly concerned about the precise
magnitude of their similarity.

Compression Ratio Value of δ rouge1 rouge2 rougeL
Full Cache - 16.73 3.00 11.72

0.4× δk(2.05) 12.08 1.88 9.71
ln2 14.41 2.16 10.68

0.8× δk(2.05) 10.18 1.01 8.37
ln2 13.62 2.78 10.93

TABLE V: Rouge scores of LLaMA3.1-8B on XSUM under
various bias vectors. The value 2.05 is computed accurately
according to Equation (21). When each element of the bias
vector δ is set to ln2, the model performance under different
compression ratios is the closest to that of the full cache.

E. Ablation study on the bias vector δ

To accurately solve for δk from Equation (20), we need to
know all q vectors in the decoding steps in advance. Assume
the generated sequence length during decoding is l. Timestep
t is the moment when the model starts decoding. Then, we
solve the following equation based on qt to qt+l:

δk ·
1
l

∑t+l
i=t

∑
j qi,j√

d
= ln 2, (21)

where
∑

j qi,j denotes the sum of all elements in the i-
th query vector. Different datasets, models, and decoding
lengths may lead to different values of δk, indicating that the
algorithm lacks universality. We take the XSUM dataset as
an example to verify whether the δk obtained by the above
method can improve model accuracy. The results are shown
in Table V. Since query vectors in the future are unknown
during the decoding process. At the current timestep t, only
qt is available, making Equation (21) unsolvable in practical
deployment.

F. Analysis

In our experiments on inference latency, the results show
that the strategy of adopting different compression ratios
across layers, as used in PyramidInfer [15], leads to a sig-
nificant increase in inference time. This is likely because
varying the size of the KV cache at each layer requires
dynamic memory allocation and reduces GPU kernel reusabil-
ity. Therefore, we applied the same compression ratio for

KeepKV [16] and SimCalKV across all layers in our final
experimental setup, which is more hardware-friendly. Our
method maintains competitive accuracy while still achieving
over 1.3× acceleration when more than 20% of the KV Cache
is preserved.

Another interesting phenomenon is that the model perfor-
mance does not strictly degrade as the amount of retained
KV Cache decreases. In theory, each token’s KV Cache stores
important information. Compressing too much of the KV
Cache could prevent the model from properly understanding
the semantics, thereby reducing task accuracy. However, exper-
iments show that selecting a relatively large compression ratio
still allows the model to maintain competitive performance.
We use an interval of 0.1 and evaluate LLama3.1-8B under KV
Cache budgets ranging from 0.2 to 0.9 on the cnn dailymail
dataset. The results are shown in Figure 8. These findings
inspire us to explore more suitable compression strategies and
budget ratios in the future to maintain model performance.
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Fig. 8: Model performance remains relatively stable for KV
Cache budgets in the range of 0.2 to 0.8. Even under lower
budgets, the model can maintain reasonably good performance.

V. CONCLUSION

In this paper, we propose a simple KV Cache merging
method. The key is calibrated by adding a bias vector after
averaging, while the value is merged according to the attention
scores, which reduces output perturbation and allows the
model to generate nearly lossless outputs. At the same time,
since our method does not introduce significant additional
computational overhead, it achieves substantial reductions in
total inference time across different input lengths and com-
pression ratios compared with the latest approaches, resulting
in considerable speedup.
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