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Abstract

The autoregressive inference in large language
models requires repeated computation across
transformer layers. While caching interme-
diate key-value (KV) pairs eliminates redun-
dancy, it introduces severe memory overhead,
particularly in long-context settings. Existing
cache compression methods operate solely on
either quantization or eviction, based on im-
portance estimation of cached data. However,
they are limited by coarse compression choices
and inaccurate importance assessment, lead-
ing to suboptimal inference quality. To ad-
dress this, we propose HqeKV, a hybrid com-
pression framework built on both quantization
and eviction, offering finer-grained compres-
sion options that adapt smoothly to the vary-
ing importance of cached KV pairs. An in-
tegrated optimizer automatically selects the
best compression action for each cached el-
ement, maximizing quality while insulating
end-users from tedious low-level tuning de-
tails. We further design a joint K-V impor-
tance metric to provide more accurate impor-
tance assessment results so that the optimizer
can make smarter decisions. Additionally,
HqgeKYV supports flexible conversion policies
across multiple quantization precision levels,
to further reduce quality degradation. Exten-
sive experiments show that HqeKV improves
output quality from 40.53 to 49.98 under the
same memory constraints, outperforming state-
of-the-art alternatives. Code is available at
https://github.com/skywclouds/HgeKV.

1 Introduction

Large Language Models (LLMs) are gaining in-
creasing popularity due to their remarkable perfor-
mance across a wide range of tasks. LLMs work
through Inference-as-a-Service (IaaS) where the
prompt from an end-user is processed autoregres-
sively through stacked transformer layers to gener-
ate output tokens. Each newly generated output is
appended to the input sequence and then processed

together, resulting in substantial redundant compu-
tations for the repeated input. Caching intermediate
key-value (KV) pairs of previously processed to-
kens can effectively mitigate this inefficiency, but
introduces a significant memory bottleneck. The
size of KV Cache grows linearly with sequence
length and can exceed the model’s own memory
footprint, especially for long-context IaaS.

Many recent efforts have been devoted to com-
pressing KV Cache, which primarily fall into two
categories, i.e., quantization and eviction. Quanti-
zation methods reduce numerical precision, typ-
ically converting FP16 values to a single low-
precision format (Su et al., 2025) or, at most, two
mixed low-precision formats (Li et al., 2025). How-
ever, their coarse quantization granularity and the
uniform converting strategy cannot adapt to the
varying information density present in different
cached pairs, forcing a difficult trade-off between
inference quality and memory savings. Eviction
methods, on the other hand, discard KV pairs
deemed less important (Qin et al., 2025), avoid-
ing (de)quantization runtime penalty and enabling
faster inference, but often incur noticeable qual-
ity degradation. Crucially, both lines of compres-
sion works rely on distinguishing the importance
of cached data. Current metrics, however, consider
only the key (K) vectors and ignore the influence of
value (V) vectors, leading to imprecise assessments
that further exacerbate the quality loss.

Motivated by these limitations, we propose
HqgeKYV, a hybrid framework that combines quanti-
zation and eviction for efficient KV Cache compres-
sion. Cached KV pairs are sorted by importance
in ascending order. The top-tier pairs are quan-
tized to high precision or even not compressed, the
middle tier to medium or low precision, and the
bottom tier is evicted. To better accommodate vary-
ing importance levels, we particularly expand the
candidate precision levels to three, after balancing
bit utilization and runtime latency. Furthermore, a
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built-in optimizer automatically determines the op-
timal boundaries among FP16, three quantization
precisions and eviction, based on available memory
capacity, thereby maximizing inference quality.

The increased number of compression options
amplifies the challenge of accurate importance as-
sessment, which is fundamental to optimizing ac-
tion boundaries. This problem is exacerbated by
the standard cumulative attention weight metric,
which relies solely on K vectors and excludes V
vectors since the information of the latter is not
readily available in advance. To address this gap,
we first observe a positive correlation between in-
ference quality degradation and the range of V vec-
tors. Leveraging this observation and adhering to
the principles of attention computation, we pro-
pose a new joint K-V metric to accurately assess
the importance of cached pairs.

We further find that within our fine-grained
quantization scheme, the optimal conversion strate-
gies differ by bit-width. The uniform conversion
works best for high bit-widths/precision, while
the normalized conversion is superior for low bit-
widths/precision. HqeKV accordingly applies the
tailored strategy for each precision level, thereby
enhancing inference quality.

Our contributions are summarized as below.

* Proposing a hybrid compression framework
HqgeKYV that combines quantization and evic-
tion where cached pairs are processed using
one of five compression actions——FP16 (full
precision), three fine-grained quantization pre-
cisions or eviction. By adaptively optimizing
the action boundaries and selecting tailored
conversion strategies for different precisions,
HqgeKV maximizes inference quality within
given memory limits.

Proposing a novel importance metric that
jointly incorporates both key (K) and value
(V) tensors, based on the observed positive
correlation between quality degradation and
the range of V vectors. This refined metric
improves the distinction among cached pairs,
leading to superior boundary decisions and
enhanced inference quality.

Extensive experiments on the widely used
LongBench suite and multiple LLMs show
that HqeKV significantly outperforms the
state-of-the-art, improving quality from 40.53
to 49.98 under the same memory limit.

2 Preliminary

2.1 Transformer Architecture

Most of the state-of-art LLMs currently are built by
stacking multiple decoder-only Transformer layers.
Each Transformer layer maps its input vector x to
an output vector of the same dimension.

The core of a single Transformer layer is the
Multi-Head Self-Attention (MHSA) mechanism.
Given input vector z, MHSA firstly generate @, K,
V' as query, key, and value for every head. Then,
the self-attention for every head is computed by:
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where the Softmax(QK ' /\/d},) is called attention
weights.

2.2 LLM Inference and KV Cache

LLM inference consists of two phases, including
prefilling and decoding. In prefilling, text is en-
coded into tokens and then processed through trans-
former layers to produce the first output token x.
In decoding, the model iteratively appends new
tokens to the prefix and re-inputs it, causing re-
dundant calculations of K, V and self-attention.
To optimize this, KV Cache stores previous Keys
and Values matrices. When generating x4 9, only
the newly produced vector x, is projected into
key and value spaces k41, vr41. These projections
are then concatenated with the cached matrices
K = [K|kt+1],V = [V|vis1]. This incremental
reuse technique is called KV Cache mechanism.

2.3 Quantization Strategies

Quantization is a kind of methods mapping num-
bers from high precision to low precision. This pa-
per employs uniform and normalized quantization.
The following first introduces the uniform quantiza-
tion. Let the vector to be quantized be = € R *P,
then the quantization and de-quantization output is
shown as follows:

Sdg =2¢- S+ 2,

s
where z = min(E) is the offset, and s =
% is the scaling factor, and b is the

quantization precision. This process can be re-
garded as placing each number at the center of a
set of equal-length intervals.



Second, we introduce the normalized quantiza-
tion. The first step in normalized quantization is
shown as follows:

where m and s is the mean value and standard

deviation of &. Then, let C' = [cp, -+ ,Cqp_1] to be
b .
the 2%, ceey 22;1 quantile of the standard normal

distribution. The quantization output of numbers
in vector = is shown as follows:
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where (1) is the standard normal density function.
And the de-quantization output is shown as follows:

Edq = C[Eq] - s +m.

This process can be regarded as placing each
number at its nearest quantile of the standard nor-
mal distribution.

3 Method

3.1 Overview of HqeKV

We present HqeKV, a novel KV Cache compression
method and the general framework is illustrated in
figure 1. In the prefilling phase, the Q, K and V are
generated and then in compression phase, a novel
importance metric jointly incorporates attention
weights and value token ranges guides the alloca-
tion of K and V into five precision based on the
optimal ratio with specific compression strategy. In
the decoding phase, the KV Cache is periodically
re-quantized after every 1" generated tokens.

The remainder of this section is organized as fol-
lows. In Section 3.2, we introduce the proposed
joint importance metric for KV Cache compres-
sion, which incorporates both attention scores and
the range of value tokens. Section 3.3 presents a
search algorithm designed to determine the opti-
mal allocation ratio across different precision lev-
els. In Section 3.4, we detail the precision-specific
compression strategies employed for KV Cache.
Finally, Section 3.5 describes the operational mech-
anism of HqeKV in the decoding phase.

3.2 Joint Importance Metric with Range

Most existing KV Cache compression methods rely
on cumulative attention weights to evaluate impor-
tance, often overlooking the intrinsic properties of

the KV Cache. In this section, we derive the rela-
tionship between conversion loss and data range,
providing support for designing a more reasonable
KV Cache importance metric.

The quantization process can be regarded as map-
ping each value to its nearest quantization center.
Assuming the data to be quantized is independently
and identically distributed as p(&), the quantiza-
tion bit-width b, and denoting the interval that is
closest to quantization center c; in possibility as I,
the expected conversion loss for any value can be
expressed as follows:
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Equation (2) can be interpreted as drawing a sam-
ple £ from the probability distribution p(§), and &
may fall into any quantization interval. We com-
pute the expected squared distance between £ and
the quantization center within each interval and
then sum them up. Owing to the generic formu-
lation, the expression holds for both uniform and
normalized quantization—the sole distinction re-
sides in the partitioning policy and the placement
of the representative codewords.

From Equation (2), it follows that the quantiza-
tion error of a vector is determined by its extremal
values. Consequently, defining the range of a vectot
= as Rz = max(Z) — min(Z), the range emerges
as a direct indicator of the incurred conversion loss.

To validate the viewpoint, We visualize the Equa-
tion (2) and by means of numerical integration. We
assume that p(§) is the standard normal density
function, b is 4 and quantization strategy is uni-
form quantization in Equation (2). We also ran-
domly select 1,000 tokens from the V Cache of
Llama-3.1-8B-Instruct, corresponding to the first
question in the Qasper dataset of LongBench (Bai
et al., 2024) and quantize them to 4, 2 bit-widths
under uniform quantization, 1 bit-width under nor-
malized quantization and eviction, evaluating the
range and conversion losses as shown in Figure 2.

From Figure 2 we can obtain that there is a pos-
itive correlation between conversion losses and
the range of data. We also calculate the Pear-
son correlation coefficients (PCCs) of conversion
losses from the randomly select tokens and range
as shown in Table 1. And a positive correlation be-
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Figure 1: The inference framework of HqeKV in a single Transformer layer.
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Figure 2: Numerical integration of Equation (2) under
4 bit-width uniform quantization and the conversion
losses of tokens from KV Cache in LongBench with
range.

tween conversion losses and the range is indicated
by the results.

In summary, the range serves as a viable metric
for quantifying the conversion losses. Accordingly,
we quantify K’s importance through cumulative at-
tention weights. Meanwhile, the importance of V is
assessed through the product of the cumulative at-
tention weights and the range of each token within
V since in Equation (1) there is a multiplication
between attention weights and V.

Bit-width
PCCs (V Cache)

4-bit 2-bit 1-bit
0.96 096 0.95

eviction
091

Table 1: Pearson correlation coefficients (PCCs) of con-
version losses and range at 4, 2 and 1 bit-widths and
eviction.

3.3 Optimizer for Precision-Ratio Allocation

The allocation of precision ratio in the scenario of
mixed-precision compression is a highly critical

issue. The existing approaches typically involve
either manual allocation of the ratio of each preci-
sion or the establishment of certain thresholds to
determine the precision to which a token should be
quantized. However, these strategies are clearly not
the optimal approach. In contrast, our work adopt
an offline search method to determine the ratio of
each precision.

Let the average bit-width of compressed KV
Cache to be B,y and the ratios of 4, 2, 1 bit-widths
and eviction to be 01, d2, I3, d4. Then the allocation
of ratios for different precision can be expressed by
Equation (3).

4(51 +252+53 :Bavg
01+0d02+03+d0s=1
S.t. Bavg > 0,0 < 0q,---64 < 1.

3)

To solve the infinite solutions of Equation (3),
we set d3, d4 as free variables and represent §1, d2 in
terms of them. We use the Tree-structured Parzen
Estimator (TPE) (Bergstra et al., 2011) to effi-
ciently search for the values of d3 and d4. Specifi-
cally, we set the number of iterations to 200. Due
to the quantization dimensions of K and V are
different, we partition the KV Cache into chunks
with size G. Within each chunk, we apply the
per-channel quantization to K and the per-token
quantization to V. To determine the importance of
each chunk, we utilize the average importance of
the tokens within the same chunk as a representa-
tive measure. We denote the cross-entropy of the
model’s prefilling output in certain quantization ra-
tio and the full-precision prefilling output on the
calibration dataset as L.

Additionally, we design a regularization term



Lieg = axz + Bwy. We aim to reduce the ratios
of low precision through the incorporation of this
regularization term. So the final loss function is
defined as £ = L¢ + Lreg.

The ratio that minimizes £ is considered as the
optimal ratio. And we retain the most import 2
chunks in full precision to further improve the
model performance under quantization. The pro-
cess of the search is shown in Appendix A.1.

3.4 Precision-Specific Quantization Strategies

Existing KV Cache mixed-precision quantization
methods uniformly apply a single quantization
strategy across all precision levels, overlooking the
fact that distinct strategies are better suited to dif-
ferent bit-widths. To substantiate this claim, we ex-
tract the KV Cache of Llama-3.1-8B-Instruct from
the first question on Qasper dataset in LongBench
(Bai et al., 2024), randomly selecting 128 channels
for K and 128 tokens for V and quantizing them to
4,2 and 1 bit-widths under uniform and normalized
quantization. We avoid 8 bit-width since its 256
states exceed the 128-dimensional attention heads
in current LLMs, causing unnecessary overhead.
The conversion losses are shown in Table 2.

. K v
Strategies
4-bit  2-bit  1-bit 4-bit 2-bit 1-bit
Uniform 528 2559 92.06 0.29 144 4.67
Normalized 9.28 2329 3744 0.62 147 2.05

Table 2: Conversion losses for the K and V cache across
different bit-widths and quantization strategies. The
quantization group size is set to 32.

Table 2 reveals that, for both K and V, normal-
ized quantization produces larger conversion losses
than uniform quantization at 4-bit. A reversal oc-
curs only in the 1-bit regime, where normalized
quantization exhibits a decisive advantage over its
uniform counterpart.

Since NQKYV (Cai et al., 2025) confirm that the
data in KV Cache follows a normal distribution,
we randomly sampled 128 vectors € R2® from the
standard normal distribution and quantize them to
4, 2 and 1 bit-widths. The conversion losses are
shown in Table 3.

We can obtain the same phenomenon from Ta-
ble 2 and Table 3. In summary, we decide to per-
form uniform quantization for 4 and 2 bit-width
and normalized quantization for 1 bit-width. For
quantization dimension, we adopt per-channel and
per-token quantization to K and V.

Strategies  4-bit 2-bit  1-bit
Uniform 0.87 4.38 1546
Normalized 1.47 4.07 6.77

Table 3: Conversion losses for random vectors from
standard normal distribution across different bit-widths
and quantization strategies. The quantization group size
is set to 32.

To reduce the computational overhead, we only
select m most recent tokens to calculate the cumu-
lative attention weights. The detailed algorithm is
shown in Appendix A.2.

3.5 Strategy in Decoding Phase

In the decoding phase, we re-quantize all KV
Cache after every T' generated tokens. If the pre-
cision of a token is lower than that in the previous
quantization, we further quantize it. Otherwise, it is
retained unchanged. This strategy is motivated by
the observation that only a minimal fraction of the
KV Cache transitions to higher precision. Further
details are provided in Appendix A.3.

4 Experiments

4.1 Experimental Setup

We conduct our experiments on Llama-3.1-8B-
Instruct (Grattafiori et al., 2024) and Qwen3-8B
(Yang et al., 2025), which are widely used open-
source models with a maximum context length of
128k.

We evaluate the model on LongBench (Bai et al.,
2024), a pioneering bilingual, multi-task bench-
mark for long context understanding which com-
prises 21 datasets across 6 task categories in both
English and Chinese, including single-doc QA,
multi-doc QA, summarization, few-shot learning,
synthetic tasks, and code completion.

We benchmark baselines against five state-of-the-
art methods, including single-precision quantiza-
tion methods KIVI (Liu et al., 2024) and OTT (Su
et al., 2025), mixed-precision quantization meth-
ods ZipCache (He et al., 2024), CAKE (Qin et al.,
2025) and eviction method KVTuner (Li et al.,
2025). We set the average compression bit-width
for HqeKV to 2, 3.2 and 3.25 corresponding to the
compression bit-width of quantization baselines.
And we set the eviction ratio of CAKE to the same
level as 3.2 bit-width quantization. The detailed
hyper-parameters setup is shown in appendix A.4.



Finally, all experiments are conducted on a
NVIDIA RTX A6000 GPU (48GB) device.

4.2 Evaluation on Inference Quality

The brief evaluation results of HqeKV with all base-
lines on the LongBench dataset are shown in Table
4 and the detailed results with quantization base-
lines are shown in Appendix A.5.1. Moreover, the
comparison of HqeKV and eviction method CAKE
is shown in Appendix A.5.2.

As shown in Table 4, HqeKV demonstrates su-
perior performance compared to all baselines. No-
tably, HqeKV achieves 123.69% improvement over
CAKE on Multi-Document QA and 120.99% im-
provement on Single-Document QA. HqeKV not
only achieves the highest average score, but also
sets a new state-of-the-art in 81.25% of the individ-
ual tasks. Even in some tasks that do not exceed
baselines, there is only a slight gap. Remarkably,
in several scenarios HqeKV delivers superior accu-
racy while operating under a 14.29% stricter KV
Cache memory budget. Specifically, ZipCache and
KVTuner may encounter out-of-memory (OOM)
issues and CUDA ERROR. It should be particu-
larly noted that the “Avg” scores for ZipCache-2.8,
ZipCache-3.2 and HqeKV-3.2 near ZipCache in Ta-
ble 4 are calculated from non-OOM columns. And
the “Avg” scores for KVTuner-3.25 and HqeK V-
3.25 near KVTuner in Table 4 are calculated from
the non-ERROR columns.

4.3 Evaluation on Inference Scalability

We evaluate the inference Scalability by examining
memory usage and throughput. Specifically, we
first investigate the maximum batch size achievable
by different methods across varying context lengths.
Additionally, we analyze the memory usage of dif-
ferent methods with varying batch sizes, focusing
on a context length of 4096 tokens. The number of
generated new tokens in both evaluations above is
set to 32, and the results are illustrated in Figure 3.

As depicted in Figure 3, HqeKV enables the
largest batch size in most cases and reduces mem-
ory usage by 29.6%, 8.3% and 8.6% on average
compared to OTT, ZipCache and KVTuner. The
reason is that their compression strategies intro-
duce substantial storage overhead, degrading over-
all memory efficiency. OTT computes the 1-norm
for every token, incurring substantial memory over-
head. ZipCache samples 10% token for cumulative
attention weights, leading to higher memory us-
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Figure 3: Maximum batch size and memory usage of
different methods.

age. KVTuner sacrifices efficiency by storing quan-
tized values without bit-packing, leaving signifi-
cant unused memory. In contrast, HqeKV adopts
a memory-efficient design and incorporates a cus-
tomized Triton kernel that densely packs quantized
values, thereby minimizing the memory footprint.

Second, we analyze the throughput efficiency by
comparing the time per output token (TPOT) of
HqgeKV with that of quantization baselines on the
Wikitext-2 dataset. Specifically, the comparison is
conducted under two different settings, including
one with a context length of 161 tokens and 338
newly generated tokens, and the other with a con-
text length of 4096 tokens and 128 newly generated
tokens. The results are illustrated in Figure 4.
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Figure 4: Time per output token (TPOT) of HqeKV
with that of quantization baselines on Wikitext-2 dataset
across varying context lengths.

The superior efficiency of HqeKV over OTT
and ZipCache stems from that HqeKV introduces
a specialized CUDA kernel that integrates the de-
quantization and vector-matrix multiplication pro-
cesses. Although HqeKV exhibits higher TPOT
than KIVI and KVTuner, this overhead remains
within an acceptable range.



Methods Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Task Code Completion  Avg
Llama-3.1-8B-Instruct
FP16 47.7 40.45 26.19 63.26 66.81 56.59 49.76
KIVI-2 46.84 39.79 25.9 63.04 65.38 55.22 48.96
OTT-2 47.02 40.04 25.95 62.92 64 57.99 49.43
HqeKV-2 46.53 40.12 25.82 63.07 66.4 58.17 49.71
ZipCache-3.2 52.13 39.82 22.73 68.66 66.73 61.32 50.98
HqeKV-2.8 54.03 40.17 22.86 68.15 67.14 60.77 51.26
HqeKV-3.2 54.2 40.93 22.88 67.76 67.3 61.25 51.49
CAKE-3.2 21.44 17.28 22.96 61.19 58.89 57.6 40.3
HqeKV-3.2 47.38 40.93 25.81 62.45 67.3 57.83 49.91
KVTuner-3.25 46.78 43.06 25.78 62.58 66.98 60.91 49.94
HqeKV-3.25 47.06 44.55 26.08 62.86 66.17 61.91 50.33
CAKE-3.25 24.64 18.57 22.8 60.41 60.5 58.59 40.53
HqeKV-3.25 47.06 41.54 26.08 62.86 66.17 58.02 49.98
Qwen3-8B
FP16 47.14 40.52 239 63.12 66.5 66.11 51.24
KIVI-2 46.05 40.85 23.82 63.71 63.89 63.62 50.36
OTT-2 46.25 41.35 23.89 63.09 65 64.7 50.75
HqeKV-2 46.44 41.68 24 63.55 66.64 65.83 51.37
ZipCache-3.2 53.55 40.15 20.38 62.53 66.5 66.93 51.22
HqeKV-2.8 54.94 41.03 20.95 62.12 67.42 68.72 51.98
HqeKV-3.2 54.77 40.62 20.82 63.05 67.17 67.88 51.89
CAKE-3.2 47.06 40.71 22.01 62.13 66.33 64.17 50.45
HqeKV-3.2 46.86 40.62 23.94 63.05 67.17 66.15 51.29

Table 4: Inference scores of Llama-3.1-8B-Instruct and Qwen3-8B on LongBench.

4.4 Overall Performance Analysis

To intuitively compare the methods across multiple
dimensions and thereby judge their overall perfor-
mance, we plot a radar chart to provide a multi-
dimensional comparison of the HqeKV, KIVI, OTT
and ZipCache based on the obtained experimental
results, as shown in Figure 5.
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Figure 5: Multi-dimensional performance comparison
of HqeKV and other methods.

The accuracy score in Figure 5 corresponds to
the performance on the Multi-Document QA task
in LongBench with Llama-3.1-8B-Instruct. The
memory-efficiency score is evaluated under con-
text length of 4096 where batch-size is 20, and the
throughput score is evaluated under context length
of 161 where batch-size is 448. All three metrics
are linearly rescaled so that higher values always
indicate superior performance. For flexibility score,

KIVI and OTT are restricted to a single precision,
exhibiting the lowest flexibility. ZipCache allows
the compression bit-width between 2 and 4, but
the narrow span confines its flexibility to a mod-
erate level. In contrast, both HqeKV and CAKE
support a more wide compression ratios spectrum,
endowing them with the highest flexibility. For
user-friendliness score, ZipCache obliges the user
to manually derive and balance precision ratios,
rendering it the least user-friendly. Other methods
accept a single global compression ratio as direct
input. Consequently, their user-friendliness is re-
garded as uniformly high.

Figure 5 reveals that that HqeKV surpasses other
methods since its largest area.

4.5 Ablation Study

To systematically evaluate how each proposed in-
novations contributes, we conducted an ablation
study of Llama-3.1-8B-Instruct on LongBench for
evaluation. The brief results are shown in Table 5
and, the descriptions of “Method” column in Table
5 are provided in Appendix A.7.1, and the detailed
results are given in Appendix A.7.2.

Table 5 shows that removing any one of the four
innovations degrades performance, while adding
any one improves it, confirming that all HqgeKV
innovations are effective.



We also explored the performance of the model
by the hyper-parameters « and 3. We conduct an
evaluation on HotpotQA from LongBench with
the Llama-3.1-8B-Instruct model. Under the con-
figuration (a = 2, 8 = 4), the model achieves the
highest score of 56.75, outperforming the alterna-
tives: 54.76 (¢ =2, $=2),55.15 (=4,  =2),
and 55.49 (=4, 3 =4). These results indicate that
o« =2 and 3 = 4 are the optimal hyper-parameters
among the considered configurations.

Method Brief Description Avg
HqgeKV-3.2 - 49.91
w/o 1 w/o metric with range  49.78
w/o 11 uniform quantization 41

w/o III randomly non-opt ratio ~ 49.8
w/o eviction w/o eviction 49.47
III on w/o I opt ratio on uni-quant ~ 49.87
only I metric with range 30.38
only IT specific quant strategies 49.81
only III opt ratio allocation 46.34
w/o L II & III only quant-eviction 29.91

Table 5: Scores on LongBench in ablation study.

5 Related work

5.1 KYV Cache Eviction

Researchers have proposed multiple methods to
reduce the memory usage of KV Cache by eviction.
H20 (Zhang et al., 2023) utilizes cumulative at-
tention weights to determine which tokens should
be retained or evicted. Scissorhands (Liu et al.,
2023) retains tokens with a relatively high cumu-
lative attention score over a period of time in the
past. SnapKV (Li et al., 2024) retains tokens with
high cumulative attention weights in each head
and several recently tokens. Streamingl.LM (Xiao
et al., 2024) retains only the initial few tokens and
the most recent few tokens. PyramidKV (Cai et al.,
2024) adopts a pyramid-style allocation to different
layers, allocating a larger budget to the early layers
and a smaller budget to the final layers. CAKE
(Qin et al., 2025) quantifies the saliency of each
layer by jointly considering both spatial and tem-
poral characteristics and allocates memory to each
layer. MorphKV (Ghadia et al., 2025) evicts the
token with the lowest importance. ThinK (Xu et al.,
2025) retains the top-ranked channels selected by
the query-dependent Frobenius norm.

5.2 KV Cache Quantization

KV Cache Quantization is an effective strategy to
reduce memory use of KV Cache. Atom (Zhao
et al., 2024) adopts uniform group quantization
on KV Cache. KIVI (Liu et al., 2024) applies
per-channel and per-token uniform group quanti-
zation on Key Cache and Value Cache. KVQuant
(Hooper et al., 2024) uses the K-means cluster-
ing weighted by the fisher information matrix and
quantizes Key Cache before RoPE, storing outliers
separately in full precision. SKVQ (Duanmu et al.,
2024) clusters channels of similar orders of magni-
tude together and quantizes KV Cache per-token.
QJL (Zandieh et al., 2025) performs the JL Trans-
form to the Key Cache and quantizes it to 1 bit.
OTT (Su et al., 2025) stores outliers token sepa-
rately and quantizes others like (Liu et al., 2024).
SpinQuant (Liu et al., 2025) employs learnable
Hadamard transformations to reduce outliers in the
KV Cache. MiKV (Yang et al., 2024) quantizes
tokens with less importance in low precision and
proposes a per-channel balancer to reduce outliers.
ZipCache (He et al., 2024) uses channel-separable
tokenwise quantization to reduce the impact of out-
liers. QAQ (Cheng et al., 2025) determines quanti-
zation precision based on token-level standard devi-
ation. Oaken (Kim et al., 2025) quantizes numbers
near and far from zero to low precision and others
to high precision. PQCache (Zhang et al., 2025)
uses product quantization to compress KV Cache.
KVTuner (Li et al., 2025) leverages Pareto frontier
theory to assign layer-specific quantization levels.
Cocktail (Tao et al., 2025) adopts the methods in
RAG to evaluate the importance of KV Cache and
quantizes them to different precision.

6 Conclusion

In this paper, we propose HqeKV, a novel KV
Cache compression method that integrates mixed-
precision quantization and eviction. We provide
both theoretical and empirical evidence demonstrat-
ing a positive correlation between conversion losses
and range. We propose a joint KV Cache impor-
tance metric that combines cumulative attention
weights and token range of V. HqeKV features
fine-grained quantization precision levels with spe-
cific quantization strategies. Moreover, HqeKV em-
ploys a search algorithm to determine the optimal
precision ratio allocation. Extensive experiments
show that HqeKV outperforms other state-of-the-
art KV Cache compression methods.



7 Limitations

Despite its strong empirical performance, HqeKV
is not without limitations. The offline search for op-
timal precision ratios, while optimized using TPE,
remains agnostic to user-level or task-level hetero-
geneity, precluding true personalization. While
normalized quantization mitigates accuracy loss at
1-bit precision, significant conversion loss still oc-
curs at such extreme compression levels, highlight-
ing the trade-off between bit-width and accuracy.
The fixed re-quantization interval during decoding,
though empirically set, introduces a sensitivity that
could affect both latency and quality, especially in
longer-context scenarios. Furthermore, its behavior
under multi-modal architectures requires further
research.
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A Appendix

A.1 Algorithm of Optimal Precision Ratio
Allocation Search

The search process is shown in Algorithm 1.

Algorithm 1 Optimal Precision Ratio Search

Input: The average compression bit-width B,y €
(0,4)
Output: Optimal ratio list Rop
1: initialize minimum loss L < Inf

2: initialize Optimal ratio list Rop; < {}

3: initialize input S from calibration dataset
4: F + LLM(S) > Output in full precision
5: for iteration = 0 to 200 step 1 do

6: x3, x4 < TPE_Sample(0, 1)

7: $1<—Bavg—2+$3+2$4

8: To — 4 — Bavg — 33 — 4xy

9: R+ {331,1'2,1'371'4}

10: if z1 < 0 or 9 < O then

11: Liemp < Inf

12: else

13: Liemp < L(F,LLM(S, R)) + Lreg
14: end if

15: if Liemp < L then

16: L <+ Liemp, Ropt < R

17: end if

18: TPE_Update(Lemp, €3, T4)

19: end for

20: return Ry

A.2  Algorithms of KV Cache Compression

The compression algorithms of HqeKV in prefill-
ing and decoding phase are shown in Algorithm 2
and 3. In the decoding phase, Algorithm 3 will be
continuously executed until the inference is com-
pleted.

A.3 Transitions from Lower to Higher
Precision

We conduct a detailed statistical analysis of the
transitions in the KV Cache from lower precision
to higher precision during the second compression
phase. This analysis is performed while running the
first question from the DuReader dataset in Long-
Bench, using a mixed-quantization ratio of 0.05
for 4 bit-width, 0.9 for 2 bit-width, and 0.05 for
1 bit-width, on the Llama-3.1-8B-Instruct model.
The results are shown in Table 6.
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Algorithm 2 KV Cache Compression in Prefilling
Phase

Input: Q c RthQXSXd, K, V e RthKVXSXd’
quantization group size G, number of recent to-
kens calculating cumulative attention weights
m, Optimal ratio list Rop

Output: Compressed KV Cache K’ V', residual

full precision KV Cache Ky, Viup,recent at-

tention weights window A € R™*?, range of

V Range

initialize Q, € RP*hexmxd from ().

initialize compression length C' +— L%J x G

initialize K, € Rb*nxvxCxd from [

initialize V, € R0>*xvxOxd from V.,

initialize Kpy € RV*hEvX(s=C)xd from [

initialize Viyy € RE*¥Pxv > (s=C)xd from v/,

initialize Range < range(V%).

Q!

Vd

A < sum(A,dim = (0,1))

Range + sum(Range, dim =(0,1))

: metricg < reshape(A LSJ ,Q))

. Range < reshape( Rcmge (1&].6)

. metrici < average(metricg, dim = 2)

: Range < average(Range,dim = 2)

: metricx <— cumulative(metricg, dim = 0)

: metricy < metricx © Range

: K’ < compress (K., metricg, Rop)

: V' < compress(V;, metricy, Rop)

: return K,, V/, Kfun, Vfun, A, Range

A + softmax

R A A i S e

— = m s s
© ® R WL = O

Sum
3.33%
3.39%

KorV
K Cache
V Cache

1 — 2-bit
1.18%
1.3%

2 — 4-bit
2.16%
2.09%

4 — FP16
0
0

Table 6: Transitions of KV Cache from lower precision
to higher precision in decoding phase.

As shown in Table 6, only a minimal fraction of
the KV Cache transitions from lower precision to
higher precision. These low transition rates suggest
that the occurrence of higher precision transitions
can be effectively disregarded.

A.4 Detailed Hyper-Parameters Setup

For KIVI (Liu et al., 2024), we configure quanti-
zation group-size to 32 and residual length to 128.
For OTT (Su et al., 2025), we set number of outlier
tokens to 5, size of outlier pool to 32 and residual
length to 96. For ZipCache (He et al., 2024), we
set the saliency ratio to 0.6 and streaming gap to
128. For CAKE (Qin et al., 2025), we set window



size to 32 and m; = 1.6, 79 = 0.4. For KVTuner
(Li et al., 2025), we employ per-channel and per-
token quantization for K and V, with a quantization
group-size of 32, residual length of 128, and an av-
erage bit-width of 3.25. For our method, we set the
re-quantization gap 7" and quantization group-size
G to 32. In addition, we set the number of tokens
calculating cumulative attention weights m to 20
and hyperparameter « to 2 and (3 to 4.

Algorithm 3 KV Cache Compression in Decoding
Phase

Input: Q € bethlxd, K,V € behKVxlxd’
Compressed KV Cache K’, V', residual full
precision KV Cache Ky, Vig,recent atten-
tion weights window A € R™*9, range of
V' Range, quantization group size G, re-
quanztization gap T, Optimal ratio list Rop

Output: Compressed KV Cache K, V', residual
full precision KV Cache Kgyy, Vi ,recent at-
tention weights window A € R™*¢

I: initialize Rangepew € ROXPrvL o
range(V).
Apew < softmax <%>
Apew < sum(A4,dim = (0,1))
A < update(A, Apew)
Rangenew < sum(Rangepey, dim = (0, 1))

Range < update(Range, Rangenew )
K < Concat(Kfuu, K)
Vit <= Concat(Viun, V)
FullLength = shape( Kgy, dim = 2)
if FullLength ==T then

metricx < reshape(A L J

R e A A

_
M =2

Range < reshape( Rcmge L .G

13: metricx < average(metricg, dim = 2)
14: Range <+ average(Range, dim = 2)
15: metricy < cumulative(metricx,dim =

0)
16: metricy ¢ metricg ® Range
17: K’ < compress(K’, Ky, metric g, Ropi)
18: V' < compress(V', Vi, metricy, Rop)
19: Kgq + Null
20: Vi < Null
21: end if

22: return K', V', K, Vi, A
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A.5 Additional Experiment Results

A.5.1 Detailed Evaluation Results on
LongBench

The detailed evaluation results on LongBench (Bai
et al., 2024) with quantization baselines are shown
in Table 8. It should be particularly noted that
the “Avg” scores for ZipCache-2.8, ZipCache-3.2
and HqeKV-3.2 in Table 8 are calculated from non-
OOM columns. In addition, the “Avg” scores for
KVTuner-3.25 and HqeKV-3.25 in Table 8 are cal-
culated from the columns that do not experience
CUDA error in KVTuner.

A.5.2 Comparison with Eviction Methods

The evaluation results of HqeKV with CAKE (Qin
et al., 2025) are shown in Table 9.

A.6 Detailed Compression Ratios

Methods 4-bit 2-bit 1-bit  eviction
Llama-3.1-8B-Instruct

HgeKV-2 0.0315 0.922 0.0299 0.0165
HgeKV-2.8 0416 0.568 0.0012 0.0153
HgeKV-3.2  0.637 0307 0.037 0.0186
HgeKV-3.25 0.679 0.225 0.0847 0.0116

Qwen3-8B

HqeKV-2 0.164 0.672 0.0006 0.164
HgeKV-2.8  0.659  0.081 0.001 0.259
HgeKV-3.2  0.778 0.0431 0.0009 0.178

Table 7: Detailed compression ratios.

A.7 Detailed Ablation Study

A.7.1 Detailed Ablation Study Methods
Descriptions

Detailed descriptions of ablation study are shown
in Table 10.

A.7.2 Detailed Ablation Study Results

Detailed results of ablation study are shown in Ta-
ble 11.



Methods Single-Document QA Multi-Document QA Summarization
& » &
o8 \ad \ad et N & @
S
Llama-3.1-8B-Instruct
FP16 29.12 45.26 55.18 63.11 53.83 46.51 29.62 31.84 34.81 25.44 27.16 17.35
KIVI-2 28.19 452 52.86  62.61 5378 4382 2951 32.03 3495 2487 2679 1698
OTT-2 2877 4441 5347  63.04 5251 4444 31.63 31.57 35.1 2441  27.14  17.16
HqeKV-2 28.86 43.1 5398 6205 53.77 454 29.77 31.53 35 24.67  26.81 16.8
ZipCache-3.2 OOM 4259 5392  60.34 54.4 4519  30.61 29.1 OOM 2419 26.68 17.31
HqeKV-2.8 28.51 46,54 5413 6144  53.02 44.04 2946 34.17 3484 2455 2675 1727
HgeKV-3.2 28.62 4543 5513 6227 56.75 4259 30.9 33.49 3459 2511 2685 16.68
KVTuner-3.25  29.61 4375 5341 6196 5687 44.19 28.11 ERROR 3451 2472 2664 17.25
HgeKV-3.25 30.73 4407 5439 6089 5597 4595 31.73 32,51 3491 25.02 2673 17.66
Qwen3-8B
FP16 26.16  47.17 5437 6267 59.37 4243  33.11 27.16 33.17 2391 2468 13.84
KIVI-2 2279 4651  54.06 6286  60.05 42.04 3348 27.23 32.82 2399 2456 1391
OTT-2 24.58 46.8 5396 6157 60.07 4447  33.83 27.03 3299 2378 24.8 13.97
HqeKV-2 2454 46.75 535 62.75  61.76 4436  33.12 27.5 33.28 23.8 2478 1413
ZipCache-3.2 OOM 4671 5121  62.14 5883 4337 3353 24.86 OOM 2293 2419 14.02
HgeKV-2.8 2477  47.69 5417 62,78 6153  41.67  33.07 27.88 33.15 24.19  24.66 14
HqeKV-3.2 2494  47.79 54.2 62.18 59.19 4194 3437 26.98 3329 24.23 24.4 13.84
Methods Few-shot Learning Synthetic Task Code Completion Avg
TREC  TriviaQA  SAMSum  LSHT PC PR-en PR-zh LCC RB-P
Llama-3.1-8B-Instruct
FP16 73 90.9 43.62 45.5 7.59 99.5 93.35 59.8 53.38 49.76
KIVI-2 73.5 90.92 43.22 445 7.09 99 90.06  58.96 51.47 48.96
OTT-2 73.5 89.09 44.1 45 4.43 99.5 88.09  60.95 55.03 49.43
HgeKV-2 72.5 91.17 44.1 44.5 7.67 100 91.53  61.94 54.39 49.71
ZipCache-3.2 71.5 91.45 43.02 OOM 594 99.5 9474  61.32 OOM 50.98
HgeKV-2.8 70 90.42 44.04 45.5 7.34 99.5 94.58  60.77 54.83 51.26
HgeKV-3.2 70 89.12 44.16 46.5 8.67 99.5 93.72 6125 54.4 51.49
KVTuner-3.25 73 88.27 42.31 46.75 477 99.5 96.67 6091 ERROR  49.94
HqeKV-3.25 71.5 89.18 44.01 46.75  5.55 99.5 9347 6191 54.12 50.33
Qwen3-8B
FP16 73 89.32 44.4 45.75 1 100 98.5 67.52 64.69 51.24
KIVI-2 73.5 89.64 4471 47 2.5 98 91.17  65.75 61.48 50.36
OTT-2 72 89.66 44.68 46 433 99.5 94.17  67.23 62.17 50.75
HqeKV-2 72 90.36 44.85 47 242 100 97.5 68.53 63.12 51.37
ZipCache-3.2 70 89.85 44.25 46 1 100 98.5 66.93 OOM 51.22
HgeKV-2.8 69 88.72 44.77 46 3.75 100 98.5 68.72 63.73 51.98
HgeKV-3.2 72.5 89.07 44.63 46 3 100 98.5 67.88 64.41 51.89
Table 8: Inference scores of Llama-3.1-8B-Instruct and Qwen3-8B on LongBench.
& & 3 &
: 2 & N N ¢ & & L N
r & F &F T @ S F & F S Y R !
Memots L & & FF FF FE T F T CEE I
Llama-3.1-8B-Instruct
CAKE-3.2 28.65 1297 26.04 1924 19.13 1444 11.01 2454 2991 2226 2441 1524 68.5 89.78 4098 455 517 96.16 7534 61.09 54.11 40.03
HqeKV-3.2 28.62 4543 5513 6227 5675 4259 309 3349 34.59 2511 2685 16.68 70  89.12 44.16 465 8.67 99.5 9372 61.25 544  49.91
CAKE-325  28.65 1294 2669 19.53 187 17.09 12.68 2581 29.52 223 24.06 1531 645 91.72 40.9 445 7.51 9504 78.96 61.67 555 4053
HqeKV-3.25 3073 44.07 5439 60.89 5597 4595 31.73 32.51 3491 25.02 2673 17.66 715 89.18 44.01 4675 555 995 9347 6191 5412 49.98
Qwen3-8B
CAKE-3.2 2697 46.69 5387 6242 6022 4253 3507 2501 30.69 238 20.71 1283 71 89.23 42.27 46 1 100 98 664 63.02 5045
HgeKV-3.2 2494 4779 542 6218 59.19 41.94 3437 2698 3329 2423 244 13.84 725 89.07 44.63 46 3 100 985 67.88 6441 51.29

Table 9: Comparison with CAKE on LongBench based on Llama-3.1-8B-Instruct and Qwen3-8B.
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Method

Description

w/o |

opt ratio and specific quantization strategy and

metric with range, w/o metric with range

w/o 11

uniform quantization to 4, 2 and 1 bit-widths base on the

opt-ratio from specific quantization strategy and metric with range

w/o 111

randomly selected non-opt ratio allocation on
specific quantization strategy and metric with range

w/o eviction

opt ratio on 4, 2 and 1 bit-width quantization,
specific quantization strategy and metric with range

III on w/o 11

4,2 and 1 bit-widths base on the opt-ratio from

opt ratio on uniform quantization to

specific quantization strategy and metric with range

only I

randomly selected non-opt ratio allocation on uniform
quantization to 4, 2 and 1 bit-widths and metric with range

only IT

randomly selected non-opt ratio allocation on
specific quantization strategies, w/o metric with range

only III

opt ratio allocation on 4, 2 and 1 bit-width
uniform quantization and eviction, w/o metric with range

w/o I, IT & III

randomly selected non-opt ratio allocation,
w/o specific quantization strategies and w/o metric with range

Table 10: Detailed description of methods in ablation study.

& o - o
s &F N & N ¢ & & NS

Methods FSHFEFE T &5 0 ¢ &8 F e
HaeKV-3.2 bit 2862 4543 5503 6227 5675 4259 309 3349 3459 2501 2685 1668 70 8912 4416 465 867 995 9372 6125 544 4991
w/o innovation I 2881 442 5397 6176 5157 4315 3119 3323 3481 2429 2682 17.18 71 8604 4423 475 497 995 9449 625 5631 4978
wio innovation I 2437 2756 4235 4873 4875 36 2492 1283 1874 1773 1804 1099 535 9053 3906 30 472 995 90486 5107 4537 4l
wlo innovation 111 2011 4383 5325 6041 5571 4464 298 3142 348 2529 265 1662 725 9039 4394 46 678 995 9381 6169 5505 4958
wio eviction 2062 4463 5517 59.68 5439 4442 2824 3175 3433 2493 263 1666 68 9085 4399 455 908 995 9187 60.07 5587 49.47
innovation Illonwio [l 27.98 4626 5291 6222 5282 450 208 3187 345 2473 2653 1691 735 8979 4394 455 622 995 9346 6212 555 4987
innovation I 1699 17.47 2437 2741 3597 1838 1342 902 1849 1437 1552 1039 455 8633 262 235 756 9829 37.08 37.02 355 3038
innovation I1 2926 4397 5337 60.08 5662 4402 28.52 3227 3473 2523 27.09 1729 73 9149 4387 45 567 995 9314 6221 5472 49.81
innovation TII 2791 4025 4996 5567 5311 4451 2921 2103 2206 2097 2141 116 64 8745 4337 415 644 995 0562 5833 5260 4634
wioinnovation L IT& I 1633 1638 2337 27.02 3273 2088 1479 859 1864 1442 1495 1022 4175 $429 2588 2675 567 99 343 3734 3473 2991

Table 11: Ablation study results on LongBench of Llama-3.1-8B-Instruct.
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