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Abstract—Large Language Models (LLMs) are increasingly
deployed in scenarios demanding ultra-long context reasoning,
such as agentic workflows and deep research understanding.
However, long-context inference is constrained by the KV
cache, a transient memory structure that grows linearly with
sequence length and batch size, quickly dominating GPU
memory usage. Existing memory reduction techniques, includ-
ing eviction and quantization, often rely on static heuristics
and suffer from degraded quality under tight budgets. In
this paper, we propose ARKV, a lightweight and adaptive
framework that dynamically allocates precision levels to cached
tokens based on per-layer attention dynamics and token-level
importance. During a short prefill phase, ARKV estimates
the original quantization (OQ) ratio of each layer by com-
puting statistical scores such as attention entropy, variance
and kurtosis. During decoding, tokens are assigned to one
of three states—Original (full precision), Quantization (low
precision), or Eviction—according to a fast heavy-hitter scoring
strategy. Our experiments on LLaMA3 and Qwen3 mod-
els across diverse long- and short-context tasks demonstrate
that ARKV preserves ∼97% of baseline accuracy on long-
context benchmarks while reducing KV memory usage by 4×,
with minimal throughput loss. On short-context tasks, ARKV
matches full-precision baselines; on GSM8K math reasoning, it
significantly outperforms uniform quantization. These results
highlight the practical viability of ARKV for scalable LLM
deployment, offering fine-grained, data-driven memory control
without retraining or architectural modifications. The source
code and artifacts can be found in GitHub.
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I. INTRODUCTION

Large Language Models (LLMs) have rapidly become
the foundation of modern Natural Language Processing
(NLP) and, increasingly, general-purpose artificial intel-
ligence. Models such as LLaMA3 [1], GPT-4 [2], and
Qwen3 [3] demonstrate impressive capabilities in gener-
ating coherent text, solving reasoning problems, writing
code, and engaging in complex dialogue. At the same
time, the emergence of deep-research agents and agentic-
AI systems, in which LLMs autonomously plan, retrieve,
and act across extended workflows and long documents,
has significantly increased the demand for large context
windows and persistent memory across sessions. For ex-
ample, the Tongyi DeepResearch model [4] is explicitly

designed for deep information-seeking tasks with long-
horizon workflows. Meanwhile, benchmarks such as AGEN-
TIF [5] show that agentic scenarios often involve instructions
with thousands of words and complex tool specifications.
Such trends underscore that supporting ultra-long contexts
and durable memory has become a central requirement in
modern AI agent systems. Consequently, the need to support
ultra-long contexts becomes a central challenge, one that
dramatically boosts both computational and memory costs
during inference. The feasibility of long-context inference
is increasingly limited by KV cache memory, which grows
linearly with sequence length and batch size and often
dominates GPU memory consumption during deployment
[6], [7].

To reduce this memory overhead, prior work has ex-
plored two main approaches. First, eviction-based
sparsification[8], [9], [10], which calculates the im-
portance of tokens, and retains only a subset of important
tokens while discarding less important ones. They are built
on the foundation that a subgroup of the KV cache is
more important than others, could represent the attention
distribution of all required tokens, and is sufficient for a
successful generation. Although this eviction-based methods
substantially reduce memory consumption, it risks losing
critical contextual information, and precisely identifying the
KV importance remains ultimately impossible, as the future
of KV is undetermined. Second, Quantization-based
strategies [11], [12], [13], [14], which compress KV tensors
to smaller precision. These strategies preserve contextual
information across all tokens, ensuring that long-range de-
pendencies remain accessible to the model. However, prior
studies have shown that aggressive low-bit quantization
may distort attention distributions, due to outlier-dominated
statistics, leading to degraded output generation quality,
and inference instability [15], [16], [17]. Beyond distribu-
tion distortion, its footprint and attention computation cost
still grow linearly with sequence length. Third, Hybrid
approaches[18] combine sparsification and quantization, mo-
tivated by their complementary strengths in further reducing
memory usage. However, existing hybrid methods typically
rely on fixed heuristics or layer-agnostic policies, which limit
their adaptability to heterogeneous importance and precision
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sensitivity across layers, heads, and decoding stages.
Challenges: We identify two core challenges that limit
existing methods: (i) Token importance is inherently layer-
sensitive. The same token may contribute differently across
transformer layers, yet current approaches typically apply
uniform importance selection. (ii) The quantization tolerance
of tokens varies, and misaligning token precision with their
actual importance can cause significant attention degrada-
tion. These issues call for a more fine-grained, adaptive
approach to KV cache management.
Contributions: We propose Adaptive KV Cache under
Budget (ARKV), a lightweight framework that dynamically
assigns cache precision to tokens at runtime. During a
short prefill phase, ARKV collects simple statistics (entropy,
variance, kurtosis) from each attention layer to compute a
layer-specific Original–Quantization (OQ) ratio, indicating
how many tokens should be retained in full precision. During
decoding, tokens are ranked via an efficient heavy-hitter
score, and each is assigned to one of three states — Original,
Quantization, or Eviction — under a strict memory budget.
This tri-state, layer-aware design enables flexible adaptation
without retraining or architectural changes.

Experiments on LLaMA3 and Qwen3 across long- and
short-context tasks show that ARKV retains ∼97% of base-
line accuracy on LongBench, reduces KV memory usage
by 4×, and achieves up to 86% of baseline throughput. On
math reasoning (GSM8K), ARKV maintains high accuracy
where uniform quantization fails. These results highlight
the practical viability of ARKV for scalable and memory-
efficient LLM deployment.

In summary, our key contributions are as follows:
• We propose ARKV, a tri-state KV cache manage-

ment framework that unifies eviction and quantization
through dynamic token-level precision control.

• We introduce a lightweight, layer-aware Origi-
nal–Quantization (OQ) ratio, derived from attention
statistics, to guide per-layer budget allocation under
memory constraints.

• We design a fast, online heavy-hitter scoring mech-
anism that ranks token importance and assigns each
token to one of three states: Original, Quantization, or
Eviction.

• We demonstrate that ARKV achieves ∼97% accuracy
retention with 4× memory savings on long-context
tasks, while maintaining ∼14.4% quantization ratio,
near-baseline throughput, and robustness across diverse
workloads.

II. BACKGROUND AND MOTIVATION

A. LLMs and KV Cache

Transformer-based LLMs generate text autoregressively
by repeatedly applying multi-head attention over past tokens.
To avoid recomputing attention over the entire prefix at

each decoding step, models store the key and value vectors
of previously generated tokens in a dedicated KV cache.
This cache allows constant-time lookups during decoding,
significantly boosting throughput.

However, the KV cache size grows linearly with both
context length and model size. For a decoder with L
layers, hidden dimension d, and H attention heads, storing
T past tokens in bfloat16, batching B requests requires
O(2 · B · L · H · T · d) bytes. For instance, the Llama-
3.1 70B model, with an input batch size of 128 and a
sequence length of 1024, results in 40GB of KV cache. As
sequence lengths grow into tens or hundreds of thousands of
tokens, especially in agentic workflows, retrieval-augmented
generation, or multi-document QA. The KV cache can
consume substantial memory, easily exceeding the capacity
of a single GPU. This makes long-context inference a
memory-bound problem: while model parameters are fixed
at deployment, the per-input KV cache can scale unbounded,
limiting throughput, batching, and deployability on resource-
constrained hardware.

To address this challenge, prior work has explored
several strategies to reduce the KV memory load.
Eviction-based methods identify and remove less im-
portant past tokens from the cache. These techniques lever-
age heuristics like attention weights or recency to retain
“heavy-hitter” tokens while discarding others. While simple
and fast, they risk removing tokens that may later become
relevant. Quantization-based methods compress all
or parts of the cache to lower-bit formats. This preserves
all tokens, but aggressive quantization often introduces nu-
merical instability, especially in sensitive reasoning tasks.
Hybrid strategies combine eviction and quantization, se-
lectively applying low precision to less important tokens
while keeping others at full precision. These methods show
promising trade-offs but often rely on static scoring rules or
uniform layer treatment.

Despite their progress, these techniques are often limited
by one or more of the following: 1) Static heuristics that
cannot adapt to task, input, or layer variation. 2) Uniform
treatment of layers or tokens, ignoring heterogeneous sen-
sitivity. 3) Lack of online adaptation during generation. 4)
Overhead from auxiliary models or tuning procedures, which
adds complexity.

B. Motivation

Prior work has shown that both token selection and low-
precision storage are effective in isolation, few methods
provide a unified, adaptive mechanism that dynamically
balances both under a global memory budget. Existing
approaches often statically predefine importance metrics or
compression ratios, failing to capture the token-level and
layer-level heterogeneity in modern transformers.

These challenges motivate our research questions: 1)
Can we design a unified tri-state caching scheme (retain,



quantize, evict) that adjusts dynamically per token and per
layer? 2) How can we infer the relative sensitivity of each
layer to cache compression, in a lightweight, model-agnostic
way? 3) Can we achieve strong long-context reasoning
performance while staying within a strict memory budget,
without retraining or sacrificing throughput?

To answer these questions, we propose ARKV, a
lightweight framework that dynamically adjusts KV cache
precision during decoding. ARKV leverages low-cost atten-
tion statistics gathered during a short prefill phase to allocate
layer-wise precision budgets. During decoding, it ranks to-
kens using fast online importance scoring and assigns each to
one of three states: Original, Quantization, or Eviction. This
tri-state mechanism enables fine-grained, data-driven preci-
sion control, achieving strong accuracy–efficiency trade-offs
across diverse tasks.

III. RELATED WORK

Existing research on KV cache optimization typically
follows either eviction-based or quantization-based strate-
gies. While some recent studies have investigated hybrid
methods, these often rely on static configurations, making
them impractical for dynamic contexts. In this section, we
provide a detailed discussion of these related works.

Eviction-based methods. These methods reduce memory
usage by selectively removing tokens from the KV cache,
under the assumption that not all past tokens contribute
equally to future predictions. H2O [8] introduced the concept
of heavy-hitter tokens, identifying and retaining only those
with high accumulated attention scores, thus preserving
around 20% of the cache while maintaining performance
without requiring retraining. Locret [10] further improves
on this idea by finetuning LLMs with retaining heads that
are dedicated modules trained to predict token importance. It
enables highly selective and learned eviction policies, though
at the cost of model modification. SnapKV [19] preemptively
selects important tokens based on prompt-level attention
analysis before generation begins. While lightweight, it
applies a static keep-or-drop decision that cannot adapt to
new attention patterns during generation. PyramidKV [20]
proposes a layer-wise eviction strategy that allocates non-
uniform cache budgets across transformer layers based on
attention consolidation patterns, achieving strong compres-
sion without accuracy loss. However, these methods share
common limitations: they often discard potentially useful
tokens that fall below selection thresholds, lack quantization
or compression mechanisms, and are generally unable to
adjust dynamically during inference.

Quantization-based methods. These address memory
overhead by compressing all cached key and value tensors to
lower-bit representations. KVQuant [12] applies token-level
quantization down to 3 bits using learned scales and grouped
quantization schemes, enabling extremely long context infer-
ence on single GPUs with minimal perplexity increase. KIVI

[11] introduces a 2-bit compression format with separate
schemes for keys and values, achieving aggressive memory
reduction without requiring retraining. However, both meth-
ods uniformly compress all tokens, including those critical
to generation, which can introduce significant numerical
degradation in reasoning-heavy tasks. Moreover, since token
count remains unchanged, attention computation cost still
grows linearly with context length. MiKV [14] mitigates
some of these issues by adopting a mixed-precision cache,
where important tokens are kept in high precision and less
important ones are reduced to low precision instead of being
dropped. This preserves coherence better than hard eviction,
but lacks token pruning altogether, meaning cache size still
scales with input length. Furthermore, its fixed two-level
precision scheme cannot capture the full spectrum of token
sensitivities.

Hybrid strategies. These aim to combine the benefits
of selective eviction and low-bit compression. Q-Hitter [18]
introduces a sparse caching scheme that identifies “atten-
tion sinks”, tokens that are both frequently attended and
not safe to quantize, and retains them at full precision.
All other tokens are either evicted or quantized to 4-bit
format, achieving up to 20× memory savings with minimal
accuracy loss. However, Q-Hitter relies on predefined per-
layer heuristics for quantization friendliness and attention
accumulation, which are set offline and remain mostly static
during inference. This limits its ability to respond to shifts in
attention focus, potentially leading to suboptimal token state
assignment. It also requires maintaining sensitivity maps and
layer-specific scores, thereby introducing complexity and
coupling with the model structure.

In contrast, our ARKV provides a unified, lightweight,
and online tri-state caching mechanism. It dynamically as-
signs each cached token to one of three states based on real-
time attention statistics and token importance scores during
decoding. Crucially, ARKV is layer-aware: it computes
attention-based entropy, variance, and kurtosis per layer
during a brief prefill phase to derive per-layer OQ ratios,
guiding how precision budgets are distributed. This enables
fine-grained, adaptive control over cache memory allocation,
allowing ARKV to tailor compression decisions to both
token-level importance and layer-level sensitivity without
retraining or static rules. Empirically, ARKV outperforms
fixed-strategy baselines across a range of tasks, achieving
high memory efficiency with minimal loss in accuracy or
throughput.

IV. METHODOLOGY

In this section, we present the design of ARKV, a tri-state
cache management framework for LLM inference under
memory constraints. We describe how it estimates per-layer
compression sensitivity, ranks token importance online, and
enforces budget-aware precision assignment during decod-
ing.



A. System Model

Figure 1 presents a high-level overview of our ARKV
system. It consists of three key components: (1) Per-layer
OQ ratio estimation to determine each layer’s compression
sensitivity, (2) Token importance scoring based on online
attention statistics, and (3) Tri-state cache assignment to fit
a memory budget via selective precision control. As seen in
Figure 1, ARKV integrates into the decoder pipeline without
model modification or retraining as it operates solely at the
KV cache level and does not alter model parameters or
attention computations. By reconstructing mixed-precision
KV tensors that conform to the original cache format,
ARKV remains fully compatible with standard self-attention
kernels.

Figure 1: Overview of the ARKV framework. During the
Prefill Phase, attention statistics are used to compute an
Original–Quantization (OQ) ratio and allocate per-layer
cache budgets. In the Decoding Phase, tokens are scored by
importance and dynamically assigned to Original, Quantiza-
tion, or Eviction states. The reconstructed KV cache feeds
into the attention mechanism with mixed-precision handling
to balance memory efficiency and model fidelity.

B. Problem Formulation

Let a Transformer model have L layers and a global
memory budget B (in bytes). Each cached token can be
in full precision (cost Corig), quantized (cost Cquant), or
evicted (cost 0). The objective is to minimize degradation
in generation quality while ensuring the total cache size
Mt ≤ B. For layer ℓ, we denote no

ℓ , nq
ℓ as the number

of original and quantized tokens.

L∑
ℓ=1

(
nℓ
oCorig + nℓ

qCquant
)
≤ B. (1)

The equation 1 highlights that different layers and tokens
together contribute to the total KV cache memory footprint
and share a global memory budget. Our strategy, therefore,
prioritizes both layer-level and token-level features.

C. Attention Feature Calculation

Existing works [19], [20] show that decoding patterns can
be effectively captured by analyzing the attention patterns of
recent queries, a short “observation window”. Hence, we
focus on the window-restrained attention scores with the
region [Q −W,Q), and collect statistical features of each
attention layer. Let A(ℓ) ∈ RH×Q×K be the post-softmax
attention tensor at layer ℓ, with heads H × queries Q × keys
K. Then we could denote the window-constrained attention
by equation 2

Ã(ℓ) = Ã(ℓ)[:, Q−W,Q, 0 : K −W ] (2)

From A(ℓ), we extract three statistical features (aggregated
over heads and recent queries) for each key position k ∈
[0,K −W ) as follows.

H = −
K−W−1∑

k=0

pk log pk

pk =
1

Z

∑
h,q

Ã
(ℓ)
h,q,k

Z =

K−W−1∑
k=0

∑
h,q

Ã
(ℓ)
h,q,k

(3)

Entropy H 3 shows the spatial attention dispersion, where
Z is a normalization constant.

V(ℓ) =
1

K −W

K−W−1∑
k=0

(pk − p̄)
2 (4)

Variance V 4 represents the difference of all token
weights.

K =
E
[
(pk − p̄)4

]
(E [(pk − p̄)2])

2 (5)

Kurtosis K 5 gives a picture of attention’s distribution.
Together, entropy, variance, and kurtosis provide a compact
characterization of attention concentration and dispersion,
which we use as lightweight proxies for layer-wise sensitiv-
ity.

D. Per-layer OQ Ratio Estimation

Based on the statistical features, we calculate original-
quantization scores to evaluate the OQ ratio P . OQ ratio
indicates the ratio of the three states in each layer. Since we
protect the last W recent tokens, OQ scoring is only applied
to the region [0 : K −W ). Here,

qℓ =
(
H(ℓ)

) 1
τ1

(
V(ℓ)

) 1
τ2

(
K(ℓ)

) 1
τ3 (6)

The OQ score qℓ 6 of a layer ℓ is the combination of
entropy H(ℓ), variance V(ℓ), and kurtosis K(ℓ). Temperature



parameters τ1, τ2, τ3 are used to balance the effect of the
three statistical features.

ρℓ =
qℓ

maxk={0,1,...,L}(qk)
(7)

The OQ ratio ρℓ 7 of an attention layer indicates the ratio
between original and quantized precision of tokens in the
KV cache. The OQ scores demonstrate “how important” an
attention layer is. The more important an attention layer is,
the more tokens should be kept in their original precision.
A lower OQ score indicates more quantized tokens in the
KV cache, vice versa.

B(ℓ)
o = B · ρℓ, B(ℓ)

q = B −B(ℓ)
o (8)

Equation 8 shows that with a given KV cache budget B,
which is the same for all layers, we allocate the budget Bo

for original precision tokens and the budget Bq for quantized
precision tokens.

E. Token Importance via Heavy-Hitter Scoring

Heavy-hitter scores are per-layer importance estimates
derived from cumulative attention distributions that quantify
how important each token is attended to across layers and
timesteps. In ARKV, they serve as the primary criterion for
assigning token state, thus guiding memory allocation under
budget constraints.

S(ℓ)k = µ
(ℓ)
k + γ ·

(
σ
(ℓ)
k

)2

µ
(ℓ)
k = Eh,qÃ

(ℓ)
k,q,k

σ
(ℓ)
k = Varh,qÃ

(ℓ)
k,q,k

(9)

The hh score Sℓk for an attention layer ℓ and token
k is defined with equation 9. It is the combination of
the mean µ

(ℓ)
k and variance σ

(ℓ)
k of a token k and an

attention layer ℓ over heads h and queries q. γ is a tunable
hyperparameter. For grouped-query attention(GQA), scores
are averaged within each group to preserve KV sharing.

F. Tri-State Cache Tailor and Mixed-Precision Integration

At each step, tokens outside a protected window of size
W are reassigned as follows:

• Sort eligible tokens in each layer by Sℓ(k).
• Assign top OBℓ tokens as Original, next QBℓ as

Quantized.
• Evict remaining tokens.

The values of OBℓ and QBℓ are computed to satisfy per-
layer memory quotas derived from ρℓ and the global budget

B.

Iℓall = {0, 1, . . . ,K −W − 1}
Iℓ = Top-b

(
Iℓall,Sℓ

)
, b = ⌊α(K −W )⌋

Iℓo = Top-B(ℓ)
o

(
Iℓ,Sℓ

)
Iℓq = Iℓ \ Iℓo
Iℓq = Iℓall \ Iℓ

Iℓo = Iℓo ∪ [K −W : K)

(10)

Equations 10 demonstrate the process of the KV cache
tailor, which will be triggered when the KV cache reaches
the limit. Ranking by S(ℓ)k of the tokens, we select the tokens
that should be kept Iℓ, kept as original precision Iℓo, kept as
quantized precision Iℓq , and evicted Iℓe . To prevent frequent
tailoring, we reserve a small buffer for incoming new tokens
using a slack factor α. It is set to 0.75 in the experiments.

ARKV merges Original and Quantized tokens before
each attention step. Quantized entries are dequantized and
concatenated to form a contiguous cache. The attention
mechanism is unmodified.

G. Algorithm

Algorithm 1 demonstrates the end-to-end pipeline of
ARKV with pseudocode. In general, it has three phases
in total: 1) Prefill phase: Each layer’s Origin budget is
determined by an OQ score that reflects attention distribu-
tions feature. 2) Decoding phase: At each step, hh scores
are computed only on the evictable region [0 : K − W ).
The tri-state cache tailor applies here. 3) Reconstruction
Before Attention: Quantized entries are dequantized on-the-
fly using per-token scales and merged with Original entries
in their original sequence order. This guarantees a logically
contiguous KV cache for attention.

With this algorithm in place, our system ensures at each
step that the KV cache is trimmed and compressed to respect
the memory limit, while aiming to keep the most relevant
information in the highest fidelity.

V. PERFORMANCE EVALUATION

A. Implementation

We implemented ARKV on top of PyTorch [21], us-
ing the Hugging Face framework [22] for its simplic-
ity. It is designed as a drop-in KV cache manager for
decoder-only LLMs. We integrate ARKV by conform-
ing to the standard Cache/DynamicCache interface and
override the attention forward pass to accept a custom
past_key_values object, while fully preserving the
generate() API and existing attention kernels. Mod-
els are hosted locally using HuggingFace checkpoints in
bfloat16, and all experiments are executed using stan-
dard autoregressive decoding. Evaluation workloads are
generated from LongBench[23], and lm-eval [24] with
deterministic decoding, and fine-tuning with Optuna[25].



Algorithm 1: ARKV Framework Algorithm
Input: KV cache length K, window size W , total

budget B, attention scores A
Output: Unified KV cache K̃, Ṽ

Prefill Phase: OQ Ratio Allocation
for each layer ℓ = 1, . . . , L do

Compute entropy H(ℓ), variance V(ℓ), kurtosis
K(ℓ) from A;
qℓ ← (H(ℓ))1/τ1(V(ℓ))1/τ2(K(ℓ))1/τ3 ;

OQ Ratios: ρℓ = qℓ/maxk={0,1,...,L}(qk);
Assign origin budget: B(ℓ)

o = ρℓ · (B −W );

Decoding Phase: KV Cache Tailor
For current step with cache length K;
Compute heavy-hitter score for window-excluded

tokens [0 : K −W ):
Sk = µk + γ · σ2

k (averaged across heads,
smoothed, GQA-aligned);

Let:
Iall = {0, 1, . . . ,K −W − 1}, b = ⌊α(K −W )⌋
Select keep set: I = Top -b(Iall, S);

Split:
Io = Top -B(ℓ)

o (I, S);
Iq = I \ Io;
Ie = Iall \ I;

Always protect window: Io ← Io ∪ [K −W : K);

Reconstruction Before Attention
for k ∈ Iq do

Dequantize: x̃k = q̂k · sk (per-token scale);

Scatter Io and Iq into unified sequence order;
Return reconstructed K̃, Ṽ for attention computation;

The source code is available here: https://github.com/
Large-scale-Sustainable-Computing-LSC/ARKV.

B. Experimental Setup

Models. We evaluate ARKV on two families of models:
LLaMA3 [26] (3.2-3B-Instruct, 3.1-8B-Instruct) and Qwen3
[3] (Qwen3-4B-Instruct-2507, 3-8B). These models are rep-
resentative of modern LLMs and strong baseline performers
on the chosen tasks.
Datasets. We sample reasoning and knowledge tasks on
GSM8K [27], MMLU [28], and CommonsenseQA [29] with
lm-eval [24]. Also, we evaluate the long-context understand-
ing of our approach on LongBench [23], which contains
a wide range of tasks with long context, including single-
document QA, multi-document QA, summarization, few-
shot learning, synthetic, and code.
Testbed. The experiments are tested on DAS6 [30], with
an NVIDIA A6000 48GB GPU and an AMD EPYC 7402P
24-Core Processor.

C. Baselines

In order to fully compare the performance of our system,
we consider multiple strategies as baselines, as shown as
follows:

• Base model (No compression, abbreviated as ‘base’):
Without cache limitation and all tokens are in bfloat16
form. This is the full model without any modifications.

• Base origin (origin-only heavy hitters, abbreviated
as ‘origin’): Has cache limitation. All tokens are in
bfloat16 form.

• Base quant (quantized-only heavy hitters, abbrevi-
ated as ‘quant’): Has cache limitation. Except for the
window-protected region, all tokens are in fp8 form.

Our approach is marked as ARKV in the experiments.

D. Evaluation Metrics and Benchmarks

LLMs are usually measured by efficiency and accuracy
metrics from multiple perspectives as summarized in Table I:

Metric / Benchmark Description
TPS (Tokens Per Second) Token generation rate
GSM8k [27] Arithmetic reasoning
MMLU [28] General knowledge
CommonsenseQA [29] Commonsense questions
LongBench [23] Long-context understanding

Table I: Evaluation Metrics and Benchmarks

The primary efficiency metric is Tokens Per Second
(TPS), which measures the average token generation rate
during inference and reflects the model’s runtime perfor-
mance across different KV cache configurations. To assess
task accuracy, four widely recognized benchmarks could
work. GSM8k focuses on arithmetic reasoning problems,
testing a model’s multi-step problem-solving capabilities.
MMLU evaluates general knowledge across multiple aca-
demic and professional domains. CommonsenseQA chal-
lenges models with multiple-choice questions requiring ev-
eryday reasoning. Finally, LongBench provides a suite of
tasks explicitly designed for evaluating long-context under-
standing, including retrieval QA, summarization, and multi-
document comprehension. Together, these metrics provide
a comprehensive view of both the functional accuracy and
computational efficiency of the proposed ARKV framework.

In addition, we also perform memory measurements and
relative performance.

• Memory usage of KV cache: How much of the KV
cache is used in each state, expressed as the percentage
of tokens evicted or as a percentage of the compressed
cache. This reflects the memory footprint.

• Relative performance: The model’s accuracy on each
task is scored in terms of the percentage of baseline
performance retained. This allows a fair comparison
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of the performance retained under each memory-saving
method.

Together, these metrics capture important characteristics
that reflect the central tension in KV cache research. We
aim to maintain high accuracy while significantly reducing
memory usage and maintaining high throughput.

E. Main Results

We tested ARKV and the baselines with cache limits of
512, 1024, and 2048 tokens. The window size is set to 32
for our approach and all other baselines that require window
size settings. After fine-tuning, models with τ1 = 7.774,
τ2 = 5.407, τ3 = 5.528, and γ = 263.81 shows the best
performance.

F. Performance on LongBench

Figure 2: LongBench performance across different models
and KV cache strategies. The top panel shows absolute
scores, while the bottom panel presents performance relative
to the full-cache Base model (normalized to 1.0). Each group
includes results for Origin (green), Quant (orange), and
ARKV (blue), evaluated at token budgets of 512, 1024, and
2048 (from light to dark). ARKV consistently outperforms
quantization-only baselines and closely matches origin-only
performance, even under tight memory budgets.

LongBench is a challenging benchmark designed to assess
the ability of LLMs to handle long-context problems across
real-world multitasks. Figure 2 shows the average relative
perform by cache budgets of all models. The results are
consist cross different model families and parameter sizes.
The experiment shows that ARKV performed relatively

close to the base model, matching the base origin, and
outperformed the base quant.

Table II shows that ARKV achieves performance very
close to the base origin baseline while substantially outper-
forming base quant under limited cache budgets. Averaged
across models, ARKV attains a relative score of 0.972
compared to 0.979 for base origin, whereas base quant
drops sharply to 0.398. This indicates that the primary source
of performance degradation is the reduced cache budget,
rather than the selective mixed-precision mechanism. In
particular, ARKV largely preserves the accuracy of the full-
precision baseline, while uniformly quantizing the entire KV
cache leads to severe performance collapse, confirming that
indiscriminate quantization is unsuitable for long-context
inference.

A finer-grained analysis by task type and language further
highlights heterogeneous sensitivity to cache constraints.
As shown in Table III, tasks such as code generation and
few-shot learning are relatively robust to limited budgets,
whereas multi-document QA, single-document QA, and
summarization exhibit more noticeable degradation. In these
comparable challenging tasks, ARKV consistently retains
most of its performance with a relative score of 0.93–0.95,
whereas base quant suffers substantial drops with a relative
score of 0.27–0.34. Table IV further reveals that Chinese
tasks are the most affected by cache constraints: under a
1024-token budget, ARKV achieves 0.94 compared to the
full-cache baseline of 1.00, whereas base quant degrades
sharply to 0.28. English and programming-language tasks
are less sensitive, where ARKV ∼0.98 and base quant
∼0.49 for English and ∼0.38 for code. It indicates that se-
lective precision control significantly mitigates performance
loss across diverse task distributions.

Base Origin Quant ARKV
1.00 0.979 0.398 0.972

Table II: Overall Relative Performance on LongBench

task type Base Origin Quant ARKV
Code 1.00 1.00 0.34 0.98
Few shot 1.00 1.00 0.48 1.00
Multi-doc QA 1.00 0.94 0.52 0.95
Single-doc QA 1.00 0.96 0.34 0.94
Summarization 1.00 0.95 0.27 0.93
Synthetic 1.00 1.04 0.59 1.03

Table III: Average relative performance by task type

G. Performance on Short-Context Tasks.

The Short-Context tasks include GSM8k [27], MMLU
[28], and CommonsenseQA [29]. According to the exper-
iment, the results on GSM8K are the only ones that are
affected by the budgets and quantizations. This is because



language Base Origin Quant ARKV
EN 1.00 0.98 0.49 0.98
Python/C#/Java 1.00 1.00 0.38 0.99
Python/Java 1.00 0.99 0.31 0.97
ZH 1.00 0.95 0.28 0.94

Table IV: Average relative performance by language

task lengths on MMLU and CommonsenseQA are shorter
than the shortest budget limits, 512. The question lengths in
MMLU range from 4 to 4.67K, with 84.3% of the questions
shorter than 471, whereas in CommonsenseQA they range
from 24 to 321. In these cases, ARKV, base origin, and
base quant behave the same as the base model, as these
tasks only require understanding relatively short questions
and retrieving knowledge. The model doesn’t generate ex-
tremely long reasoning that would overflow the cache.

Figure 3 gives an overview of the overall performance on
GSM8K. Table V provides the details of the performance.
At the 512 budget, base quant’s performance was almost
zero. Quantizing everything prevented the system from
solving the mathematical calculations, possibly because tiny
quantization errors in intermediate calculations compound
to produce incorrect answers. As the budget increases to
2048, which exceeds the task lengths, all strategies become
identical. In summary, GSM8K is sensitive to both budget
size and quantization, and relies more on token precision.
ARKV performed as well as base origin, underscoring
that our adaptive approach preserved GSM8K performance
nearly fully once the budget was moderately large, whereas
quantizing everything severely degraded accuracy.

In summary, most tasks were robust to our method, since
context wasn’t too long, but GSM8K highlighted that when
reasoning and numeric precision are involved, quantizing
everything is disastrous, while our approach is nearly as
good as no quantization.

Budget Base Origin Quant ARKV
512 0.791 0.696 0.010 0.697

1024 0.791 0.780 0.401 0.789
2048 0.791 0.794 0.789 0.788

Table V: Mean accuracy on GSM8K under different KV
cache budgets. ARKV consistently matches Origin and sub-
stantially outperforms Quant, especially under tight memory
constraints. The best result within each budget block is
underlined.

H. TPS and Memory Savings.

In addition to the performance over a wide range of
tasks, we evaluate the efficiency of inference and mem-
ory savings. The token generated per second (TPS) is
used to measure the speed of inference. As for mem-
ory savings evaluation, we calculate Quant Ratio, cal-
culated with token quant/cache budget, then compared

Figure 3: GSM8K performance under various KV cache
strategies and budgets across different models. The top
panel shows absolute accuracy scores, while the bottom
panel presents performance relative to the full-cache Base
model (normalized to 1.0). Green bars represent origin-
only retention, orange bars indicate uniform quantization,
and blue bars denote ARKV. Each budget level (512, 1024,
2048 tokens) is visualized from light to dark. ARKV con-
sistently preserves high accuracy across all models, whereas
quantization-only methods degrade sharply, especially for
small budgets and smaller models.

with base origin, since fp8 occupied half the memory of
bfloat16.

TPS. Figure 4 gives an overview of the TPS over all
tasks. Table VI provides the details of the TPS of all
models, budgets, and strategies. As a result, our approach
has 86.1% relative TPS with 13.9% throughput reduction,
base origin has 88.2% relative TPS with 11.8% throughput
reduction, and base quant has 77.0% relative TPS with
23.0% throughput reduction. ARKV has approximately the
same TPS as base origin, with negligible degradation, while
base quant experiences significant degradation due to the
consumption of quant-dequant calculations. Moreover, our
method’s TPS is almost the same as pure eviction, mean-
ing we haven’t introduced a large overhead in exchange
for memory savings. The degradation of performance on
base origin, a pure eviction strategy, might be caused by
the implementation. Since other pure eviction works show
an improvement in throughput.

Memory Saving. Figure 5 and Table VII summarize the
memory behavior of ARKV across all models and tasks.



Model Budget Base Origin Quant ARKV
LLaMA3.2-3B 512 1.000 0.898 0.717 0.835
LLaMA3.2-3B 1024 1.000 0.864 0.683 0.810
LLaMA3.2-3B 2048 1.000 0.876 0.685 0.823
LLaMA3.1-8B 512 1.000 0.860 0.760 0.885
LLaMA3.1-8B 1024 1.000 0.890 0.773 0.883
LLaMA3.1-8B 2048 1.000 0.875 0.769 0.881
Qwen3-4B 512 1.000 0.880 0.709 0.862
Qwen3-4B 1024 1.000 0.875 0.708 0.849
Qwen3-4B 2048 1.000 0.881 0.712 0.858
Qwen3-8B 512 1.000 0.856 0.773 0.855
Qwen3-8B 1024 1.000 0.842 0.765 0.846
Qwen3-8B 2048 1.000 0.852 0.774 0.846

Table VI: Relative inference throughput (TPS) of each
method compared to the base model (1.0), across four LLM
variants. ARKV maintains ∼85% of base throughput on
average, with significantly better efficiency than Quant under
all settings.

Figure 4: Relative throughput (TPS) across different models
under various KV cache strategies and budgets. Each group
shows performance of Base, Origin, Quant, and ARKV
at budgets of 512, 1024, and 2048 tokens (from light to
dark shades). Green bars represent full-precision eviction
(Origin), orange bars show uniform quantization (Quant),
and blue bars indicate ARKV. ARKV consistently retains
high throughput (∼85–88%) across models while enforcing
cache constraints.

The FP8 quantization ratio distribution (top) shows that
ARKV consistently applies low-precision storage to only
a small portion of tokens, averaging around 14%. The
vertical dashed lines denote the mean and peak of the
distribution, and their proximity indicates that quantization
usage is both stable and tightly concentrated across runs.
This reflects ARKV’s design philosophy: quantization is
used conservatively and primarily for medium-importance
tokens, rather than as the main driver of memory savings.

In contrast, the eviction ratio distribution (bottom) is
broader and strongly influenced by the available KV cache
budget. The mean and peak lines appear at higher val-
ues, ∼0.78 and ∼0.90, respectively, showing that the most
frequent behavior under constrained budgets is to evict a
large fraction of low-impact tokens. As Table VII confirms,

eviction ratios decrease as the budget increases, from 0.88
at 512 tokens to 0.66 at 2048 tokens, while the quantization
ratio remains nearly constant.

Together, these results indicate that ARKV achieves
substantial memory reduction primarily through adaptive
eviction, with quantization serving as a stable, budget-
independent secondary mechanism. The clear separation
between mean and peak in the eviction distribution further
highlights the dynamic nature of ARKV’s token selection
under different memory constraints.

Figure 5: Histograms of FP8 quantization ratios (top) and
eviction ratios (bottom) under ARKV. Dashed lines indicate
the mean and peak values. Quantization ratios cluster around
∼0.14, while eviction ratios vary widely and are strongly
influenced by the KV cache budget.

Budget Quant Ratio Evict Ratio
512 14.39 87.80
1024 14.41 79.47
2048 14.47 65.97

Table VII: Memory Saving by Budget for ARKV (%)

VI. CONCLUSION

This paper presents ARKV, a tri-state caching frame-
work that dynamically retains, compresses, or evicts key-
value cache tokens to reduce memory consumption in LLM
inference. Guided by attention-based heavy-hitter scoring
and layer-wise OQ scheduling, ARKV efficiently prioritizes
both important tokens and sensitive layers, enabling high-
quality inference under tight memory budgets. Compared to



prior work, it offers fine-grained, lightweight, adaptive cache
control by presenting a unified cache management strategy,
combining s precision-aware compression and importance-
based retention. Experimental results have demonstrated that
ARKV achieves up to 4× memory reduction, ∼ 14.4%
quantization ratio, with negligible accuracy loss across di-
verse tasks.

In the future, we plan to extend ARKV with chunked
or streaming attention to enable dynamic context extension,
where local chunks could utilize compressed caches and
outputs can be merged incrementally. We also intend to
explore adaptive precision scaling beyond FP8, potentially
leveraging hybrid formats or continuous scaling, to achieve
tighter control over quantization quality. Finally, generaliz-
ing ARKV to Mixture-of-Experts (MoE) models and multi-
modal transformers will broaden its relevance to emerging
LLM architectures.
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