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Abstract

Transformer-based Large Language Models
(LLMs) suffer from substantial memory overhead
and latency bottlenecks due to the linear scaling
of the Key-Value (KV) cache. Existing KV cache
eviction methods typically rely on local heuris-
tics, scoring cached entries by their immediate
contribution to the attention output while ignoring
the downstream propagation of information to the
final representation. To that end, we propose KV-
grad, which carries out the eviction by using a
query-agnostic importance score that quantifies a
cache entry’s global impact on the final represen-
tation. Based on a simple analysis using Taylor
approximation and chain-rule, KVgrad factorizes
the impact of a cached value into a linear local
component and a gradient-based downstream sen-
sitivity term. Then, we apply a magnitude-aware
scoring scheme to stabilize the importance score.
Evaluations on RULER and LongBench demon-
strate that KVgrad achieves an average maximum
compression ratio of 6.42x with negligible perfor-
mance loss (< 2%), significantly outperforming
strong local-only state-of-the-art baselines. Fur-
thermore, we demonstrate that our signal is highly
amenable to distillation; by training a lightweight
MLP to predict KVgrad scores from local hidden-
state features, we enable high-fidelity, on-the-fly
compression at negligible computational cost.

1. Introduction

Autoregressive generation in large language models is fun-
damentally memory-bandwidth bound (Shazeer, 2019; Pope
et al., 2023). During inference, the entire key-value (KV)
cache must be fetched from GPU memory to compute atten-
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tion for each new token (Shah et al., 2024). In long-context
scenarios, such as agentic workflows or multimodal process-
ing, KV cache transfers can account for over 93% of GPU
kernel time (Jiang et al., 2025).

To alleviate this bottleneck, post-hoc KV cache evic-
tion(Zhang et al., 2023; Li et al., 2024; Cai et al., 2024;
Feng et al., 2024) has emerged as a high-utility strategy:
it does not require retraining the base model and is com-
patible with other compression techniques like quantiza-
tion (Kim et al., 2025; Ramachandran et al., 2025). The
primary challenge lies in “eviction policy”, i.e., determining
which KV pairs to retain based on an assigned importance
score. Query-agnostic approaches (Kim et al., 2025; Jegou
& Jeblick, 2026) are particularly desirable for deployment
because their scores depend only on the context. This al-
lows scores to be computed offline for multi-turn reuse or
distilled into a lightweight surrogate for efficient online com-
pression (Jegou & Jeblick, 2026). Currently, state-of-the-art
query-agnostic methods like KVzip (Kim et al., 2025) de-
rive these scores by measuring how essential a cache entry
is for the model to reconstruct its own context.

However, existing eviction methods—whether query-aware
or query-agnostic—typically evaluate the importance of
cached key-values from a local view, considering only each
entry’s direct contribution to the attention output (af;) at its
own layer (Figure 1 (a)). This perspective ignores the down-
stream propagation from that attention output through
subsequent Feed-Forward Network (FFN) and higher layers
before reaching the final hidden state (xﬁ“). Because a
model’s prediction ultimately depends on this global influ-
ence, local-only heuristics can be misleading.

To bridge this gap, we propose KVgrad, a query-agnostic
importance score derived from a first-order Taylor expansion
that quantifies the global impact of removing a cache entry.
Using a per-probe chain-rule decomposition, we factorize
this global influence into two distinct stages: (1) Local
component: The direct, linear path from the value vector vﬁ
to the attention output af;, and (2) Downstream component:
The gradient sensitivity of the final hidden state with respect
to that attention output.

To ensure robustness against the noise and directional insta-
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bility inherent in downstream gradients, KVgrad employs
a magnitude-aware scoring scheme and a probe-specific
preservation strategy. Together, they result in a scoring func-
tion (Sfcvgrad in Eq. 8) that robustly captures the global
influence from the cache entry to the final model output
(Figure 1 (b)). Finally, we show that KVgrad strictly gen-
eralizes recent state-of-the-art methods like KVzip (Kim
et al., 2025) and KVzip+ (Jegou & Jeblick, 2026), which
focus solely on the local component while omitting the
downstream component.

We extensively evaluate KVgrad on four LLMs using
RULER (Hsieh et al., 2024) and LongBench (Bai et al.,
2024), demonstrating that it significantly pushes the bound-
aries of KV cache compression. Specifically, KVgrad out-
performs the state-of-the-art KVzip+ by up to 32.4% in
near-lossless compression (< 2%), achieving an average
maximum compression of 6.42x. While this high-fidelity
scoring requires an additional backward pass, we show that
the cost can be fully amortized via a lightweight surro-
gate. KVzap (Jegou & Jeblick, 2026) demonstrated that
query-agnostic importance scores—despite being defined
over the full repeat-stage computation—can be accurately
predicted by a small MLP from prefill-stage hidden states
alone. Following their training recipe and simply replac-
ing the supervision target with KVgrad scores, we obtain
a KVgrad (MLP) surrogate that runs alongside prefill at
negligible extra cost. We show that KVgrad (MLP) not only
outperforms KVzip+ (MLP), but also surpasses the original
KVzip+ scoring itself. This suggests that gradient-based
importance provides a better signal for neural surrogates,
enabling high-performance compression at negligible com-
putational cost during inference (Figure 1 (c)).

2. Related Works
2.1. KV Cache Compression

KV cache compression spans several orthogonal axes: token
eviction (Zhang et al., 2023; Li et al., 2024; Cai et al., 2024;
Feng et al., 2024), low-rank projection (Chang et al., 2025),
precision (Liu et al., 2024b; Hooper et al., 2024), and head-
level reduction during pretraining (Ainslie et al., 2023; Liu
etal., 2024a). These axes are largely composable — eviction
can be applied on top of a quantized cache (Kim et al., 2025;
Ramachandran et al., 2025), for instance — so progress
along one axis does not preclude gains along another. We
focus on post-hoc foken eviction, which is complementary
to precision and dimension reduction already in use.

Attention-weight-based eviction Traditional methods
score the importance of KV cache pairs by the atten-
tion weights they receive. Query-aware methods like
H20 (Zhang et al., 2023) and SnapKV (Li et al., 2024)
use cumulative or windowed attention to identify "Heavy

Hitters.” PyramidKV (Cai et al., 2024) further optimizes this
by observing a ’pyramidal” information funnel, allocating
higher budgets to lower layers. However, these methods
are primarily query-dependent; re-compressing the cache
is necessary for every new query. In contrast, KVzip (Kim
et al., 2025) introduces a query-agnostic score by measuring
context reconstruction, enabling the same compressed cache
to be reused across arbitrary future queries. Recent work (Je-
gou & Jeblick, 2026) trains a lightweight MLP to predict
query-agnostic importance scores directly from internal hid-
den states. This reduces scoring overhead to a negligible
level during generation, showcasing the practical efficiency
of the query-agnostic setting for real-world deployment.

Beyond attention weights A line of work (Goel et al.,
2025; Jegou & Jeblick, 2026; Gu et al., 2025; Feng et al.,
2025) observes that attention weights are a coarse signal for
token importance and instead incorporates value-vector in-
formation to better approximate the attention output. Specif-
ically, KVzip+ (Jegou & Jeblick, 2026) scales attention
weights by value-vector norms to capture relative impor-
tance at the layer level. However, these methods—whether
query-agnostic or query-aware—remain limited to the local
attention output, discarding the information from subse-
quent FFNs and downstream layers. KVgrad bridges this
gap by utilizing a global gradient signal to capture the end-
to-end sensitivity of each KV cache entry, accounting for
the cumulative impact on the model’s final hidden state.

2.2. Attribution Methods for KV Eviction

Attribution methods for quantifying the end-to-end contri-
bution of individual inputs have been extensively devel-
oped within the Explainable Al (XAI) community. While
perturbation-based attribution methods (Lundberg & Lee,
2017; Petsiuk et al., 2018; Wang et al., 2020) explicitly
measure the influence of input eviction on the model re-
sponse, they incur impractical computational demands. In
contrast, back-propagation-based attribution methods (Si-
monyan et al., 2013; Shrikumar et al., 2016; Bach et al.,
2015; Selvaraju et al., 2017) efficiently quantify feature im-
portance in a single step by leveraging the back-propagation
process. Such gradient-based methods can be unified under
the Taylor decomposition (Bach et al., 2015; Montavon et al.,
2017), which expresses a model’s output as a sum of first-
order contributions from individual inputs and motivates the
gradient-input product as a local attribution signal.

In practice, however, the raw output gradients of deep neural
networks are unstable, producing erratic attributions (Bal-
duzzi et al., 2017; Smilkov et al., 2017; Sundararajan et al.,
2017). To mitigate this issue, previous methods (Smilkov
et al., 2017; Sundararajan et al., 2017) aggregate gradients
across perturbed inputs or integration paths to obtain more
stable attributions. However, these techniques require mul-
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Figure 1. Overview of KVgrad: (a) Prior work uses a local view, scoring cache entry v, solely by its immediate contribution to
attention output aé,. (b) KVgrad adopts a global view, quantifying the total influence flow from the entry to the final hidden states (c)
Accuracy vs. TTFT: @ KVgrad maintains near-lossless accuracy (< 2%) even at high compression ratios (up to 16 x), remaining stable
under regimes where KVzip+ experiences significant accuracy drops. @ The distilled KVgrad (MLP), matches the accuracy of the offline
target with zero measurable overhead, whereas the KVzip+ (MLP) suffers a sharp performance drop.

tiple gradient evaluations, which incur an impractical com-
putational cost. A complementary line of work focuses on
positive evidence (Springenberg et al., 2014; Noh et al.,
2015; Bach et al., 2015; Montavon et al., 2017) or aggrega-
tion (Selvaraju et al., 2017) to obtain more stable explana-
tions, e.g., Grad-CAM (Selvaraju et al., 2017) pools gradi-
ents across spatial dimensions to yield more robust saliency.
These methods are designed for scalar-output classification,
and their extension to KV eviction in long-context LLMs
remains largely unexplored. Our proposed methods, e.g.,
KVgrad, bridge the gap by adapting aggregated gradient-
based attribution to yield a token-level eviction criterion that
reflects the global influence of each KV cache entry in a
single backward pass.

3. Proposed Methods

3.1. Preliminary: Query-agnostic KV eviction

Repeat-reconstruction probes Designing a KV cache
eviction strategy requires a clear objective that specifies
which information must be preserved. KVzip (Kim et al.,
2025) formulates this objective as retaining the signals nec-
essary to faithfully reconstruct the original context from the
post-eviction cache. Specifically, we append a sequence
of probe tokens consisting of a fixed instruction, such as
"Repeat the previous context:", followed by
a copy of the original context. For example, in Figure 1,
the original context tokens A and B are duplicated after the
instruction; together they form probe tokens used to score
the cache entries corresponding to A and B. In the remainder
of the paper, we denote c as a cache token index and p € P

as a probe token index, where ¢ < p by definition.

Notation Consider a Transformer with L layers, in which
each layer is indexed by ¢ € {1,...,L}. For simplicity,
we consider a single-head attention setting; the extension to
multi-head or grouped-query attention is straightforward, as
each head can be treated independently.

Let x!, € R'*P denote the hidden state entering layer / at
p, vi € R™P the value vector of token t, W5, € RP*P
the output projection matrix, and Af;t € [0, 1] the attention
weight from query p to key ¢ < p, satisfying > 7_, Af},t =1.
The attention output at position p in layer /, af; € R™P s
the weighted sum of value vectors projected by W’é:

al, = Y AL, vi W, 1)
t<p
The overall update at layer ¢ is then:
xf,*l = xf, + aﬁ + FFN? (xf, + aﬁ) , 2)

where FEN? denotes the Feed-Forward Network (FFN)
block at layer /.

Importance scoring KVzip (Kim et al., 2025) scores the
importance of each cached KV pair by the maximum atten-
tion weight it receives from any probe token:
kvzi l
SZ’\; ip _ Iglea%{ Ap7c. 3)

Subsequently, KVzip+ (Jegou & Jeblick, 2026) improves
upon this by quantifying the contribution of each cached



KVgrad: Query-Agnostic KV Cache Eviction via Gradient-based Global Importance Scoring

. . 0.
KV pair to the attention output a;,:
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Here, Afuc ||v£ Wé H2 reflects the contribution of the c-th
KV pair to af;, while the factor 1/ ||xf;||2 rescales this con-
tribution relative to the magnitude of the incoming hidden

state at position p.

Limitations of local scoring. The importance scores in
Egs. (3) and (4) both quantify how a cache entry locally
affects the attention output af; at its own layer. However, this
local contribution does not necessarily reflect the impact on
the final hidden states, since the signal propagates through
the remaining L — ¢ blocks. Figure 1 illustrates this gap:
prior scores terminate at layer ¢ (left), whereas a faithful
importance measure must trace the influence flow from v
to the final hidden state x;** (right).

3.2. KVgrad: A Gradient-Based Global Importance
Score

A first-order Taylor approximation To address the
above-mentioned limitation of local scoring and quantify
the global influence, we introduce a scalar objective ® that
summarizes the final representation. Specifically, we define
P = > pllxp T3 to represent the cumulative magni-
tude of the final layer hidden states. Note that this objective
depends on the entire set of cached KV pairs and current
input representations. With a slight abuse of notation, we
write ® as a function of a single cached value, ®(v¥), by
holding all other cached KV pairs and model parameters
fixed. This allows us to approximate the impact of removing
v, via a first-order Taylor approximation around its current
value:

d(vi+8) ~ (VL) + 8-V, P )

Now, setting § = —v?, (i.e., complete removal) gives the
first-order importance score v? - V¢ ® as a proxy for the
change in ®.

To disentangle the local influence within the attention layer
from global propagation through the model, we apply the
chain rule through the attention outputs {a : p € P} as
follows:

D(vi) —®(0) ~ vi-V,®
= vl (Y Vel Vo)
peEP
= > A (VEWE) - (Var®),  (6)
pEP

T

p,c

in which Eq. (6) follows from the linear dependency of
the attention output on the value vectors, i.e., vaaf) =

Ag WY, Note that the scalar attention weight Af;,c and
v£ have been commuted for notational clarity. In this de-
composition, the local component Af), CvﬁWZO captures the
direct linear contribution of the value vector to the attention
output at position p. In contrast, the downstream component
Vaf? ® accounts for how this influence propagates through

subsequent non-linear layers to affect the final objective ®.

From the first-order approximation to KVgrad score.
While Eq. (6) provides a principled derivation, it is not
directly suitable as a robust importance score. We identify
two key limitations in the vanilla first-order approximation
and propose modifications to address them.

(i) Magnitude-aware scoring. While the first-order ap-
proximation T}fyc is exact for the linear local component
Ag VYWY, its reliability diminishes when combined with
the non-linear downstream term Vag ®. In particular, previ-
ous studies have highlighted that vanilla gradients of deep
neural networks are often noisy (Smilkov et al., 2017; Bal-
duzzi et al., 2017) and the gradient direction can easily be
changed with small perturbations (Ghorbani et al., 2019),
failing to provide a faithful measure of importance in deep
networks. To mitigate such distortions, various approaches,
such as the LRP zT-rule (Bach et al., 2015) and Grad-CAM
(Selvaraju et al., 2017), have attempted to focus on posi-
tive signals or aggregate gradient information to improve
attribution stability.

To jointly compensate for the noise and directional uncer-
tainty of gradients, we adopt a magnitude-aware scoring
scheme based on the Cauchy-Schwarz upper bound of Tﬁcz

7L < AL VWS, [[Va @]

» (7)

in which such relaxation effectively discards the influence
of unreliable directional information while preserving the
magnitude, which complements the limitations of the first-
order approximation.

(ii) Probe-specific preservation. The bound in Eq. (7) re-
solves directional cancellation within a single probe but does
not address cross-probe dilution. In other words, summing
over P treats all probes equally. Under this inductive bias, a
KV entry that is critically important for a specific probe—
yet irrelevant to others— may be erroneously discarded as
its high local contribution is washed out by the majority of
negligible signals.

To ensure the score retains these sparse but vital dependen-
cies, we replace ZpGP with max,cp operator. Combining
it with magnitude-aware scoring, we define the final KV-
grad score:

SKVerd _ max AL VWG|, [[Va @, ®
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Figure 2. Average accuracy vs. compression ratio on diverse model scales and families

Our ablations in Sec. 4.4 empirically validate that the
adopted magnitude-aware scoring and probe-specific preser-
vation are crucial for maintaining performance in long-
context retrieval tasks. Further justifications of the intro-
duced MAS and PSP are in Appendix A.1.

Remarks 1 (Relation to prior work): While KVzip and
KVzip+ incorporate Af . and vEWY, as local contribution,
respectively, both omit the third factor Vag ®. This omission
motivates us to propose a more comprehensive metric that
explicitly incorporates this downstream sensitivity.

4. Experimental Results
4.1. Setup

Models and datasets To assess query-agnostic compres-
sion performance across model scales and families, we eval-
uate KVgrad on three sizes of Qwen3 (Yang et al., 2025)
(0.6B, 4B, 8B) and Llama-3.1-8B-Instruct (Grattafiori et al.,
2024). Our evaluation is done on RULER (Hsieh et al.,
2024), comprising 13 synthetic retrieval and tracing sub-
tasks, and LongBench (Bai et al., 2024), consisting of 16
English and code tasks spanning QA and summarization.
Detailed information regarding categories, dataset statistics,
and evaluation metrics is provided in Appendix A.2.1.

Baselines and implementation We compare against the
two strongest query-agnostic baselines: KVzip (Kim et al.,
2025) and its refined variant KVzip+ (Jegou & Jeblick,
2026). Both have been shown to outperform a broad set
of query-aware methods — including H20O (Zhang et al.,
2023), SnapKV (Li et al., 2024), PyramidKV (Cai et al.,
2024), and DuoAttention (Xiao et al., 2024) — in their re-
spective papers; we therefore restrict our direct comparison
to these two methods to maintain a focused analysis. Further
details are provided in Appendix A.2.3.

Evaluation We follow the query-agnostic KV cache evic-
tion and evaluation procedure of KVzip (Kim et al., 2025),
which consists of four stages: 1) Prefill 2) Importance scor-
ing 3) Compression 4) Generaiton. Please check details for
each stage at A.2.3

Following (Kim et al., 2025), we adopt a chunking strategy
for importance scoring: the context is divided into fixed-size
chunks of 512 tokens and processed iteratively. The model
is prompted to reconstruct the current segment based on a
prefix of the preceding chunk. The exact prompt template
for chunking strategy is provided in Appendix A.2.4.

Rather than allocating a fixed budget per layer or per head,
we rank all KV entries jointly across layers and heads and
evict the lowest-scoring ones until the target CR is met.
Notably, we find this strategy effective in practice, which
appears to stem from our output-gradient-based method
capturing globally calibrated importance.

4.2. Main Results

Figure 2 presents the main results across four mod-
els (columns) and two datasets (rows). Each sub-
plot shows the averaged accuracy over sub-tasks from
RULER or LongBench under varying compression ratios
(2x,4x,8x%,16x,32x). The results show that KVgrad
outperforms both strong baselines, with the performance
gap widening as the compression ratio increases.

4.3. Distilled Surrogate and Compression Cost

Overview of KVgrad (MLP) KVzap (Jegou & Jeblick,
2026) showed that the KVzip+ importance score SX;’ZIPJF
can be predicted from the corresponding hidden state x
using a small per-layer MLP, letting scoring run alongside

prefill at negligible extra cost. This distillation is only fea-
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Figure 3. Qwen3-8B: (Above) TTFT across context lengths. Note
that the TTFT of KVzip+ (MLP) and KVgrad (MLP) is identical,
as they share the same MLP architecture. (Below) Accuracy vs.
compression ratio on RULER and LongBench.

sible for query-agnostic scores: training the MLP requires
score targets computed independently of any query, which
query-aware methods cannot supply.

Following KVzap’s training recipe verbatim and swapping
only the supervision target, we train an MLP to predict the
KVgrad score Sfcvgmd, which we denote KVgrad (MLP);
analogously, we re-train the same architecture to predict
KVzip+’s score, denoted KVzip+ (MLP). Each per-layer
surrogate is a two-layer MLP trained on precomputed (hid-
den state, score) pairs over a fixed set of contexts, making
it lightweight to train. KVzap’s implementation does not
enforce powers-of-2 CRs exactly, so the CRs achieved by
the MLP variants differ slightly from KVzip+ and KVgrad.
Full settings and extended results are in Appendix A.3.

Benchmark Results Figure 3 (Left) reports Qwen3-8B
accuracy on RULER and LongBench. We highlight two find-
ings: (i) KVgrad scores distill more cleanly than KVzip+
scores Under an identical training pipeline, the gap from the
full method to the MLP variant is consistently smaller for
KVgrad than for KVzip+, suggesting gradient-based scores
are easier to predict from hidden states. (ii)) KVgrad (MLP)
approaches the offline KVzip+ at a fraction of the cost It
outperforms KVzip+ (MLP) at every compression ratio and
nearly matches the much more expensive offline KVzip+ at
moderate CRs, diverging only at the most aggressive ratios.

Compression cost We report Time-To-First-Token
(TTFT) — the wall-clock time from receiving the prompt
to emitting the first generated token — which covers the
prefill and importance-scoring stages. Figure 3 (Right)
shows TTFT on Qwen3-8B at context lengths of 4K, 8K,

Table 1. Score-variant ablation study.

Variant PSP MAS 8&:1 16:1 32:1

KVgrad v v 90.44 17794 54.42
w/o MAS v X 91.05 7543 31.54
w/o PSP X v 82.63 63.82 29.63
w/o Both X X 88.48 61.85 23.92

and 16K. Full KVgrad requires an additional backward pass
for importance scoring; this overhead can be considered
as a reasonable cost in offline settings, where it pays for
the better performance. KVgrad (MLP) eliminates this
overhead: scoring runs in a single forward pass alongside
prefill, so TTFT matches the no-compression baseline at all
measured context lengths.

Together, the two variants make KVgrad practical across
deployment regimes: full KVgrad delivers the strongest
offline compression, and KVgrad (MLP) brings competi-
tive scoring quality to online inference at no measurable
overhead.

4.4. Ablation Studies

We conduct ablation studies to evaluate the efficacy of
Magnitude-Aware Scoring (MAS), Probe-Specific Preserva-
tion (PSP), and the impact of probe token chunk size. All
experiments are performed using Qwen3-4B on RULER.

Magnitude-aware scoring and probe-specific preserva-
tion. Table 1 describes the individual contributions of
MAS and PSP, which constitute the transition from the
Taylor approximation form in Eq. (6) to our proposed KV-
grad Eq. (8). Our results indicate that omitting the MAS
or substituting the max operator with ) leads to a severe
degradation in performance. Notably, this performance gap
widens significantly as the compression ratio increases.

5. Conclusion

We introduce KVgrad, a query-agnostic KV cache eviction
framework that evaluates the importance of cache entries
through their global impact on a model’s final representation.
By factorizing importance into a direct local component and
a downstream gradient sensitivity term, KVgrad captures the
global sensitivity of the final model output to each cached
entry across the entire network depth. Our evaluations on
RULER and LongBench demonstrate that KVgrad achieves
up to 6.42x compression with negligible performance loss,
consistently outperforming existing query-agnostic base-
lines. Furthermore, we show that our gradient-based signal
is highly amenable to distillation, enabling a lightweight
MLP surrogate to provide on-the-fly compression with no
measurable overhead.
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A. Supplementary Materials
A.1. Justifications of proposed methods

Remarks 2 (Connection to Grad-CAM): Grad-CAM (Selvaraju et al., 2017) scores importance by multiplying a spatially
aggregated gradient weight into its activation map. In our context, weighting af) with its aggregated gradient and substituting

with Eq. (1) yield a% Hvaf,(PHz =2 ey A VEWE, Hvag@HQ- The ¢5 norm of the summand corresponds to our KVgrad

score Sfcvgrad (before max), effectively decomposing the Grad-CAM-style importance into fine-grained contributions of

individual cache entries c.

Remarks 3 (Max operator): KVzip is designed to preserve entries critical to at least one output token, which corresponds to
. . 2. .
max,cp ®, in our formulation, where ®,, := ||x£+1 ||2 is the per-probe target. To avoid per-probe backward pass, KVgrad

evaluates importance using the gradient collapsed at the intermediate activation af, during a single pass on ¢ = Zp o,
providing a position-localized proxy for per-probe importance.

A.2. Detailed Experiment Settings

A.2.1. BENCHMARK SPECIFICATION

Table 2. Summary of benchmarks used for text and multimodal evaluation

Benchmark Modality Samples Key Metrics Context Range (Avg)
RULER (Hsieh et al., 2024) Text 6,500 Recall, EM 4,096 tokens
LongBench (Bai et al., 2024)  Text 3,750 F1, ROUGE-L, EM 5k ~ 15k tokens

T Mean vision tokens per instance under our 256-frame sampling configuration.

RULER Comprises 13 synthetic sub-tasks across four categories: Retrieval (Single/Multi-query/Multi-key Needle-in-a-
Haystack), Multi-hop Tracing (variable tracking), Aggregation (unique Words, frequent words), and Question Answering
(Single/Multi-hop Reasoning). Following previous work (Kim et al., 2025; Jegou & Jeblick, 2026) for establishing baseline
long-context robustness, we utilize the 4096-token context length configuration for all tasks. Each task has 500 samples each,
which in total has 6500 samples. Evaluation is based on Recall (for retrieval tasks) and Exact Match (for tracking and QA).

LongBench While the full LongBench suite includes bilingual tasks, we evaluate on the 16 English and code tasks
following the selection in KVPress (Devoto et al., 2025). The subset comprises 3,750 samples (150~500 per task) spanning
Single-doc QA, Multi-doc QA, Summarization, Few-shot Learning, Synthetic Tasks, and Code Completion. Each task has
150 ~ 500 samples per task, which in total has 3,750 samples. Context lengths range from 1k to 18k words, with most tasks
centered between Sk and 15k tokens. Evaluation metrics include F1-score (for QA), ROUGE-L (for summarization), and
Exact Match or Edit Similarity (for code and synthetic tasks).

A.2.2. HARDWARE AND SOFTWARE ENVIRONMENT

We evaluate KVgrad across two primary compute environments. The larger models—including Qwen3-4B, Qwen3-8B,
Llama-3.1-8B-Instruct—were evaluated on NVIDIA A100 GPU. The Qwen3-0.6B was evaluated on NVIDIA RTX A5000
GPU. Both environments were standardized on PyTorch 2.6.0 and CUDA 12.4 to ensure consistent performance and KV
cache handling.

Table 3. Hardware and software specifications

Component NVIDIA A100 (80GB) NVIDIA RTX A5000 (24GB)
CPU AMD EPYC 74F3 AMD Threadripper PRO 3975WX
System RAM 2.0 TiB 256 GiB

Operating System  Ubuntu 24.04 LTS Ubuntu 22.04 LTS
PyTorch/CUDA 2.6.0/124 26.0/124
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A.2.3. IMPLEMENTATION DETAILS

In this section, we provide additional technical details regarding the implementation of KVgrad and the configuration of our
evaluation frameworks across text, image, and video modalities.

Detailed description of quary-agnostic KV cache eviction stages

e Prefill: constructing the KV cache from a shared context

» Importance scoring: computing the importance score S;(C\/grad for each KV entry without access to any query

* Compression: evicting KV entries with the lowest importance scores until reaching a target compression ratio (CR),
defined as the ratio between the original and compressed cache sizes

* Generation: generating outputs using the compressed KV cache

Text Tasks For all text-centric evaluations (RULER and LongBench), we utilize KVpress (Devoto et al., 2025), an
open-source library designed for the modular evaluation of KV-cache eviction policies. We implemented KVgrad as a
new eviction policy within this framework, enabling a direct and fair comparison against the built-in implementations of
KVzip (Kim et al., 2025) and KVzip+ (Jegou & Jeblick, 2026).

A.2.4. CHUNKING-BASE COMPRESSION

As described in Section 4.1, our importance scoring utilizes a chunk-based reconstruction strategy. This approach ensures
that the KV cache is scored in a query-agnostic manner by forcing the model to attend to and “reconstruct” the context. For
the Qwen3 model family, we utilize the specific chat-template format shown below:

Prompt for chunk-based reconstruction (Qwen3 families)

{context}

Repeat the previous context exactly, starting with {previous chunk[-8:]} <|im_end]|>
<|lim_start|>assistant

<think>

</think>

{chunk}

A.3. Distillation Details for KVgrad (MLP)

This section provides training and inference details for the KVgrad (MLP) introduced in §4.3. In short, we adopt the KVzap
training and evaluation protocol of Jegou & Jeblick (2026) verbatim', with the only change being the regression target:
the data, features, architecture, optimizer, and hyperparameters are identical, and only the supervision signal is swapped
from KVzip+ to KVgrad. The sole inference-time deviation is the threshold range, which is re-calibrated because KVzip+
and KVgrad produce scores on different log-scales. Results are reported for both the new KVgrad (MLP) and the recipe’s
original KVzip+ (MLP); because the two MLP variants differ only in supervision signal, the gap between them isolates the
contribution of the regression target from that of the distillation recipe itself.

A.3.1. METHOD

Computing either score — S?ZZier in Eq. (4) or Sifzgrad in Eq. (8) — requires multi-pass forward passes over the probe
context (and, for KVgrad, an additional backward pass), which dominates time-to-first-token (Figure 3). Following Jegou &
Jeblick (2026), we replace this multi-pass scorer with a per-layer model fg that predicts the score from the cache-token

'Reference implementation: https://github.com/NVIDIA/kvpress/tree/main/kvzap.
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hidden state in a single forward pass:
See = filxe),  fi:RVP =R ©)

At inference, S[’C feeds the same DMS-style (Lancucki et al., 2025) inference rule used by KVzap: cache entries with
S¢.. < 7 are evicted independently per (layer, KV-head), and a sliding window of the most recent 128 tokens is excluded
from eviction.

A.3.2. IMPLEMENTATION DETAILS

Training data We use the Nemotron—-Pretraining-Dataset—-sample (Basant et al., 2025), the same pretraining
mixture as Jegou & Jeblick (2026), drawing from all nine sub-corpora (math, code, factual QA, etc.). Prompts whose
tokenized length lies outside [750, 1250] are filtered, leaving ~~2,367 prompts balanced as 500 train + 5 test per sub-corpus.
Every prompt is wrapped with the model’s chat template so captured hidden states match the evaluation distribution; we
sub-sample 500 token positions per prompt with a fixed seed.

Training pairs (x’, Sec) For each prompt and each layer ¢, the input feature is the hidden state x’ at the sampled
cache position ¢, paired with the score Sy . at the same (¢, ¢). Both KVzip+ and KVgrad targets are computed under the
repeat-prompt protocol in Section 4.1; KVgrad additionally requires one backward pass through the probe context to obtain
the gradient term Vai ® in Eq. (8). Targets are log-transformed (clamped for numerical stability) to compress their dynamic
range.

Model and optimization For each layer ¢, ff is a two-layer MLP, R'*P Linear, pix512 GELU, pixs12 Liner,

producing the scalar score S’z’c. For multi-head or grouped-query attention, we extend the final linear to match the number
of KV heads, so that the MLP predicts all per-KV-head scores at layer £ jointly in a single forward pass. Following Jegou
& Jeblick (2026), we optimize with AdamW (learning rate 5 x 103, cosine annealing over 15 epochs, batch size 512,
gradient-norm clipping at 1.0, MSE loss).

s

Evaluation We follow the main-paper text protocol (Section. 4.1): RULER 4096 (Hsieh et al., 2024) and LongBench
vl (Bai et al., 2024). Owing to compute constraints, this supplementary’s comparison covers four scoring configurations
— KVzip+, KVzip+ (MLP), KVgrad, and KVgrad (MLP) — alongside the no-compression baseline. Because threshold
pruning yields a content-dependent compression ratio, we sweep six thresholds per (model, target) and linearly interpolate
the achieved-ratio—accuracy curve to the standard ratios {2:1,4:1,8:1,16:1}. Threshold ranges differ between targets
because KVzip+ and KVgrad produce scores on different log-scales: 7 € [—8, —3] (KVzip+, 0.6B), [—6, —2] (KVzip+,
4B/8B), [7,12] (KVgrad, 0.6B), and [8, 14] (KVgrad, 4B/8B).

A.4. Limitations and Broader Impact

This work presents a method for improving the algorithmic efficiency of KVgrad. While our contributions are primarily
foundational, they carry several societal implications and limitations.

A.4.1. POSITIVE SOCIETAL IMPACTS

Environmental Sustainability By reducing the computational overhead required for inference, our approach contributes
to a lower carbon footprint for Al systems. This is increasingly critical as the energy demands of large-scale model
deployment continue to rise.

Democratization of AI Lowering the hardware requirements for high-performance models helps democratize Al research.
By making these methods accessible to researchers and organizations with limited GPU resources, we foster a more inclusive
research environment and reduce the “compute gap” between well-funded labs and the broader community.

A.4.2. POTENTIAL NEGATIVE IMPACTS AND LIMITATIONS

Generalization and Reliability While our method demonstrates significant improvements on specific accuracy-oriented
benchmarks, its evaluation is currently focused on a targeted subset of tasks. There is a risk that these efficiency gains may
not inherently mitigate—and could potentially mask—underlying hallucinations in more open-ended or out-of-distribution
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Table 4. RULER (fr=0.1) string-match mean across 11 attention-importance variants, on Qwen3-0.6B and Qwen3-4B. The Y _-family
and max-family rows pair up by suffix formula. Bold = best per (model, cr) among the 10 ablation variants (GxI excluded). max-family
[]l2]|#]|2 is the final method.

Model Family  Variant 2:1 4:1 8:1 16:1 32:1
ref 1>, (0, 0)| 78.29 7624 7240 5370 26.12

> [, 0] 7779 7675 7315 5451 2437

> 1l ¢) 7785 77.08 6741 4562 2536

by S 1@, 18 7792 7696 70.54 5044 29.96

Qwen3-0.6B > %], 18)) 7771 7691 7197 5135 37.02
S lvlzlell 7775 7678 7233 5596 36.32

max, | (¥, ¢)| 78.13 7656 7224 5583 2445

max., | (|1, ¢) 78.14 7679 71.14 53.04 3130

max  maxy, |(1, |4|) 77.57 7120 7259 56.14 3533

maxn, (|9, [¢])  78.05 7674 7048 57.32 38.76

maxy, |[¢)2]|élls 7819  76.60 69.66 5721 40.20

ref 1>, (0, 0)| 9457 9391 91.60 70.18 33.15

S, ) 94.52 9391 9236 67.34 23.40

Sl 9) 9445 9387 8581 5893 26.63

by S, 18 9445 9405 84.80 57.35 2561

Qwen3-4B S %l 18)) 9428 94.08 8470 67.09 31.30
> om 1Yll2]l ]2 9445 94.13 8423 6723 29.77

max, | (¥, ¢)| 94.52 9394 9171 7640 3222

max., | (|1, ¢) 94.47 9406 92.62 76.67 39.56

max  maxm,|{1, |6|) 94.50 9426 9149 7628 40.70

max,, ([¥],|p]) 9419 9426 91.88 78.92 55.02
max,, [|¢]2]l¢l 9451 9440 9244 7817 55.03

scenarios. Furthermore, as with any efficiency-focused optimization, there is a possibility of unintended performance
trade-offs in edge cases not captured by our current evaluation suite. We encourage practitioners to perform comprehensive
audits for truthfulness before deploying this method in safety-critical or user-facing applications.

A.4.3. LIMITATIONS AND FUTURE WORK

Despite the novelty of the proposed Taylor-based compression algorithm and its strong empirical performance, several
limitations remain to be addressed in future research.

Unified Importance Formulation Our current Taylor decomposition estimates the importance of values exclusively,
whereas the eviction process is applied to both keys and values. While this formulation is currently supplemented by a
heuristic that preserves a fixed-length attention sink, it lacks a unified framework that accounts for the mutual importance
of the key-value pair. Developing a rigorous formulation that integrates both components remains a primary objective for
future work.

Contextual Redundancy The Taylor-based approach focuses on individual token importance but does not explicitly
account for information redundancy within the context. This can lead to suboptimal compression where important but
redundant information is retained. Addressing this, particularly for video datasets containing temporally redundant frames,
could significantly enhance the compression ratio.

Implementation Efficiency Our current implementation involves redundant computations of the attention matrix. Tran-
sitioning to a specialized kernel-level implementation would drastically improve throughput. Future iterations should
explore deep-level optimizations, such as intervening in the backpropagation process and integration with high-performance
inference frameworks like vVLLM.

Evaluation Scope in Multimodality While we adhered to standard Large Language Model (LLM) benchmarks, our
evaluation on Multimodal Large Language Models (MLLMs) remains preliminary. Although we have demonstrated the
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Table 5. Chunk-size ablation of KVgrad.

Chunk size 2:1 4:1 8:1 16:1 32:1

256 94.02 93.70 90.59 77.53 52.79
512 9397 93.64 90.44 7794 54.42
1024 9395 9345 90.25 7833 55.15
2048 93.99 9338 9033 77.77 54.34

Table 6. Aggregator ablation on the gradient ¢, RULER (fr=0.1) string-match mean. The score is max,, &m.c - [|¥]|2 - |Aggr(édm)]; the
1)-side aggregator is fixed at || - |2 and only Aggr(¢) is varied. Bold = best per (model, cr).

Model Ager(¢) 2:1 4:1 8:1 16:1 32:1
|pll2 (defaulr) 7819 76.60 69.66 57.21 40.20
|2 7805 7670 70.83 57.18 3893
Qwen3-068 4 78.03 7584 68.61 53.87 40.42

¢ (mean, signed) 77.65 74.84 66.58 4628 24.62

6|2 (default) ~ 94.51 9440 9244 78.17 55.03
1]l 9455 9442 91.89 78.36 56.17
|6loo 94.64 9444 9175 69.68 32.59
¢ (mean, signed) 94.16 9404 9193 69.52 35.40

Qwen3-4B

feasibility of our method across different modalities, more extensive benchmarking on diverse image and video datasets,
including the comparison with the SOTA baseline methods, is required to fully validate its generalizability.

Future works Several promising directions for future research emerge from this study. By integrating our method
with KV-reuse settings, we can investigate hybrid strategies for KV compression, offloading, and re-entry. This includes
handling KV pairs from independent sources that may contain causally independent compressed data. Furthermore, applying
Explainable AI (XAI) techniques to compute end-to-end importance scores represents a compelling avenue for achieving
more interpretable and efficient context management.

A.5. Additional Ablation Studies
A.5.1. ROBUST TO CHUNK SIZE

Table 5 summarizes the sensitivity analysis of KVgrad regarding chunk size. The results demonstrate that KVgrad maintains
stable performance across a wide range of variations, demonstrating high robustness to this hyperparameter. Consequently,
we utilized a consistent configuration without extensive tuning for our primary evaluations.

A.5.2. ABLATION STUDY ON IMPORTANCE SCORING DESIGN

Table 4 represents the ablation study on the importance scoring design. The result show that the Hadamard product and the
12 product with the max operation are the only combination that exhibits the best performance for both Qwen3-2B and 4B,
respectively. This exhibits that the magnitude-aware scoring and probe-specific preservation proposed in the main paper are
crucial for identifying the influence of KV cache entries.

KVzip score KVzip survival KVzip+ score KVzip+ survival Ours score Ours survival

£=1

[ B TERE S S

—

Figure 4. Importance score and survived KV entries of KVzip, KVzip+, and KVgrad
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A.5.3. ABLATION ON AGGREGATION FUNCTION

Table 6 represented experimental results with varying aggregation methods. While both ¢; and ¢, exhibits strong performance,
the ¢, and mean aggregation exhibits poor performance.

A.5.4. SCORE VISUALIZATION

Figure 4 show the importance score of KVzip, KVzip+, and KVgrad. While all three method show similar eviction pattern
overall, KVgrad assigns lower importance to the first layer compared to the others. We attribute this difference to KVzip+,
which appears to overestimate the importance of lower layers due to the application of 1/ ||xf) Il2-
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A.6. Full Experimental Results
A.6.1. RULER RESULTS - QWEN3 0.6B

Table 7. Per-task RULER accuracy and NL-CR for Qwen3-0.6B.

Accuracy (per CR) NL-CR (per 7)
Task Press No press  2:1 4:1 8:1 16:1 32:1  1=2 7=5
KVzip 0.5 0.3 0.3 0.6 0.5 32:1 32:1
cwe KVzip+ 0.5 0.4 04 0.7 0.5 0.7 32:1  32:1
KVgrad 0.4 0.3 1.0 2.8 1.5 32:1 32:1
KVzip 767 735 612 389 227 1:1 21
fwe KVzip+ 79.5 769 729 631 517 356 11 21
KVgrad 76.6  71.8 621 499  36.1 1:1 2:1
KVzip 962 784 61.6 278 28 2:1 21
niah-mkl  KVzip+ 97.8 974 828 680 452 58 2:1 2:1
KVgrad 974 96.0 878 69.0 436 41 41
KVzip 926 692 336 6.0 0.4 2:1 2:1
niah-mk2 KVzip+ 91.6 924 902 438 74 0.8 41 41
KVgrad 91.8 928 854 58.0 64 4:1 4:1
KVzip 91.2 434 212 32 0.0 2:1 21
niah-mk3  KVzip+ 90.0 90.6 626 198 44 0.0 2:1 21
KVgrad 90.2 878 696 264 12 2:1  4:1
KVzip 982 948 832 388 34 2:1 41
niah-mq  KVzip+ 98.0 98.0 962 877 685 129 41 41
KVgrad 982 983 968 915 738 81 81
KVzip 885 745 577 252 26 1 21
niah-mv  KVzip+ 90.7 89.2 786 609 370 88 2:1 21
KVgrad 90.1 874 816 740 600 2:1 4:1
KVzip 100.0 100.0 100.0 100.0 100.0 32:1 32:1
niah-s1 KVzip+ 100.0 100.0 100.0 100.0 100.0 100.0 32:1 32:1
KVgrad 100.0 100.0 100.0 100.0 100.0 32:1 32:1
KVzip 1000 992 990 254 56 8:1 81
niah-s2 KVzip+ 100.0 100.0 99.8 1000 824 170 81 81
KVgrad 100.0 100.0 99.8 962 62.0 81 16:1
KVzip 994 992 956 648 22 41 81
niah-s3 KVzip+ 99.4 994 992 962 83.0 46.0 41 8:1
KVgrad 994 994 990 962 636 81 16:1
KVzip 584 546 380 202 78 2:1 2:1
qal KVzip+ 582 59.2 562 442 242 80 2:1 4
KVgrad 59.0 572 480 272 146 41 41
KVzip 33.0 282 210 126 106 2:1 21
qa2 KVzip+ 334 33.0 288 226 156 108 2:1 @ 2:1
KVgrad 33.0 318 282 200 138 2:1 41
KVzip 792 754 506 347 346 21 41
vt KVzip+ 78.1 791  77.0 749 524 418 41 8:1
KVgrad 794 789 787 671 779 32:1 32:1
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A.6.2. RULER RESULTS - QWEN3 4B

Table 8. Per-task RULER accuracy and NL-CR for Qwen3-4B.

Accuracy (per CR) NL-CR (per 7)
Task Press No press  2:1 4:1 8:1 16:1 32:1 =2 7=5
KVzip 942 937 770 343 0.7 4:1 4:1
cwe KVzip+ 939 943 942 848 616 22 4:1 4:1
KVgrad 946 938 878 775 529 41 41
KVzip 878 859 783 488 0.0 4:1  4:1
fwe KVzip+ 87.2 877 86.0 795 70.7 0.6 4:1 4:1
KVgrad 876 8.1 787 731 639 21 4:1
KVzip 1000 99.6 91.8 60.6 1.8 4:1 4:1
niah-mkl KVzip+ 100.0 100.0 100.0 978 628 7.2 4:1 8:1
KVgrad 100.0 100.0 99.0 904 522 81 8:1
KVzip 100.0 100.0 980 768 9.8 8:1 8:1
niah-mk2 KVzip+ 100.0 100.0 100.0 934 89.8 438 4:1 4:1
KVgrad 100.0 100.0 99.0 786 328 81 8:1
KVzip 100.0 100.0 97.8 20.0 0.0 4:1 8:1
niah-mk3 KVzip+ 100.0 100.0 100.0 992 246 0.0 8:1 8:1
KVgrad 100.0 100.0 99.6 512 44 8:1 8:1
KVzip 1000 97.0 93.1 464 02 2:1 4:1
niah-mq  KVzip+ 100.0 1000 97.6 934 624 97 2:1 4:1
KVgrad 100.0 99.0 967 818 461 41 8:1
KVzip 100.0 987 765  27.1 1.1 4:1 41
niah-mv  KVzip+ 100.0 100.0 984 813  40.6 142 41 41
KVgrad 1000 998 967 84.6 558 41 8:1
KVzip 100.0 100.0 100.0 100.0 100.0 32:1 32:1
niah-s1 KVzip+ 100.0 100.0 100.0 100.0 100.0 100.0 32:1 32:1
KVgrad 100.0 100.0 100.0 100.0 100.0 32:1 32:1
KVzip 100.0 100.0 974 568 0.6 4:1 8:1
niah-s2 KVzip+ 100.0 100.0 100.0 99.6 8.4 106 81 &1
KVgrad 100.0 100.0 99.8 97.6 644 81 16:1
KVzip 99.8 998 980 326 02 8:1 8:1
niah-s3 KVzip+ 99.8 998 998 978 754 0.0 4:1 8:1
KVgrad 99.8 998 998 996 794 16:1 16:1
KVzip 802 81.6 732 430 218 41 41
qal KVzip+ 79.8 798 81.0 740 448 240 41 41
KVgrad 802 80.0 626 356 248 41 41
KVzip 60.0 578 536 356 202 21 4:1
qa2 KVzip+ 59.6 594 592 554 418 224 41 41
KVgrad 594 598 562 432 314 41 41
KVzip 100.0 100.0 100.0 100.0 99.7  32:1 32:1
vt KVzip+ 100.0 100.0 100.0 100.0 100.0 100.0 32:1 32:1
KVgrad 100.0 100.0 100.0 100.0 99.5 32:1 32:1
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A.6.3. RULER RESULTS - QWEN3 8B

Table 9. Per-task RULER accuracy and NL-CR for Qwen3-8B.

Accuracy (per CR) NL-CR (per 7)
Task Press No press  2:1 4:1 8:1 16:1 32:1 =2 7=5
KVzip 99.1 991 943 439 0.6 4:1 8:1
cwe KVzip+ 989 99.2 991 974 813 4.1 8:1 8:1
KVgrad 99.1 985 960 89.0 664 4:1 8:1
KVzip 955 958 893 619 00 4:1 41
fwe KVzip+ 95.3 955 957 915 779 21 4:1 8:1
KVgrad 95.6 955 889 768 562 41 41
KVzip 1000 998 90.8 47.0 02 4:1 4:1
niah-mkl KVzip+ 100.0 100.0 100.0 974 474 214 41 8:1
KVgrad 100.0 100.0 988 89.6 60.8 8:1 8:1
KVzip 100.0 100.0 99.6 748 2.0 8:1 8:1
niah-mk2 KVzip+ 100.0 100.0 100.0 100.0 874 1.2 8:1 8:1
KVgrad 100.0 100.0 96.8 62.6 244 41 8:1
KVzip 100.0 99.8 984 242 0.0 8:1 8:1
niah-mk3 KVzip+ 100.0 1000 998 99.2 552 0.0 8:1 8:1
KVgrad 100.0 100.0 850 392 2.2 4:1 4:1
KVzip 100.0 100.0 99.2 412 0.1 8:1 8:1
niah-mq  KVzip+ 99.9 100.0 999 997 680 139 81 81
KVgrad 99.8 1000 988 8.0 552 81 8:1
KVzip 100.0 99.2 848 289 0.1 4:1 4:1
niah-mv  KVzip+ 100.0 100.0 99.7 89.1 504 22.1 41 4:1
KVgrad 1000 99.8 989 934 698 81 8:1
KVzip 100.0 100.0 100.0 100.0 100.0 32:1 32:1
niah-s1 KVzip+ 100.0 100.0 100.0 100.0 100.0 100.0 32:1 32:1
KVgrad 100.0 100.0 100.0 100.0 100.0 32:1 32:1
KVzip 100.0 100.0 972 242 0.0 4:1 8:1
niah-s2 KVzip+ 100.0 100.0 100.0 100.0 750 222 81 8:1
KVgrad 100.0 100.0 100.0 94.6 544 81 8:1
KVzip 100.0 100.0 98.6 26.8 0.0 8:1 8:1
niah-s3 KVzip+ 100.0 100.0 100.0 99.0 70.6 3.6 8:1 8:1
KVgrad 100.0 100.0 100.0 994 582 16:1 16:1
KVzip 80.2 814 766 430 256 41 4:1
qal KVzip+ 81.8 80.8 812 77.6 51.6 304 41 41
KVgrad 81.0 790 638 418 288 21 4:1
KVzip 634 61.0 562 324 226 21 4:1
qa2 KVzip+ 628 63.6 622 590 400 228 41 41
KVgrad 63.6 628 570 458 312 41 41
KVzip 100.0 100.0 100.0 100.0 98.8  32:1 32:1
vt KVzip+ 100.0 100.0 100.0 100.0 100.0 100.0 32:1 32:1
KVgrad 100.0 100.0 100.0 100.0 97.5 16:1  32:1
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A.6.4. RULER RESULTS - LLAMA3.1 8B

Table 10. Per-task RULER accuracy and NL-CR for Llama-3.1-8B-Instruct.

Accuracy (per CR) NL-CR (per 7)
Task Press No press  2:1 4:1 8:1 16:1 32:1 =2 T1=5
KVzip 99.6  99.0 91.8 458 04 4:1 41
cwe KVzip+ 99.6 99.6 992 956 504 0.0 4:1 81
KVgrad 99.5 973 837 468 6.0 2:1 4:1
KVzip 943 945 931 828 1.6 8:1 8:1
fwe KVzip+ 94.8 945 946 929 835 258 41 8:1
KVgrad 942 939 919 887 506 41 8:1
KVzip 100.0 100.0 998 914 168 8 8:1
niah-mkl KVzip+ 99.8 100.0 100.0 99.8 934 246 81 8:1
KVgrad 100.0 100.0 100.0 984 78.6 16:1 16:1
KVzip 100.0 100.0 99.8 89.8 488 81 8:1
niah-mk2 KVzip+ 100.0 1000 998 992 954 182  8:1 16:1
KVgrad 100.0 100.0 998 98.0 634 16:1 16:1
KVzip 99.8 100.0 986 79.0 0.0 8:1 8:1
niah-mk3 KVzip+ 99.8 99.8 1000 982 61.6 0.0 8:1 8:1
KVgrad 99.8 998 998 80.6 74 8:1 8:1
KVzip 100.0 100.0 99.7 90.7 7.2 8:1 8:1
niah-mq  KVzip+ 99.9 100.0 100.0 995 903 37.0 81 8:1
KVgrad 100.0 100.0 999 983 794 16:1 16:1
KVzip 99.9 1000 978 619 7.8 4:1 8:1
niah-mv ~ KVzip+ 99.9 999 998 978 675 209 41 8:1
KVgrad 999 999 996 951 702 81 16:1
KVzip 100.0 100.0 100.0 100.0 100.0 32:1 32:1
niah-sl KVzip+ 100.0 100.0 100.0 100.0 100.0 100.0 32:1 32:1
KVgrad 100.0 100.0 100.0 100.0 100.0 32:1 32:1
KVzip 99.8  100.0 1000 98.0 264 16:1 16:1
niah-s2 KVzip+ 100.0 99.8 1000 998 952 398 81 16:1
KVgrad 100.0 100.0 99.8 988 89.6 16:1 16:1
KVzip 100.0 100.0 100.0 932 1.6 8:1 8:1
niah-s3 KVzip+ 100.0 100.0 100.0 100.0 884 100 81 8:1
KVgrad 100.0 100.0 100.0 98.8 658 16:1 16:1
KVzip 870 850 778 536 220 2:11 41
qal KVzip+ 87.8 87.0 846 80.6 472 204 2:1 41
KVgrad 86.6 844 764 430 248 2:1 4:1
KVzip 61.2 618 572 438 258 41 41
qa2 KVzip+ 62.8 612 600 568 454 234 1:1 4:1
KVgrad 61.2 61.0 574 448 308 1:1 4:1
KVzip 999 999 997 986 94.1 16:1 16:1
vt KVzip+ 99.9 999 999 999 986 956 16:1 32:1
KVgrad 999 999 999 996 97.0 16:1 32:1

18



KVgrad: Query-Agnostic KV Cache Eviction via Gradient-based Global Importance Scoring

A.6.5. LONGBENCH RESULTS - QWEN3 0.6B

LongBench - Qwen3-0.6B
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Figure 5. LongBench per-category curves for Qwen3-0.6B.
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A.6.6. LONGBENCH RESULTS - QWEN3 4B

LongBench - Qwen3-4B
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Figure 6. LongBench per-category curves for Qwen3-4B.
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A.6.7. LONGBENCH RESULTS - QWEN3 8B

LongBench - Qwen3-8B
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Figure 7. LongBench per-category curves for Qwen3-8B.
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A.6.8. LONGBENCH RESULTS - LLAMA3.1 8B

LongBench - Llama-3.1-8B-Instruct
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Figure 8. LongBench per-category curves for Llama-3.1-8B-Instruct.
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Table 11. LongBench results and NL-CR for Qwen3-0.6B.

Accuracy (per CR) NL-CR (per 7)

Cat Task Press Nopress 2:1 41 81 16:1 321 7=2 7=5
KVzip 160 145 124 104 85 11 21

NarrQA  KVzip+ 16.6 161 159 140 137 97 1:1 41

KVgrad 160 161 142 137 111 111 4:1

KVzip 182 154 152 110 88 21 21

S-DocQA oy Kvzip+ 182 189 170 143 137 91 21 21
KVgrad 183 184 17.0 136 117 41 4:1

KVzip 476 463 403 275 201 41 41

MFQA  KVzip+ 472 48.0 482 422 322 219 41 41

KVgrad 475 48.1 46.6 419 325 81 8:1

KVzip 359 325 243 119 113 211 2:1

HotQA  KVzip+ 36.0 353 340 239 128 115 2:1  2:1

KVgrad 357 338 293 222 210 2:1 2:1

A KVzip 3.9 321 309 155 115 81 81
M-Doc QA HwiQA  KVzip+ 30.7 302 312 303 173 114 81 81
KVgrad 302 325 333 298 253 81 16:1

KVzip 150 113 60 57 46 21 21

MuSQ  KVzip+ 14.0 145 111 65 55 57 21 21

KVgrad 146 143 99 73 58 41 41

KVzip 274 268 249 165 104 41 41

GovR  KVzip+ 27.1 276 261 249 155 95 21 41

KVgrad 274 274 263 231 196 4:1 8:1

KVzip 204 204 202 188 175 81 81

Summ QMSm  KVzip+ 205 204 206 20.1 189 172 81 81
KVgrad 200 204 206 19.6 188 8:1 16:1

KVzip 245 242 231 119 91 41 81

MNws  KVzip+ 24.0 242 241 234 131 87 41 81

KVgrad 242 243 236 211 171 81 8:1

KVzip 270 53.0 520 355 80 16:1 16:1

TREC  KVzip+ 21.0 225 500 525 305 145 16:1 16:1

KVgrad 235 350 495 420 140 16:1 16:1

KVzip 714 702 671 631 640 41 41

Few-shot ' myoA  Kvzip+ 707 714 711 66.1 626 63.1 41 41
KVgrad 704 705 692 69.8 69.6 32:1 32:1

KVzip 350 341 317 290 296 21 41

SAM KVzip+ 35.1 349 350 314 293 287 4:1 41

KVgrad 345 350 344 320 317 41 81

KVzip 05 05 00 00 00 41 41

PCnt KVzip+ 05 1.0 15 00 00 01 41 41

KVgrad 05 15 1.0 05 05 3221 32:1

Synth

KVzip 740 315 145 70 62 21 21

PRet KVzip+ 75.5 735 505 175 95 50 11 21

KVgrad 745 745 580 185 115 41  4:1

KVzip 308 317 248 167 174 41 41

LCC KVzip+ 315 340 342 277 198 211 41 41

Code KVgrad 345 343 339 299 227 81 16:1
KVzip 298 30.1 300 31.0 339 32:1 32:1

RBP KVzip+ 294 333 344 344 354 365 32:1 321

KVgrad 333 336 351 374 373 32:1 321
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Table 12. LongBench results and NL-CR for Qwen3-4B.

Accuracy (per CR) NL-CR (per 7)

Cat Task Press Nopress 2:1 41 81 16:1 321 7=2 7=5
KVzip 268 267 253 161 65 81 81

NarrQA  KVzip+ 25.0 265 272 259 155 99 &1 8:1

KVgrad 268 274 258 225 182 81 8:1

KVzip 413 408 377 98 60 41 41

S-Doc QA or  KVzip+ 409 406 414 358 119 63 41 41
KVgrad 417 431 402 351 233 81 81

KVzip 565 559 509 290 164 41 4:1

MFQA  KVzip+ 56.8 561 562 506 312 192 4:1  4:1

KVgrad 557 56.0 525 404 300 4:1 4:1

KVzip 605 616 577 173 59 41 81

HotQA  KVzip+ 60.5 608 626 596 238 65 81 81

KVgrad 610 60.1 610 554 40.1 81 8:1

KVzip 46.1 472 371 120 89 41 41

M-Doc QA HywiQA  KVzip+  46.0 459 450 396 137 88 21 41
KVgrad 462 450 437 369 322 21 81

KVzip 356 332 263 76 38 21 21

MuSQ  KVzip+ 352 355 36.6 266 89 44 41 41

KVgrad 345 355 320 272 218 41 41

KVzip 311 300 282 217 119 2:1 41

GovR  KVzip+ 314 3.3 305 275 220 127 2:1 41

KVgrad 31,1 308 288 257 217 21 41

KVzip 251 241 224 213 178 21 41

Summ QMSm  KVzip+ 25.0 248 245 230 214 187 4:1 41
KVgrad 248 249 238 225 198 4:1  8:1

KVzip 254 250 237 146 97 41 41

MNws  KVzip+ 25.1 255 250 237 163 100 41  4:1

KVgrad 251 252 238 207 172 4:1  4:1

KVzip 485 67.0 645 455 00 &1 81

TREC  KVzip+ 48.0 470 655 645 500 15 16:1 16:1

KVgrad 470 590 675 618 362 16:1 16:1

KVzip 86.8 868 859 802 643 81 81

Few-shot " mr0A  Kvzip+ 875 875 872 860 809 679 81 8l
KVgrad 87.0 877 868 875 869 32:1 32:1

KVzip 39.7 403 382 356 326 41 81

SAM KVzip+ 40.1 399 397 383 360 337 41 81

KVgrad 39.6 400 39.6 381 379 81 8:1

KVzip 65 55 30 30 00 11 11

PCnt KVzip+ 7.5 75 65 40 25 05 21 21

KVgrad 55 55 55 55 45 111 11

Synth

KVzip 99.0 985 870 385 50 41 41

PRet KVzip+ 99.0 99.0 979 970 560 9.0 41 81

KVgrad 99.0 985 99.0 975 920 16:1 16:1

KVzip 623 613 510 292 187 41 41

LCC KVzip+ 60.9 620 61.1 481 241 190 4:1 41

Code KVgrad 609 622 592 515 389 4:1 81
KVzip 549 572 588 602 564 32:1 32:1

RBP KVzip+ 55.1 547 582 582 610 59.0 32:1 32:1

KVgrad 540 57.1 585 59.0 588 32:1 32:1
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Table 13. LongBench results and NL-CR for Qwen3-8B.

Accuracy (per CR) NL-CR (per 7)

Cat Task Press Nopress 2:1 41 81 16:1 321 7=2 7=5
KVzip 287 294 266 151 86 41 41

NarrQA  KVzip+ 293 287 281 259 192 118 21 41

KVgrad 285 288 273 24.6 212 4:1  4:1

S-Doc OA KVzip 431 442 396 123 60 41 41
-Doc Q Qspr KVzip+ 43.5 434 426 411 179 72 41 41
KVgrad 437 422 387 29.6 242 21 41

KVzip 553 548 524 287 166 41 4:1

MFQA  KVzip+ 55.6 552 561 513 332 221 41 41

KVgrad 550 53.8 489 40.7 298 2:1  4:1

KVzip 628 634 551 127 66 41 41

HotQA  KVzip+ 62.8 627 647 615 256 90 41 81

KVgrad 628 625 63.6 570 487 81 81

KVzip 497 498 428 108 9.0 41 41

M-Doc QA HywiQA  KVzip+ 47.5 489 480 43.1 133 9.0 41 41
KVgrad 490 509 457 395 335 4:1  8:1

KVzip 353 347 293 77 49 41 41

MuSQ  KVzip+ 353 357 341 289 102 65 21 41

KVgrad 352 347 33.0 283 247 41 41

KVzip 337 332 315 239 126 41 4:1

GovR  KVzip+ 334 336 333 312 248 164 4:1 41

KVgrad 337 333 312 278 237 41 41

KVzip 247 239 238 215 174 21 81

Summ QMSm  KVzip+ 244 244 242 236 212 198 4:1 81
KVgrad 247 241 232 222 21.0 4:1 8:1

KVzip 247 243 240 138 86 41 81

MNws  KVzip+ 247 248 246 239 150 92 41 81

KVgrad 247 244 229 192 159 4:1 41

KVzip 515 73.0 610 430 15 1611 16:1

TREC  KVzip+ 425 51,5 700 652 460 35 1611 16:1

KVgrad 480 620 720 610 460 32:1 32:1

KVzip 90.7 89.6 90.0 812 60.1 81 8l

Few-shot ' miyoA  Kvzip+ 906 90.5 899 88.1 835 654 41 81
KVgrad 90.5 90.7 89.6 882 889 32:1 32:1

KVzip 407 410 389 349 326 41 81

SAM KVzip+ 404 403 415 39.1 355 326 41 81

KVgrad 402 409 40.6 392 382 8:1 16:1

KVzip 110 95 80 45 00 41 41

PCnt KVzip+ 9.5 95 95 115 50 20 81 81

Synth KVgrad 100 90 45 55 85 21 21
KVzip 939 921 926 767 45 81 8l

PRet KVzip+ 90.8 933 955 961 862 187 81 16:1

KVgrad 936 931 916 89.8 90.0 32:1 32:1

KVzip 66.6 643 520 321 164 21  4:1

LCC KVzip+ 66.7 668 632 497 298 17.6 21 2:1

Code KVgrad 663 673 629 540 460 4:1 4:1
KVzip 615 628 639 635 641 32:1 32:1

RBP KVzip+ 62.1 61.1 622 628 637 631 32:1 32:1

KVgrad 61.6 608 624 631 628 32:1 32:1
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Table 14. LongBench results and NL-CR for Llama-3.1-8B-Instruct.

Accuracy (per CR) NL-CR (per 7)

Cat Task Press No press  2:1 4:1 8:1 16:1 32:1 7=2 7=5
KVzip 309 317 310 286 153 81 81

NarrQA  KVzip+ 31.0 308 314 311 280 184 81 81

KVgrad 3.0 303 308 29.6 225 81 16:1

Doc OA KVzip 473 451 453 261 113 2:1 81
8-Doc QA gy KVzip+ 474 474 460 444 246 132 2:1 41
KVgrad 493 472 461 394 270 4:1  8:1

KVzip 570 549 547 483 205 21 8

MFQA  KVzip+ 563 566 556 560 423 188 81 81

KVgrad 572 574 559 462 298 81 81

KVzip 577 555 559 480 296 11 21

HotQA  KVzip+ 59.8 578 576 565 458 263 1:1 41

KVgrad 588 573 568 53.1 450 2:1 8:1

KVzip 48.1 472 446 240 169 111 11

M-Doc QA HwiQA  Kvzip+ 513 488 470 461 275 219 11 21
KVgrad 508 494 452 413 305 2:1  4:1

KVzip 313 277 293 203 88 11 1

MuSQ  KVzip+ 335 314 290 274 236 102 1:1 1

KVgrad 322 309 272 278 200 11 2:1

KVzip 348 345 328 272 148 21 41

GovR  KVzip+ 352 350 342 331 248 140 2:1 41

KVgrad 347 341 330 289 229 21 41

KVzip 252 248 240 229 185 41 41

Summ QMSm  KVzip+ 253 252 249 244 226 180 41 81
KVgrad 251 248 250 239 224 81 81

KVzip 271 270 262 235 84 41 81

MNws  KVzip+ 27.0 272 268 263 230 80 41 81

KVgrad 272 271 264 234 192 4:1  8:1

KVzip 230 530 59.0 280 65 81 16:1

TREC  KVzip+ 29.0 255 625 560 225 75 &1 81

KVgrad 210 275 450 440 240 16:1 16:1

KVzip 909 889 917 921 880 16:1 32:1

Few-shot  mryQA  Kvzip+ 917 89.8 886 920 919 873 16:1 32:1
KVgrad 924 898 890 888 887 2:1 321

KVzip 394 353 378 377 350 111 21

SAM KVzip+ 408 393 379 391 365 328 111 81

KVgrad 382 398 394 394 382 1:1 16:1

KVzip 11.2 1.8 93 50 25 41 4:1

PCnt KVzip+ 107 113 122 95 55 25 41 41

KVgrad 124 112 108 90 80 81 8:1

Synth

KVzip 100.0 100.0 935 660 145 41 41

PRet KVzip+ 100.0 100.0 100.0 980 840 125 81 81

KVgrad 100.0 995 995 995 965 16:1 32:1

KVzip 54.1 493 474 346 238 21 21

LCC KVzip+ 533 550 520 455 311 229 21 41

o KVgrad 564 566 534 480 372 81 8:1
KVzip 484 483 521 544 544 32:1 32:1

RBP KVzip+ 472 483 495 532 551 546 32:1 32:1

KVgrad 485 492 496 506 507 32:1 32:1
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