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Abstract

KV cache compression is critical for long-
context LLM inference, yet existing training-
free methods face a coverage—importance
dilemma. Attention-based eviction preserves
semantically salient tokens but often concen-
trates the retained cache around a few high-
attention regions, creating context holes that
hurt long-range reasoning. Diversity-based se-
lection improves key-space coverage but may
retain directionally unusual tokens that con-
tribute little to generation. Because future de-
coding queries are unknown, prefill-time com-
pression must balance directional coverage
with attention-based importance. We propose
AnchorKV, a training-free prefill-time com-
pression framework that addresses this chal-
lenge through block-wise budgeting, anchor-
based cosine dissimilarity, causal-attention
importance, and a retention-adaptive hybrid
score. Experiments on LongBench across
three backbone models show that AnchorKV
achieves stronger overall performance than ex-
isting training-free baselines, especially at low
retention ratios. A query-subsampled variant
further reduces the overhead of full-query im-
portance estimation by up to 2.7 x with a mod-
est average performance drop. We also pro-
vide theoretical analysis of query-subsampled
importance estimation and block-wise vari-
ance reduction.

1 Introduction

Large language models (LLMs) (Touvron et al.,
2023; Grattafiori et al., 2024) excel at long-
context tasks such as document summariza-
tion, retrieval-augmented question answering, and
multi-document reasoning. However, standard
self-attention (Vaswani et al., 2017) stores Key and
Value (KV) representations for every historical to-
ken. As context lengths grow to tens of thousands
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of tokens, the KV cache becomes a major memory
and bandwidth bottleneck for LLM serving (Kwon
et al., 2023; Sheng et al., 2023). KV cache com-
pression therefore plays a central role in making
long-context inference practical.

Existing training-free KV compression methods
usually rely on one of two signals: attention-based
importance or key-space diversity. Attention-
based eviction methods, such as HyO (Zhang
et al., 2023) and SnapKV (Li et al., 2024), use
accumulated or observed attention weights to re-
tain tokens that appear important. These methods
preserve semantically salient tokens, but attention
is often highly concentrated around a few local
hot spots. When used as a global retention sig-
nal, it can allocate too much budget to narrow re-
gions and leave large parts of the context uncov-
ered. Diversity-based selection methods, such as
KeyDiff (Park et al., 2025), retain tokens that are
dissimilar in the Key space. This improves geo-
metric coverage, but key-space dissimilarity alone
is not equivalent to semantic relevance: a token
may be directionally unusual while carrying little
useful information for downstream generation.

We argue that these two failure modes reveal
a common challenge in prefill-time KV compres-
sion. During prefill, future decoding queries are
unavailable, so the compression algorithm can-
not know which historical keys will be queried
later. The retained KV set must therefore provide
broad directional coverage: for a range of possi-
ble future query directions, the compressed cache
should still contain nearby supporting keys. At
the same time, coverage alone is insufficient be-
cause it can preserve punctuation, formatting arti-
facts, boilerplate, or other semantically weak out-
liers. The central challenge is thus not simply
to identify important tokens, but to select a com-
pact KV subset that simultaneously preserves di-
rectional coverage for unknown future queries and
attention-based evidence of current contextual rel-



evance.

In this paper, we propose AnchorKYV, a training-
free and prefill-only KV cache compression frame-
work designed around this coverage—importance
objective. First, it reserves structurally impor-
tant prefix and recent tokens, which protects at-
tention sinks and local generation context. Sec-
ond, it partitions the compressible region into
temporal blocks and assigns each block a local
retention budget, preventing global top-k selec-
tion from creating context holes. Third, it esti-
mates query-agnostic directional coverage through
anchor-based cosine dissimilarity within each
block. Fourth, it filters directionally diverse but
semantically weak tokens using causal-attention
importance, and combines the two signals with
a retention-adaptive hybrid score. Our contribu-
tion lies in formulating these components as a uni-
fied solution to the coverage—importance dilemma,
rather than in block partitioning, diversity scoring,
or attention importance in isolation.

Our contributions are:

* We identify a coverage—importance dilemma
in training-free KV cache compression:
attention-only selection preserves salient to-
kens but creates context holes, whereas
diversity-only selection improves coverage
but may retain semantically irrelevant tokens.

* We propose AnchorKV, a prefill-only KV
compression framework that decomposes to-
ken selection into structural protection, tem-
poral coverage, directional coverage, and
attention-based filtering.

* We introduce block-wise budgeting and
anchor-based diversity scoring to preserve lo-
cal directional coverage, and combine them
with causal-attention importance through a
retention-adaptive hybrid score.

* Experiments on LongBench across three
backbone models and four baselines show
stronger overall performance, especially at
low retention ratios. Ablations further show
that block-wise budgeting and anchor-based
diversity provide complementary gains on
top of attention-importance selection.

2 Related Work

The KV cache has become a major bottleneck for
long-context LLM inference (Zhang et al., 2023;

Xiao et al., 2024). Existing compression meth-
ods differ along three axes: what to retain, where
to allocate budget, and how to reduce memory
or computation. We review attention-based evic-
tion, diversity-based selection, layer/head-level al-
location, and recent structured or system-oriented
KV optimization methods, and then position An-
chorKV.

2.1 Attention-Based Importance Eviction

Attention-based KV eviction retains tokens that re-
ceive high attention scores. HsO (Zhang et al.,
2023) accumulates per-token attention weights
and preserves heavy hitters. SnapKV (Li et al.,
2024) uses an observation window to select to-
kens likely to be attended to during generation,
while Scissorhands (Liu et al., 2023) exploits
persistent attention patterns. Recent methods
further refine attention-guided eviction. SAGE-
KV (Wang et al., 2025) performs self-attention-
guided token and head-level eviction after pre-
filling, and RocketKV (Behnam et al., 2025)
combines coarse-grained permanent eviction with
decode-time sparse attention.

These methods are effective when observed at-
tention predicts future decoding behavior. How-
ever, attention is often concentrated on a few
salient spans. Using it as a global retention sig-
nal may over-preserve local hot regions while leav-
ing large portions of the context uncovered. An-
chorKV complements attention importance with
block-wise temporal coverage and anchor-based
diversity, aiming to retain broader support for un-
known future queries.

2.2 Diversity-Based Selection

Diversity-based methods preserve context cover-
age by selecting dissimilar tokens. KeyDiff (Park
et al., 2025) retains tokens according to Key-
space dissimilarity, motivated by its empirical re-
lationship with attention. AnchorKV also uses
key-space geometry, but for a different purpose:
rather than using dissimilarity as a standalone
retention criterion, it treats anchor-based dissim-
ilarity as a query-agnostic coverage signal for
unknown future queries. Because pure diver-
sity can retain unusual but semantically weak to-
kens, AnchorKV combines this coverage signal
with attention-based importance through retention-
adaptive scoring.



2.3 Layer-Level and Head-Level Budget
Allocation

Another line of work studies where to allocate the
retention budget. PyramidKV (Cai et al., 2025)
assigns larger KV budgets to shallow layers fol-
lowing a pyramidal profile. AdaKV (Feng et al.,
2024) and DynamicKV (Zhou et al., 2025) adapt
budgets across heads or tasks. These methods are
orthogonal to AnchorKV: they decide how much
budget each layer, head, or request receives, while
AnchorKV decides which tokens to retain within
a given budget. Thus, layer/head-level allocation
can be combined with AnchorKV’s block-wise to-
ken selection.

2.4 Structured, Chunk-Level, and
System-Oriented KV Compression

Structured methods optimize cache organization
or inference execution. StreaminglL.LM (Xiao
etal., 2024) preserves attention sinks and recent to-
kens; Chelsea (Hu et al., 2025) merg es similar KV
pairs to reduce redundancy; POD (Ma et al., 2024)
shares keys across adjacent layers. Quest (Tang
et al., 2024) performs query-aware sparse attention
during decoding, contrasting with prefill-only se-
lection. Recent methods explore related but differ-
ent axes. ChunkKV (Liu et al., 2025) compresses
KV cache at the chunk level by preserving seman-
tically coherent chunks. FastKV (Jo et al., 2026)
accelerates long-context processing through token-
selective propagation across layers. SCOPE (Wu
et al., 2025) separates prefill-stage and decoding-
stage KV optimization for long-output generation.
PagedEviction (Chitty-Venkata et al., 2026) aligns
block-wise pruning with paged memory layouts.
These methods improve efficiency through
chunk retention, layer-wise propagation, decode-
time sparsity, or system-level memory manage-
ment. AnchorKYV instead performs query-agnostic
token-level selection at prefill time. It partitions
the context into temporal blocks and selects tokens
within each block by jointly considering direc-
tional coverage and attention-based importance.

2.5 Quantization and Orthogonal
Compression Paradigms

KV cache quantization reduces per-token storage
cost rather than token count. KIVI (Liu et al.,
2024) introduces tuning-free asymmetric low-bit
quantization, and GEAR (Kang et al., 2024) pro-
vides a near-lossless KV compression recipe. Dif-

fKV (Zhang et al., 2025) assigns heterogeneous
precision to different KV entries. These methods
are complementary to token selection: they reduce
the cost of retained entries, while AnchorKV de-
cides which entries to keep.

Positioning.  AnchorKV is a training-free,
prefill-only KV cache compression method that
performs block-wise token-level selection before
decoding. It avoids attention-only concentration
around hot spots, filters semantically weak diver-
sity outliers, and combines directional coverage
with attention-based filtering under a fixed reten-
tion ratio.

3 Methodology

AnchorKV performs KV cache compression at
prefill time. It selects a subset of KV entries be-
fore generation and reuses the compressed cache
throughout decoding, so selection must be robust
to future queries rather than optimized for ob-
served ones.

Figure 1 illustrates the overall pipeline. An-
chorKYV is built around two constraints. The first is
temporal coverage: the retained cache should not
collapse into a few high-score regions. The second
is attention-based filtering: directionally diverse
but weakly supported tokens should not dominate
the budget. The following subsections describe
how these constraints are implemented through
protected zones, block-wise budgeting, anchor-
based diversity, causal-attention importance, and
hybrid scoring.

Given an input sequence of length L, let K,V €
RE*4 denote the Key and Value caches of one
layer and one KV head, where d is the head di-
mension. We write K = [k{;...;k]] and V =
[vf 5. .. U—Lr], where k;,v; € R? are the Key and
Value vectors of token i. Let p € (0, 1] denote the
retention ratio, i.e., the fraction of KV entries kept
after compression. AnchorKV outputs a determin-
istic retained index set Z C {1,...,L}, sorted
in the original temporal order. The compressed
cache is obtained by row selection: K’ = K|[Z]
and V' = V[Z].

The design follows three observations. First,
global selection can delete long contiguous re-
gions and create context holes. Second, future
queries are unknown at prefill, so the retained
keys should cover diverse directions instead of
only matching observed attention peaks. Third, di-
rectional coverage alone may retain semantically
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Figure 1: Overview of AnchorKV. The framework is motivated by the coverage—importance dilemma: attention-
only selection may over-concentrate retained tokens around a few salient regions, whereas diversity-only selection

may preserve directionally unusual but semantically weak outliers.
tokens, then partitions the middle context into temporal blocks.

AnchorKV first protects prefix and recent
Within each block, it computes anchor-based

directional diversity and attention-based importance, and selects tokens using a retention-adaptive hybrid score.
The selected indices are finally used to form the compressed KV cache.

weak outliers,
needed.
Sections 3.1-3.5 define protected zones, impose
block-wise budgets, estimate directional coverage
and attention-based importance, and combine the
two scores with a retention-adaptive hybrid rule.

so an importance signal is still

3.1 Context Zoning

Prefix tokens often act as attention sinks (Xiao
et al., 2024), while recent tokens directly support
local generation. AnchorKV therefore removes
these structurally important tokens from ordinary
competition for the retention budget. We use fixed
token counts rather than ratios because the roles
of prefix and recent tokens are structural. Prefix
tokens serve as stable global context tokens, while
recent tokens preserve local continuity for the first
decoding steps. Scaling these zones proportionally
with L would unnecessarily consume the retention
budget for very long contexts. These protected re-
gions are standard structural safeguards rather than
the main proposed contribution. It partitions the
KV sequence into three zones:

* Prefix Zone: The first Lpefnx tokens are
forcibly retained, where Lpe.nx is a small
fixed token count rather than a ratio. In our
experiments, we set Lprefix = 10.

¢ Recent Zone: The last L ccont tokens are also
retained, where Lyecent 18 a fixed token count.

In our experiments, we set Lyecent = 64.

* Compressible Zone: The middle region of
length Leomp = L — Liprefix — Lrecent CONtains
long-range context and is the primary target
of token selection.

3.2 Block Partitioning

Global token selection can delete large context seg-
ments, creating context holes where errors accu-
mulate along the temporal dimension. Let ¢; de-
note the output perturbation caused by removing
or poorly approximating token ¢ in a deleted re-
gion D of the compressible zone. The aggregate
perturbation is Ep = ), p €, and its variance
can be decomposed as

Var(Ep) = ZVar €)+2 Z Cov (e, €5).
1€D 1<J
i,jED

ey
Here ¢ and j index token positions. When neigh-
boring deleted tokens carry correlated information,
large positive covariance terms can amplify the to-
tal error. Block-wise budgeting converts global to-
ken competition into local competition, ensuring
that no short high-score span can consume the en-
tire retention budget.

AnchorKV partitions the compressible zone
into temporal blocks B = {Bi,Ba,...,Buy}.
Each full block contains S tokens, where S de-
notes the block size; the final block may contain



fewer tokens. After reserving the prefix and recent
zones, the total number of retained tokens is

Tikept = LPLL (2)

and the remaining budget for the compressible
zone is

Riig = max (nkept - Lpreﬁx — Lyecent, O) . 3

We define the keep ratio inside the compressible
region as

C))

Each block receives a local quota k, =
| Pkeep| Bm|]; any residual budget introduced by
flooring is assigned to blocks with the largest frac-
tional remainders. This uniform local budget-
ing preserves temporal coverage and reduces the
chance that long-range evidence is removed en-
tirely at low retention ratios. It is a robustness
choice rather than a claim of pointwise optimal-
ity; the corresponding worst-case interpretation
and variance reduction proof are both deferred to
Appendix A.

3.3 Anchor-Based Directional Diversity

During decoding, queries may probe the context
from many possible directions. Since these future
queries are unavailable during prefill, AnchorKV
uses a query-agnostic proxy for directional cover-
age.

Directional coverage diagnostic. Given a re-
tained set of normalized keys {k;}ics and T ran-
dom sign probe vectors u; € {—1,+1}9, we de-
fine a diagnostic coverage score:

min  max CosSim(uy, k;).
te{l,.., T} €S
®)

The score approximates worst-case directional
support and is used only for analysis.

Cover(S) =

Anchor-Based Proxy. Maximizing the above
coverage objective exactly is combinatorial. An-
chorKV therefore uses a linear-time block-anchor
proxy inside each block. For a block B,,,, we com-
pute a block anchor (i, as the mean of normalized

keys:
1 .
pm = 15— > ki (6)
| Bm| i€B

For token 7 € B,,, its directional diversity score
D; is defined as cosine dissimilarity from the

block anchor:

D; =1 — CosSim(k;, ). @)

A high D; means that the token points away from
the local mean direction of its block and can ex-
pand the angular span of the retained set. The sin-
gle anchor is a query-agnostic, linear-time proxy
for local directional deviation rather than an exact
solution to the set-level coverage objective.

3.4 Attention-Based Importance Estimation

Directional diversity alone can over-select geomet-
ric outliers that do not contribute to generation.
AnchorKV therefore estimates an attention-based
importance score I; for each token 7 using a causal
attention pass. From hidden representations we
obtain query states @ € RI*9 and key states
K € R4 for one layer and one KV head, ap-
ply RoPE (Su et al., 2024), and compute causal
attention:

T

K
Acavsal — Qoftmax < @
Vd
where M is the causal mask with M;; = —oo for
¢ > j. The importance of token 7 is the average
attention it receives from valid future positions:

+M), (®)

L
1 1
li= Z Agapeal, 9)
7=t
where u; = L — ¢ + 1 is the number of valid

causal query positions for key 7. For GQA mod-
els (Ainslie et al., 2023), we average across query
heads within each KV group. Prefill attention is
not assumed to predict the requirements of future
decoding queries. Instead, it serves as an observ-
able, context-dependent prior that filters geomet-
rically distinctive tokens receiving little support
from the current context, while the diversity score
preserves directional coverage for unknown future
queries.

Query-subsampled approximation. Full
causal attention costs O(L?). To reduce
prefill overhead, AnchorKV uniformly sam-
ples query positions Q@ C {1,...,L} with
12 = m = max(1,|pyL]), where p, € (0,1]
is the query sampling ratio. Let Acausal denote
the masked causal attention computed on these
sampled query rows. The approximate importance
is



If no sampled query can observe token ¢, its sam-
pled importance is set to zero before score normal-
ization. The concentration bound for this query-
subsampled estimator is provided in Appendix A.

3.5 Retention-Adaptive Hybrid Scoring

AnchorKV combines directional diversity and
attention-based importance with a multiplicative
score. For token ¢, the final score is

S; =D, - I, (11)
where D; is the anchor-based directional diversity
score, I; is the causal-attention importance score,
and « controls how strongly attention-based im-
portance modulates diversity. When o = 0, the
score reduces to diversity-only selection. Larger o
increasingly suppresses tokens with low attention-
based importance.

The multiplicative form is intentionally conser-
vative: a token receives a high final score only if
it contributes directional complementarity and is
not strongly downweighted by attention-based im-
portance. Thus, diversity and importance are not
treated as two independent rankings; instead, at-
tention importance acts as a contextual filter on top
of query-agnostic coverage. In our default imple-
mentation, we set @« = 1—p. This simple retention-
adaptive rule strengthens attention-based filtering
when the retained budget is small, while allowing
the diversity term to play a larger role when more
tokens can be kept.

Algorithm 1 summarizes the prefill-time selec-
tion procedure.

Overall, AnchorKV converts prefill-time KV
compression from global single-score eviction
into constrained retention that jointly preserves
structural tokens, temporal coverage, directional
coverage, and contextual relevance.

The full theoretical analysis, including the esti-
mation error bound, variance reduction, and time
complexity, is deferred to Appendix A.

4 Experiments

We evaluate AnchorKV on LongBench (Bai
et al., 2024) with three goals. First, we test
whether joint coverage—importance selection im-
proves over attention-based and diversity-based
baselines under different retention ratios. Sec-
ond, we examine how block-wise budgeting and
anchor-based diversity contribute through ablation.
Third, we measure whether query-subsampled

Algorithm 1 AnchorKV: Training-Free KV Cache
Compression (single layer).

Require: (K,V) € , retention ratio p,
block size S, query sampling ratio pg
Ensure: Compressed cache (K', V')
1: Ngept < | pL]
2: Retain prefix (Lprefix) and recent (Lyecent)
zones

RLXd

3: Rmid < maX(nkept - Lpreﬁx — Liecent, 0)

4: Compute attention-based importance {I;} us-
ing m = max(1, | p,L|) sampled queries

5: Partition the compressible zone into blocks

B = {Bi,...,By} of size at most S

Pkeep < Rmid/ Zm ‘Bm ,a<1—p

for each block B,,, € B c}o

Hm = ﬁ > ieB,, ki

D+ 1-— COSSim(lAﬁ, )

10 Em < |Pkeep |Bm|] plus residual-budget
adjustment if assigned

11 sely, < TopK,cp (D; - I, kp)

12: end for

13: T « prefix U (,), sel,,) U recent

14: (K, V") « (K[T],V[Z])

Do A

importance estimation improves prefill efficiency
without changing the selection framework.

4.1 Experimental Setup

Benchmark. We evaluate AnchorKV on Long-
Bench (Bai et al., 2024), which covers long-
context Document QA, Multi-document QA, Sum-
marization, Few-shot learning, Synthetic retrieval,
and Code understanding tasks. Additional results
on LongBench-v2 (Bai et al., 2025) are reported in
Appendix C.

Models. We use public Hugging Face check-
points for all three backbone models: LLaMA-3.1-
8B (Grattafiori et al., 2024), Qwen2.5-7B (Yang
et al., 2024), and Qwen3.5-9B (Qwen Team,
2026). All methods are evaluated with the same
model weights.

Baselines. We compare against representa-
tive training-free KV compression baselines:
H20O (Zhang et al., 2023), Streamingl.LM (Xiao
et al., 2024), SnapKV (Li et al., 2024), and
KeyDiff (Park et al., 2025). An additional com-
parison with AdaKV-SnapKV (Feng et al., 2024)
is reported in Appendix C.



Implementation Details. All methods share the
KVPress (Devoto et al., 2025) infrastructure with
pure-prefill compression. AnchorKV is evaluated
in Full (p,=1.0) and Approx (p,=0.1) variants at
retention ratios p € {0.1,0.2,0.3}. Unless other-
wise specified, we use Lprefix = 10, Lyecent = 64,
and block size S = 4096. These values are fixed
across all models, tasks, and retention ratios, and
are not tuned per benchmark. We will release
the AnchorKV implementation, evaluation scripts,
configurations, and processed results upon publi-
cation.

4.2 Main Results

Table 1 compares KV compression methods on
LongBench at retention ratios p € {0.1,0.2,0.3}.

Experimental results support three conclusions.

* AnchorKYV improves over attention-based
eviction. Compared with HoO and SnapKYV,
AnchorKV achieves stronger results across
most retention ratios and backbone models.
This indicates that attention importance alone
is insufficient for prefill-time KV selection,
because it tends to over-concentrate retained
tokens around high-attention regions rather
than preserving broad context support.

¢ AnchorKV improves over diversity-only
selection. AnchorKV also outperforms Key-
Diff in most model-retention settings, show-
ing that key-space dissimilarity should not be
used as a standalone retention criterion. Di-
versity is useful, but it must be paired with
attention-based filtering to avoid retaining di-
rectionally unusual but unhelpful tokens.

* The approximate variant preserves most
of the gain. AnchorKV (Approx) gener-
ally stays close to AnchorKV (Full), suggest-
ing that query-subsampled importance esti-
mation provides a practical efficiency—quality
trade-off while keeping the same coverage—
importance selection principle.

4.3 Approximation Analysis

Table 2 compares the prefill latency of the Full
(pg=1.0) and Approx (ps=0.1) variants on the
LongBench GovReport task (Llama-3.1-8B, ~8K
tokens). The Approx variant reduces prefill la-
tency to 0.37x of Full, corresponding to a 2.7 x

speedup relative to full-query importance estima-
tion, while Table 1 shows a limited average per-
formance drop. This result indicates that attention-
based importance does not require a full-query at-
tention pass to remain useful for AnchorKV’s hy-
brid selection.

We further compare end-to-end wall-clock and
inference time on HotpotQA at a 90% compres-
sion ratio. Table 3 shows that the Full variant in-
curs substantial computational overhead from full
causal-importance estimation. The Approx variant
reduces wall-clock time from 508.8s to 179.9s and
is close to AdaKV-SnapKV, but remains slower
than SnapKV and StreamingLLM. We therefore
treat Full as the accuracy-oriented variant and Ap-
prox as the practical accuracy—efficiency trade-off
rather than claiming uniformly lower runtime than
existing baselines.

4.4 Ablation Study

Table 4 presents the ablation results of An-
chorKV’s individual modules on Qwen3.5-9B

(p =0.2):

We also evaluate two compact alternatives to the
default scoring rule. On Qwen2.5-7B at 90% com-
pression, replacing multiplicative fusion with a ba-
sic additive fusion reduces the average LongBench
score from 38.53 to 35.29. At 70% compression,
replacing the adaptive exponent (o« = 0.7) with
a fixed a = 0.9 reduces the average score from
43.63 to 42.78. These results support both the con-
servative multiplicative fusion and the retention-
adaptive exponent.

The ablation shows that block-wise budgeting
and anchor-based diversity act as complemen-
tary plug-in constraints on top of the attention-
importance backbone. The “w/o Diversity” vari-
ant keeps local budgeting but removes anchor-
based diversity; its competitive but lower scores
indicate that block-wise budgeting alone is use-
ful but does not fully preserve directional com-
plementarity. The “w/o Block Partition” variant
keeps hybrid scoring but performs global selec-
tion; its larger drops on long-range tasks show
that diversity scoring benefits from local bud-
get constraints. Together, these results suggest
that each component independently strengthens
attention-importance selection, while their combi-
nation gives the strongest overall performance.



Single Doc. QA Multi Doc. QA Summarization Few-shot Synthetic Code
NarrQA  Qasper MF-en HotpotQA 2WikiMQA Musique GovRep QMSum MultiNews TREC TriviaQA SAMSum PCount PR-en Lcc  RB-P
Llama3.1-8B 30.49 47.36 56.21 59.13 50.82 32.34 35.37 25.04 27.14 28.50 84.31 39.01 10.64 100.00 53.70 47.69
0.1 27.56 29.68  31.00 45.44 30.60 2224 28.88 22.00 23.23 26.50 90.20 37.24 8.00 10.50 53.08 48.57
H20 0.2 3243 3496  38.96 51.59 37.77 27.66 31.36 23.04 25.02 7.00 86.18 39.26 9.65 29.50 55.55 49.24
0.3 32.76 39.88 46.13 55.13 45.62 28.07 32.60 2391 25.67 10.53 85.49 38.41 9.73 4250 54.53 50.88
0.1 21.40 18.37 2243 36.36 21.86 14.05 24.95 19.08 19.74 36.25 90.60 34.58 4.00 16.00 5297 52.59
StreamingLLM 02 22381 2263 2484 41.52 25.48 18.32 28.03 20.11 22.46 44.00 90.99 35.38 6.00 28.50 5348 51.12
0.3 24.34 2735  26.61 43.74 29.35 21.83 29.76 21.06 24.34 44.50 92.19 36.42 6.00 36.50 52.03 5045
0.1 26.04 21.04 2425 45.82 24.38 19.38 25.36 19.90 20.56 34.00 81.08 38.59 6.50 58.00 5294 4829
SnapKV 0.2 28.58 27.02 34.56 51.83 38.97 26.51 28.46 21.85 22.46 34.50 83.66 41.77 10.10 88.00 5447 48.02
0.3 28.41 3256 39.81 55.29 48.12 29.20 30.31 22.80 23.89 36.00 82.71 41.64 9.05 9450 54.85 4691
0.1 25.28 18.18  31.11 4233 25.09 16.08 26.07 21.49 19.29 33.50 76.01 39.55 9.00 66.00 46.72 47.57
KeyDiff 0.2 30.06 26.81 41.58 49.64 32.40 22.70 28.54 22.70 21.78 37.00 81.61 39.78 9.63 96.00 50.92 46.59
0.3 28.90 3393  46.86 52.18 38.96 25.74 30.58 23.00 23.62 38.50 83.94 39.45 11.13 99.00 51.14 46.53
0.1 30.28 35.58 36.38 52.04 38.39 28.66 30.63 22.81 23.44 33.00 83.59 40.35 11.03 26.50 55.83 50.83
AnchorKV (Full) 02 3135 3795  46.38 54.49 46.80 29.08 32.65 23.89 25.26 12.50 86.13 3452 13.25 3750 56.87 50.67
0.3 30.53 41.04  49.18 55.43 47.12 28.61 33.38 2437 25.77 15.00 86.35 34.45 9.38 4750 5556 50.14
0.1 30.07 32.04 3553 51.58 34.47 27.23 29.60 2291 23.48 28.50 83.66 40.39 12.60 22.00 55.80 49.83
AnchorKV (Approx) 0.2 31.39 38.47 4522 55.10 44.39 30.46 31.82 23.79 25.27 10.50 85.33 39.89 13.22 37.00 55.32 49.40
0.3 3142 40.58 50.03 54.79 48.35 30.31 32.64 2441 25.76 18.50 86.41 37.75 12.60 4550 5543 49.00
Qwen2.5-7B 29.02 46.13 5041 55.93 43.26 26.92 33.96 24.20 25.31 68.00 87.83 42.10 13.50  100.00 69.44 66.26
0.1 24.18 24.12  25.16 36.10 21.76 15.21 29.04 20.41 20.86 48.75 71.32 37.80 6.00 11.50  62.12 58.13
H20 0.2 25.83 3242 31.18 44.29 28.65 22.64 31.87 22.30 2291 57.50 82.28 39.96 6.00 2250 67.81 63.51
0.3 25.97 3593  35.09 50.52 32.58 24.14 32.30 23.20 23.77 63.00 87.71 41.17 5.50 4250 68.42 64.88
0.1 20.89 17.46 2273 24.86 15.81 7.68 25.55 19.14 16.77 45.50 62.75 34.97 2.00 15.00 5589 62.18
StreamingLLM 02 21.87 2132 2521 31.09 20.30 8.82 28.23 20.03 20.42 54.17 66.52 36.60 3.00 28.50 58.66 61.72
0.3 22.95 2433 27.10 31.39 25.06 11.66 30.34 20.68 22.01 59.00 73.88 37.98 4.50 3533 6035 61.61
0.1 19.93 13.88 24.66 38.12 24.18 17.24 26.23 18.37 18.70 41.25 87.55 40.44 6.50 46.50 63.33 62.05
SnapKV 02 21.96 22.16  30.85 46.94 29.10 21.50 29.11 20.23 21.11 50.50 88.58 40.78 6.50 80.50 68.08 62.62
0.3 2445 27.67 34.81 50.79 34.77 23.39 30.39 21.06 22.67 56.50 88.00 41.27 8.50 94.17  69.35 63.03
0.1 19.73 14.81 31.19 32.30 24.55 15.61 25.92 20.03 16.49 40.00 88.64 39.59 3.62 45.67 56.56 62.29
KeyDiff 0.2 2345 22.74 3855 45.80 30.67 23.78 28.47 21.56 19.32 55.50 88.92 40.25 7.00 80.67 63.66 62.51
0.3 23.97 29.74 38.74 49.47 35.22 22.79 29.72 22.02 20.95 64.50 87.77 40.31 7.50 96.33  65.69 63.25
0.1 27.43 26.74  29.79 48.37 31.48 24.97 30.50 21.97 20.94 59.00 87.91 40.29 7.00 33.17 6375 63.14
AnchorKV (Full) 0.2 26.49 34.32 37.59 53.92 33.92 28.81 32.11 23.14 23.21 64.00 87.28 40.76 8.50 46.17  68.60 63.92
0.3 28.16 39.88  41.86 55.85 36.30 30.18 32.79 23.90 23.81 67.00 87.72 40.70 9.00 65.75 69.31 64.36
0.1 27.83 2542 29.12 42.83 26.81 21.46 30.16 22.07 20.86 55.00 86.39 40.52 6.50 30.17 63.75 62.71
AnchorKV (Approx) 0.2 28.42 33.12 37.59 51.09 30.19 24.12 31.77 23.28 23.02 61.00 88.25 40.88 8.50 4425 67.26 63.23
0.3 26.49 37.87  40.66 54.77 34.89 27.03 32.83 2372 23.71 64.50 88.27 41.79 10.50 5733  69.08 64.68
Table 1: LongBench results under different KV retention ratios.
4.5 Coverage—Performance Relationship
Method q Ratio Wall Time (s) Normalized . .
Block-wise partitioning enforces temporal cover-
Full Queries 1.0 497 1.00
age and ensures that every context segment con-
0.1 183 0.37 tributes representative tokens. The ablation study
. 0.2 224 0.45 . e
Sampled Queries " 554 0.51 (Table 4) shows that removing block partitioning
causes the largest degradation on tasks requirin
0.4 287 0.58 g g quirnng

Table 2: Prefill-stage latency comparison between full-
query and query-subsampled importance estimation on
LongBench GovReport (Llama-3.1-8B, average input
length ~8K tokens). All measurements conducted on a
single NVIDIA H200 GPU with batch size 1.

Method Wall Clock (s) Inference Time (s)
No Compression 138.751 134.533
KeyDiff 137.853 133.722
SnapKV 160.390 156.246
StreamingLLM 169.299 165.124
AnchorKV (Approx) 179.905 175.708
AdaKV-SnapKV 180.515 176.361
AnchorKV (Full) 508.805 504.706
H,O 514.561 510.425

Table 3: Wall-clock comparison on HotpotQA at a 90%
compression ratio.

distant evidence, confirming that this coverage
structure is a core part of the method.

To analyze the relationship be-
tween directional coverage and down-
stream  performance, we vary S €

{128,256, 512, 1024, 2048, 4096, 8192, 16384 }
across all 16 LongBench subtasks and three mod-
els (Llama-3.1-8B, Qwen2.5-7B, Qwen3.5-9B)
at p 0.2. Here S is the block size used by
the selection procedure. For each (.S, mode)
configuration, we compute the average directional
coverage ratio Cover(Siepi)/Cover(Srur) using
2,048 random sign probes, averaged across all
layers and samples, as well as the average Long-
Bench score across models. Table 5 reports both
metrics jointly.

The analysis reveals three patterns. First, cov-
erage alone is insufficient: the dissim-only mode
achieves the highest coverage ratios (0.903-0.905)



Variant Single Doc. QA Multi Doc. QA Summarization Few-shot Synthetic Code
NarrQA  Qasper MF-en HotpotQA 2WikiMQA Musique GovRep QMSum MultiNews TREC TriviaQA SAMSum PCount PR-en Lcc  RB-P
Full AnchorKV 22.86 19.57  27.06 40.84 37.17 24.43 24.74 18.13 13.22 5275 87.88 3119 7.50 6.50 1626 57.47
w/o Diversity 20.02 19.09  26.94 39.72 36.92 23.30 23.84 17.91 12.40 51.75 86.71 31.01 7.50 7.50 1541 57.44
w/o Block Partition ~ 21.89 18.80  24.59 37.67 36.56 21.27 22.82 17.82 11.14 5225 87.56 31.04 7.50 7.50  13.94 57.30

Table 4: Ablation study of AnchorKV components on Qwen3.5-9B (p = 0.2). The two key proposed components—
diversity weighting and block-wise partitioning—are ablated independently. “w/o Diversity” removes the anchor-
based diversity weighting term, reducing to importance-only selection (i.e., causal attention importance with block

partitioning). “w/o Block Partition” performs global selection with hybrid diversity—importance scoring.

Mode Metric S=128 S=256 S=512 S=1024 S=2048 S—=4096 S—=8192 S—16384
Both (hybrid) COYEr 0899 0.899 0899 0.899 0899 0898 089 0.889
y Score 4835 4865  49.00 4922 4944  50.09  49.80 48.29
At ol Cover. 0.894 0895 0.895 0895 0895 0894  0.893 0.886
nonly Score 4129 4236 4462 4491 4574 4752 46.69 43.35
Dissimogly | COVEr 0903 0903 0903 0904 0904 0905 0905 0.905
ISSIMONLY geore  43.86 4251 4237 4315 4185 4151 4121 39.62

Table 5: Directional coverage ratio and average LongBench score across all 16 subtasks and three models (Llama-
3.1-8B, Qwen2.5-7B, Qwen3.5-9B) under different block sizes and scoring modes at p = 0.2. “Cover.” denotes
the directional coverage ratio; “Score” denotes the average LongBench score.

Comparison Variant Avg. LongBench

. Default multiplicative 38.53
Fusion, 90% comp.  \ y4iive 35.29
Adaptive Approx (o = 0.7) 43.63

Exponent, 70% comp. Fixed exponent (o = 0.9) 42.78

Table 6: Additional scoring ablations.

yet yields the lowest LongBench scores (39.62—
43.86), confirming that pure diversity retains di-
rectionally diverse but semantically irrelevant to-
kens. Second, importance without coverage un-
derperforms: the attn-only mode achieves only
moderate coverage (0.886—0.895) and trails the hy-
brid mode by 2.6-7.0 points across block sizes.
Third, the hybrid mode achieves the best observed
balance with the best scores (48.29-50.09, peak-
ing at S=4096) while maintaining high coverage
(0.889-0.899). Coverage and scores co-degrade at
extreme block sizes (S>8192), while the hybrid
mode remains relatively stable across block sizes,
varying within 1.8 points from S=128 to 16384.

5 Conclusion

We present AnchorKYV, a training-free and prefill-
only KV cache compression framework for long-
context LLM inference. AnchorKV addresses
the coverage—importance dilemma by combin-
ing protected context zones, block-wise tempo-
ral budgeting, anchor-based directional diversity,
and attention-based importance.  Experiments

on LongBench across three backbone models
show stronger overall performance than existing
training-free baselines, while ablations confirm
that block-wise budgeting and anchor-based diver-
sity provide complementary gains. The query-
subsampled variant further reduces full-query
importance-estimation overhead with only modest
performance loss.

Limitations

AnchorKV is designed as a training-free KV com-
pression framework, and several directions remain
open for further improvement.

Model and Task Adaptivity. AnchorKV
uses causal-attention importance as a lightweight
context-dependent signal and combines it with
anchor-based diversity through a simple hybrid
score. This design works well across the evaluated
models, but the relative usefulness of importance
and diversity may vary across model architectures
and task types. More adaptive mechanisms could
further adjust the balance between the two signals
on a per-model or per-input basis.

Single Default Configuration. For simplic-
ity and reproducibility, AnchorKV uses one de-
fault configuration for block size .S, protected pre-
fix/recent token counts (Lprefix, Lrecent), and query
sampling ratio p, across all experiments. This
avoids per-benchmark tuning and makes the com-
parison cleaner. Model- or task-specific configu-



rations may further improve performance, but we
leave such adaptive tuning to future work.

Budget Allocation. AnchorKV adopts uniform
per-block budgeting to preserve temporal cover-
age and avoid context holes. This choice is simple
and stable, but it does not explicitly model differ-
ences in information density across blocks. Future
work may combine the current local-budget con-
straint with adaptive allocation, while retaining the
coverage protection provided by block-wise selec-
tion.

Hybrid Scoring Rule. We use the simple
retention-adaptive rule « = 1 — p for the hybrid
scoring exponent. This keeps the method training-
free and easy to deploy. A learned or analytically
derived rule could potentially provide a finer bal-
ance between directional coverage and attention-
based importance under different retention ratios.

Evaluation Scope. Our main evaluation fo-
cuses on LongBench, which provides a broad
testbed for long-context understanding. Extending
evaluation to more extreme long-context bench-
marks such as RULER (Hsieh et al., 2024) and In-
finiteBench (Zhang et al., 2024), as well as incor-
porating stronger semantic or human evaluation
for generation quality, would provide a more com-
plete picture of AnchorKV’s behavior under differ-
ent deployment settings.

Runtime Extension. The experiments in this
paper evaluate AnchorKV under a pre-generation
compression setting, where the compressed cache
is reused during decoding. The same selection
principle, however, is not restricted to this setting:
block-wise budgeting, anchor-based diversity scor-
ing, and importance-guided filtering can also be
applied periodically during decoding or combined
with decode-time KV eviction. We leave a full
study of such runtime extensions to future work.
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A Theoretical Analysis

In this section, we provide a mathematical anal-
ysis of the AnchorKV framework, focusing on
query-subsampled importance estimation, block-
wise variance reduction, and the overall asymp-
totic time complexity. The sampling guaran-
tee below concerns the query-subsampled impor-
tance estimator, while the block-wise analysis con-
cerns the budget-allocation mechanism rather than
global optimality of the complete hybrid selection
rule. We denote the input sequence length as L
and the KV head dimension as d. The Key and
Value matrices are represented as K,V € REX9,

We first analyze the sampling error of the query
importance estimation. As described in Sec-
tion 3.4, AnchorKV computes causal attention via
a dedicated QK " pass:

KT
Acausal Softmax(Q + M> . (12
Vd
where M is the causal mask. The causal impor-
tance signal is then

1 L
I Acausal

U; —
J=1

13)

where u; = L —i+ 1 counts the valid causal query
positions for key 4, and A;i“sal € [0,1]. The Ap-
prox variant estimates I; by uniformly sampling a
subset of query positions 2 C {1,..., L} of size
m = || without replacement and averaging only
over sampled positions that can causally observe
key :

e o 3 A G—|(jeRiyz i)l
JEQ, j>1

(14)
If w; = 0, the implementation assigns zero sam-
pled importance before score normalization. The
causal constraint (j > ¢) means later tokens are ob-
served by fewer sampled queries; the valid-query
normalization above makes this explicit.

Lemma 1 (Conditional Concentration of Valid—
Query Importance Estimation). Fix a key position
iandlet Q; = {j : i < j < L} be the set of
u; = L — 1+ 1 query positions that can causally
observe it. The implementation samples a shared
global query set Q C {1,...,L} of size m uni-
Sformly without replacement, and the effective num-
ber of valid sampled queries is

a; = |2 N Q;| ~ Hypergeometric(L, u;, m),
(15)
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Single Doc. QA Multi Doc. QA Summarization Few-shot Synthetic Code

NarrQA  Qasper MF-en HotpotQA 2WikiMQA Musique GovRep QMSum MultiNews TREC TriviaQA SAMSum PCount PR-en Lcc  RB-P

Qwen3.5-9B 23.82 30.43 35.07 47.70 47.87 28.71 28.44 18.83 22.35 60.00 89.73 30.81 7.50 28.50 16.51 56.63
0.1 1356 1254 18.85 30.55 34.00 16.23 14.85 17.10 8.16 35.00 80.63 30.69 8.00 550 17.96 55.48

H20 0.2 17.88 16.03 24.70 34.04 33.00 19.23 20.89 17.47 12.38 51.75 85.29 30.09 7.50 500 1397 5641
03 2119 2092 2845 41.40 35.89 22.51 24.90 18.10 16.25 55.25 86.80 30.94 7.50 8.50 13.61 57.32

0.1 9.74 9.53 16.14 22.76 27.88 12.25 12.61 15.95 6.85 0.50 78.57 30.46 0.00 6.00 21.03 56.32

StreamingLLM 02 1018 10.58  18.57 22.88 30.61 12.70 13.67 16.20 7.25 0.50 79.98 30.47 0.00 500 21.05 55.85
0.3 11.13 10.14 19.57 26.06 33.93 13.88 14.80 16.77 8.37 1.00 79.92 30.65 0.00 500 21.17 5582

0.1 1768 1391 2039 33.84 33.82 18.05 17.17 16.91 8.36 21.75 88.32 31.23 7.00 7.00 1995 54.19

SnapKV 02 2014 16.88 2491 36.88 37.26 21.12 21.87 17.61 11.20 36.75 88.48 31.88 8.00 10.00 18.02 56.14
03 2357 20.28  27.69 39.99 39.27 22.34 24.49 18.20 14.72 42.25 88.50 32.09 7.50 13.50 1555 57.15

0.1 1559 1374 16.85 28.99 33.45 13.19 14.48 16.64 822 12.50 87.94 30.52 1.00 550 19.87 5395

KeyDiff 02 18.60 13.64 1853 29.84 33.80 14.68 17.77 16.95 8.35 17.00 87.95 30.77 3.50 7.50 18.38 5423
03 1851 1474 2072 29.60 33.44 18.34 19.83 16.98 8.57 25.00 88.05 30.85 6.00 10.00 16.07 53.74

0.1 2013 17.15 2199 37.51 36.74 21.35 18.87 17.18 8.95 43.75 87.53 30.40 7.50 6.50 20.84 56.11

AnchorKV (Full) 02 2286 19.57  27.06 40.84 37.17 24.43 24.74 18.13 13.22 52.75 87.88 31.19 7.50 6.50 16.26 57.47
03 2298 2126 2897 43.41 41.21 24.81 26.83 18.42 14.43 55.50 88.17 30.88 7.50 10.00 14.23 57.66

0.1 17.80 1522 19.96 34.91 35.13 20.15 17.86 17.29 8.35 37.25 87.68 30.65 7.50 550 1899 55.85

AnchorKV (Approx) 0.2 21.86 18.94 2536 39.41 34.29 23.56 23.53 17.96 11.63 52.25 88.21 31.28 7.50 5.50 1457 5678
03 2234 2020 27.62 41.95 37.07 23.87 26.10 18.12 15.38 52.25 89.13 31.21 7.50 850 13.81 57.80

Table 7: Qwen3.5-9B results on LongBench across all methods and retention ratios (continuation of Table

with E[@;] = mu; /L. Conditioned on t; = s > 0,
for any e > 0,

P(\fi —Li|>elu = s) < 2exp(—2s€?).
(16)

Proof. Conditioned on @; = s > 0, the set 2N Q;
is a uniform sample without replacement of size
s from Q;. Since A;Z-“S&l € [0,1], I; is the em-
pirical mean of a bounded finite population whose
mean is I;. Hoeffding’s inequality for sampling
without replacement yields the stated conditional
bound. O

The probability that no sampled query can
causally observe token i is
mug
< exp (— ) .

(")

(m) L
Since the final 64 tokens are protected, every to-
ken subject to compression has u; > 65. With
the default query sampling ratio p, = 0.1, this
gives P(ii; = 0) < e~ % ~ 0.0015 for each com-
pressible position, with smaller probabilities for
earlier positions. The bound is therefore position-
dependent and does not establish uniform estima-
tion error across all token positions.

We also give a robustness interpretation of uni-
form local budgeting. Let block m contain n,, to-
kens and receive retention ratio 7, subject to

M M
E N Tm = P g Ny
m=1 m=1

Let p,,, denote the unknown probability that future
generation depends on block m, and let g(r,,) be

P(i; = 0) (17)

(18)

its preserved utility. Under arbitrary unknown rel-
evance distributions,
min (19)

PEA N meg(rm) - mnilng(rm).

m

Since the weighted average of r,, is fixed at p,
ming,, 7, < p, with equality when r;
rps = p. Thus, uniform allocation maximizes the
minimum protection of any temporal region when
future relevance is unknown. This statement con-
cerns the budget-allocation component, not global
optimality of the complete hybrid token-selection
rule.

Next, we establish the variance reduction prop-
erty of the Block-wise Partitioning mechanism.
Suppose we aim to retain a total of R tokens from
the compressible zone of length Leomp. A naive
global sampling strategy selects tokens globally
with probability p = R/Lcomp. AnchorKYV, in-
stead, partitions the sequence into B = Lcomp /S
blocks of size S, and retains a fixed budget of k
tokens per block (e.g., kK = | pS| for full blocks).

Lemma 2 (Variance Reduction via Block-wise
Partitioning). Let Y = Z,L»L;"l’"" 0;v; be the sum
of retained values, where 6; € {0,1} is the indi-
cator of whether token 1 is retained, and v; € R
is a scalar feature. Let Varg(Y') be the variance
under global independent Bernoulli sampling, and
Vary, (Y') be the variance under AnchorKV’s block-
wise fixed-budget allocation. If local features
within each block are non-negatively correlated in
the sense that

Z viv; > 0 for every block By,

C1#g
1,JEBm

(20)



Method Avg. NarrQA Qasper MF-en HotpotQA 2WikiMQA Musique GovRep QMSum MultiNews TREC TriviaQA SAMSum PCount PR-en Lcc  RB-P
AnchorKV (Full) 3853 2743 26.74 2979 48.37 31.48 24.97 30.50 21.97 20.94 59.00 87.91 40.29 7.00 3317 63.75 63.14
AnchorKV (Approx) 36.98  27.83 2542 29.12 42.83 26.81 21.46 30.16 22.07 20.86 55.00 86.39 40.52 6.50  30.17 63.75 62.71
AdaKV-SnapKV 3412 21.03 1471 2527 36.90 21.79 16.91 26.46 18.06 18.94 41.50 87.68 4048 750 4283 6426 61.54

Table 8: Comparison with AdaKV-SnapKV on Qwen2.5-7B at 90% compression.

then Vary(Y) < Varg(Y), reducing the variance
contribution caused by contiguous selection imbal-
ance.

Proof. Under global independent sampling, d; ~
Bernoulli(p).  The variables ¢; are mutually
independent, so the variance is Varg(Y) =
ST 0 Var(6;) = p(1— p) 15 0.

Under the block-wise partitioning, the sequence
is divided into disjoint subsets By, . . . , Bg. Within
each block B,,, exactly k£ tokens are retained.
Thus, the sum of indicators within a block is de-
terministic: ) ;.5 &; = k. Consequently, the co-
variance between indicators in the same block is
negative: Cov(6;,0;) = —% fori # j € By,.
For tokens in different blocks, they remain inde-
pendent, so Cov(d;,d;) = 0.

The variance under block partitioning is then:

Y. = Z 0,

B
Vary(Y) = Z Var(Y;,),
m=1 i€Bm

Var(Y,,) = P + Np,

P, = Z v2Var(6;),
1€8Bm
Nm = Z UinCOV(di,(Sj),
i#]
,jEBm
Lcomp p( _p) B
Var,(Y) = p(1—p) D> vf — <1 > Cm,
=1 m=1
Cp = Z vV}
i#j
ZvjeBm
2D
Under the non-negative local correlation con-

dition in the lemma statement, each C,,, is non-
negative. The negative covariance term there-
fore cannot increase the variance and yields
Varp(Y) < Varg(Y). When at least one block
has C), > 0, the inequality is strict. O

Building upon the established error bounds, we
evaluate the algorithmic efficiency of AnchorKV.

Theorem 3 (Time Complexity of AnchorKV).
The total asymptotic time complexity for compress-
ing a KV cache of length L using AnchorKV in the

prefill stage is O(Ld + mLd + Llog S), where
d is the KV head dimension, m is the number of
sampled queries, and S is the block size. The
Full variant (p; = 1.0) uses m = L, yielding
O(L?d) complexity. With a fixed sampling ratio
pq € (0,1), the Approx variant sets m = pyL,
which reduces the constant factor by p, (yield-
ing = pq - L2d operations) but does not change
the asymptotic order: complexity remains O(L?d).
True linear-time O(Ld) scaling is achieved only
when m is a small constant independent of L (e.g.,
m = O(1)), at which point the approximation
error bound in Lemma I becomes looser and ac-
curacy may degrade. In practice, we operate in
the fixed-sampling-ratio regime (pg; = 0.1 in our
experiments), where the approximate variant re-
duces wall-clock prefill latency by up to 2.7 X (see
Table 2) purely through constant-factor savings,
without asymptotic improvement.

Proof. Coverage diversity modeling computes
block anchors and cosine dissimilarity for L to-
kens in O(Ld). Importance estimation multi-
plies m query vectors by K € R, cost-
ing O(mLd), with subsequent Softmax and re-
duction at O(mL). Block-wise selection requires
O(Slog S) per block for top-k selection, totaling
O(Llog S) across B = L/S blocks. Summing
yields O(Ld + mLd + Llog S). O

B Qwen3.5-9B Full Results

Appendix B reports the complete Qwen3.5-9B re-
sults omitted from Table 1 due to space constraints.
As shown in Table 7, AnchorKV follows the same
trend as the main results, with Full and Approx
variants generally outperforming existing training-
free baselines under low and medium retention ra-
tios.

Method Avg. Easy Hard Long Medium  Short
AnchorKV (Full) 0.2603 0.2708 0.2694 0.2670 0.1721 0.3222
AnchorKV (Approx) 0.2467 0.2500 0.2412 0.2407  0.1907 0.3111
StreamingLLM 0.2466 0.2292 0.2251 0.2500 0.2233  0.3056
H>O 0.2370 0.2552 0.2186 0.2407 0.1814  0.2889
KeyDiff 0.2335 0.2500 0.2219 0.2222 0.2233  0.2500
SnapKV 0.2149 0.1927 0.2283 0.2222 0.1814  0.2500

Table 9: Additional LongBench-v2 results.



C Additional Evaluation Results

Recent baseline. We additionally compare with
AdaKV-SnapKV, which applies adaptive head-
level budget allocation on top of SnapKV, under
Qwen2.5-7B at 90% compression. As shown in
Table 8, AnchorKV (Full) improves the average
score from 34.12 to 38.53. The two methods oper-
ate on complementary axes: AdaKV allocates bud-
gets across attention heads, whereas AnchorKV
determines which tokens to retain within a given
head-level budget.

LongBench-v2. Table 9 reports additional
LongBench-v2 results using the same pure-prefill
compression protocol and baseline implementa-
tions as in our LongBench evaluation. AnchorKV
(Full) achieves the highest average score of
0.2603, compared with 0.2466 for the strongest
baseline, StreamingLLM. AnchorKV (Approx)
obtains 0.2467, comparable to the strongest
baseline. The improvement is not uniform across
subsets: on the Medium subset, Full scores
0.1721, below StreamingLLM and KeyDiff at
0.2233.



	Introduction
	Related Work
	Attention-Based Importance Eviction
	Diversity-Based Selection
	Layer-Level and Head-Level Budget Allocation
	Structured, Chunk-Level, and System-Oriented KV Compression
	Quantization and Orthogonal Compression Paradigms

	Methodology
	Context Zoning
	Block Partitioning
	Anchor-Based Directional Diversity
	Attention-Based Importance Estimation
	Retention-Adaptive Hybrid Scoring

	Experiments
	Experimental Setup
	Main Results
	Approximation Analysis
	Ablation Study
	Coverage–Performance Relationship

	Conclusion
	Theoretical Analysis
	Qwen3.5-9B Full Results
	Additional Evaluation Results

