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Abstract

The growth of context window lengths in Large
Language Models (LLMs) significantly en-
hances their long-context capabilities but in-
curs prohibitive memory costs due to the Key-
Value (KV) cache. Although low-rank com-
pression of KV cache is a promising remedy,
existing methods face a dilemma: offline ap-
proaches depend on external calibration data,
whereas online approaches incur substantial
compute for full-prompt decomposition and re-
construction. In this paper, we propose S4R,
which builds low-rank subspaces from selec-
tively sampled tokens and computes attention
over a sparsely reconstructed KV representa-
tion. S4R uses prompt-aware initialization to
build initial key/value bases from a represen-
tative prompt subset, trading off calibration-
data dependence against prefilling cost. Be-
cause fully reconstructing the cache at every
decoding step is prohibitively expensive and
hurts throughput, we further adopt sparse recon-
struction to retain only informative positions
during decoding. Extensive experiments on
LongBench and RULER with Llama and Qwen
model families show that S4R achieves up to
5× KV compression with near full-cache accu-
racy, combining the efficiency of fixed compres-
sion with the adaptability of prompt-dependent
methods. Our code is publicly available at
https://github.com/Draconis98/S4R

1 Introduction

The remarkable expansion of context window sizes
in Large Language Models (LLMs) — now span-
ning from 128k up to millions of tokens (OpenAI
et al., 2024; Team et al., 2024; Yang et al., 2025b) —
has ushered in a new era of capabilities, powering
breakthroughs in long-document summarization
(Bai et al., 2025), retrieval-augmented generation
(Lewis et al., 2020), and autonomous agents (Park
et al., 2023; Wang et al., 2024a). The scaling of
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context window brings an acute bottleneck: mem-
ory consumption. As context length increases, the
Key-Value (KV) cache — used for storing interme-
diate computations — can rapidly surpass the foot-
print of the model parameters themselves (Kwon
et al., 2023; Pope et al., 2023; Ainslie et al., 2023),
making memory efficiency the central challenge in
LLMs inference.

To address this challenge, numerous KV
cache compression techniques have been explored,
among which low-rank methods — particularly
Singular Value Decomposition (SVD) — stand out
for their effectiveness (Li et al., 2025). These ap-
proaches are motivated by the empirical observa-
tion that the KV cache often exhibits strong low-
rank structures (Yu et al., 2024), which can be ex-
ploited to reduce memory usage. However, ex-
isting low-rank methods face a trade-off between
efficiency and adaptivity. Fixed post-training meth-
ods either derive projection bases from calibration
activations or factorize KV projection weights be-
fore inference, and then reuse the resulting low-
dimensional representations during serving (Chang
et al., 2025; Saxena et al., 2024; Zhang et al., 2024a;
Yan et al., 2025). They avoid per-prompt decompo-
sition, but their accuracy can depend on calibration-
data match and rank allocation, particularly under
aggressive compression (Sun et al., 2025; Wang
et al., 2025b; Zhu et al., 2026). Prompt-dependent
methods estimate or adapt low-rank representations
during inference, which improves robustness to the
current context but introduces additional computa-
tion, especially during prefilling (Sun et al., 2025;
Chang et al., 2026; Zhu et al., 2026).

Our key insight is that the dominant KV sub-
space of a long prompt need not be estimated
from either an external calibration set or the en-
tire prompt. Instead, it can be approximated from a
carefully selected subset of prompt tokens. At the
same time, KV cache entries should not be com-
pressed or reconstructed uniformly. Sink tokens
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serve as stable global pivots in attention and should
be preserved in full precision (Xiao et al., 2024),
while most non-sink tokens can be stored in a low-
rank coefficient space and reconstructed only when
they are likely to matter for the current decoding
step.

Based on this insight, we propose S4R, a prompt-
aware low-rank KV cache compression method
with selective sampling and sparse reconstruc-
tion. During prefilling, S4R keeps sink tokens in
full precision, samples representative non-sink to-
kens from the prompt, normalizes their KV states,
and constructs key/value subspaces with truncated
SVD. It then stores non-sink keys and values as
low-rank coefficients rather than full-dimensional
KV states. During decoding, S4R estimates token
relevance directly in the latent coefficient space,
combines a local window with globally important
positions, and reconstructs only the selected KV
entries for final attention computation. This de-
sign combines the low prefilling overhead of fixed
compression with the context adaptivity of prompt-
dependent methods.

We evaluate S4R on LongBench (Bai et al.,
2024) and RULER (Hsieh et al., 2024) with Llama
(Grattafiori et al., 2024) and Qwen (Yang et al.,
2025b; Qwen et al., 2025; Yang et al., 2025a)
model families. On LongBench, S4R achieves up
to 5× KV cache compression and remains close to
the full-cache baseline across model scales. Across
accuracy and efficiency evaluations, S4R consis-
tently matches or outperforms prior compressed-
cache baselines while substantially reducing long-
context inference latency.

• We propose S4R, a prompt-aware low-rank
KV cache compression method that builds
compact key/value subspaces from selectively
sampled prompt tokens and combines sink-
token preservation, latent-space relevance es-
timation, and sparse reconstruction to reduce
persistent KV memory while preserving con-
text adaptivity.

• We evaluate S4R on LongBench and RULER,
showing near full-cache accuracy under up to
5×KV compression and a favorable accuracy–
efficiency trade-off against strong compressed-
cache baselines.

2 Related Work

Low-rank KV cache compression reduces redun-
dancy along the hidden or channel dimension,

and is complementary to methods that shorten the
cached sequence, quantize cache entries, merge to-
kens, or move them across the memory hierarchy
(Li et al., 2025). The most relevant low-rank meth-
ods differ along three axes: where the compression
subspace is obtained, how rank is allocated across
keys, values, heads, or layers, and whether decod-
ing requires reconstructing the full cache.

Pre-computed subspaces and adaptive rank al-
location. Several methods determine most of the
low-rank representation before serving the current
prompt. Palu and LoRC factorize key/value projec-
tion weights and cache compact intermediate states,
with LoRC using progressive layer-wise compres-
sion to control accumulated error (Chang et al.,
2025; Zhang et al., 2024a). Eigen Attention derives
bases from calibration activations and performs
attention in the induced low-dimensional space,
while ReCalKV treats keys and values separately
through head reordering, grouped SVD, offline cal-
ibration, and matrix fusion (Saxena et al., 2024;
Yan et al., 2025). CSKV adds lightweight recon-
struction training and a bi-branch cache that pre-
serves a recent full-precision window (Wang et al.,
2024b). KQ-SVD instead chooses the projection by
directly minimizing query–key inner-product dis-
tortion and gives a closed-form low-rank solution
for preserving pre-softmax attention scores (Lesens
et al., 2026). Other work adapts the compression
granularity: TALE assigns token-dependent ranks
and avoids eager reconstruction (Lee et al., 2025),
STAR-KV learns fine-grained ranks through dif-
ferentiable singular-value thresholding (Bhatnagar
et al., 2026), and CommonKV uses SVD-based
parameter sharing with adaptive cross-layer budget
allocation (Wang et al., 2025b). These approaches
reduce or remove prompt-time decomposition, but
their bases, rank policies, or calibration statistics
are not constructed solely from the current prompt.

Prompt-adaptive subspaces. Prompt-dependent
methods align the compressed representation with
the current context, at the cost of online decomposi-
tion or updates. ShadowKV applies SVD to current-
prompt pre-RoPE keys, stores a low-rank key cache
on GPU, offloads values, and reconstructs selected
sparse KV pairs during decoding (Sun et al., 2025).
xKV performs prompt-time cross-layer SVD and
shares aligned low-rank structure across grouped
layers (Chang et al., 2026). OjaKV continuously
adapts its basis with online PCA, using a compre-
hensive prefilling update, lightweight periodic de-



Algorithm 1 S4R Prefilling Stage

Input: Non-sink pre-RoPE states SK ,SV ; recent
query window Q̃; sampling budget T ′, and
rank r; H ∈ {K,V }

Output: Low-rank bases BK ,BV , coefficient
caches CK ,CV , and query coefficient window
CQ

1: I ← HYBRIDSAMPLE(T, T ′)
2: SH

[I] ← NORMALIZE(SH
[I], dim = −1)

3: (UH ,ΣH ,BH)← SVDr

(
SH
[I]

)
4: CH ← SHBH ▷ Project all non-sink states
5: CQ ← Q̃BK ▷ Initialize the latent query

window
6: return BK ,BV ,CK ,CV ,CQ

coding updates, and full-rank anchors (Zhu et al.,
2026). S4R follows this context-adaptive direction,
but constructs both key and value bases from a sam-
pled subset of non-sink prompt tokens rather than
decomposing or updating over the full prompt.

Latent-space selection and sparse reconstruc-
tion. Low-rank representations can also serve
as inexpensive proxies for deciding which tokens
merit full attention. Loki uses compressed keys
to approximate attention scores for sparse token
selection, but does not itself reduce the persistent
value cache (Singhania et al., 2024). SALS stores
a compressed latent cache, scores tokens through
RoPE-free query–key interactions in that space,
and reconstructs only a selected subset (Mu et al.,
2025). S4R shares this reconstruction-aware design,
while coupling it with prompt-sampled key/value
bases, full-precision sink tokens, a local query win-
dow, and a persistent coefficient cache for both
keys and values. It therefore occupies the intersec-
tion of prompt-adaptive low-rank compression and
latent-space sparse reconstruction. Appendix C
covers complementary eviction, merging, quantiza-
tion, and system-oriented methods.

3 Method

S4R consists of two main stages: the prefilling
and the decoding stages. We defer background
on standard KV cache computation and SVD to
Appendix A.

3.1 Prefilling Stage

The main motivation of the prefilling stage is to
efficiently construct suitable low-rank subspaces

for keys and values. As directly applying SVD to
the full long-context sequence (e.g., 128k tokens)
is computationally prohibitive, this stage starts by
selecting a representative subset of tokens from
the input prompt to approximate the dominant sub-
space structure of the full KV states. Together
with the full-precision preservation of sink tokens,
Algorithm 1 summarizes the prompt-aware sub-
space construction and coefficient-cache initializa-
tion performed during prefilling.

3.1.1 Sink Token Handling

Due to their role as global pivots in attention, sink
tokens typically exhibit consistently high atten-
tion weights across queries and layers (Xiao et al.,
2024). As a result, their representations are criti-
cal for maintaining stable long-range dependencies
and cannot be reliably approximated by a low-rank
subspace without incurring noticeable information
loss.

To preserve their fidelity, we exclude the first
s sink tokens from the compression pipeline and
store their pre-RoPE key and value representations
in full precision. The remaining tokens are treated
as non-sink tokens and are subject to low-rank ap-
proximation.

3.1.2 Subspace Construction

Let the non-sink tokens in the input prompt be de-
noted as X ∈ RB×T ×D. We construct a subset
of tokens X[I] ∈ RB×T ′×D by selecting T ′ ≪ T
using a hybrid sampling strategy that combines
(i) uniform sampling over early positions and (ii)
a contiguous block of most recent (right) tokens.
Here, I ∈ NB×T ′

denotes the indices of the se-
lected non-sink tokens. Correspondingly, the non-
sink tokens are partitioned into two disjoint subsets:
the selected tokens (X[I]) and the remaining tokens
(X

[Ĩ]), where Ĩ denotes the complement of I along
the sequence dimension.

Before applying SVD to the selected tokens,
we perform token-wise normalization to mitigate
the influence of varying vector magnitudes on the
learned subspace. In practice, tokens with larger
norms may dominate the decomposition and bias
the resulting singular vectors toward high-energy
directions. To alleviate this effect, we normalize
each sampled pre-RoPE key and value representa-
tion along the feature dimension:

S
K/V
[I] ← NORMALIZE(S

K/V
[I] , dim=− 1). (1)



This normalization step ensures that the sub-
space primarily captures directional information
rather than being skewed by magnitude differences,
leading to a more stable and representative low-
rank approximation.

Then, we perform truncated SVD for each layer:

UK/V ,ΣK/V ,BK/V ← SVDr

(
S
K/V
[I]

)
, (2)

where UK/V ∈ RB×T ′×r are the left singular vec-
tors, ΣK/V ∈ RB×r×r are the singular values, and
BK/V ∈ RB×D′×r are the top-r right singular vec-
tors, which serve as the low-rank bases.

We then project the non-sink key and value rep-
resentations onto the learned subspaces to obtain
their coefficient representations:

CK/V = SK/V BK/V , (3)

where CK/V ∈ RB×T ×r are the projection coeffi-
cients.

3.1.3 Initial Local Query Window
To enable efficient relevance estimation without
reconstructing the full keys and values during de-
coding, we also project the local queries into the
same low-rank subspace.

Let the most recent queries be denoted as Q̃ ∈
RB×G×W×D′

. The projected query coefficients are
then computed as

CQ = Q̃BK (4)

where CQ ∈ RB×G×W×r.

3.2 Decoding Stage

At a high level, decoding in S4R keeps the KV
cache compressed while reconstructing only a
small set of useful tokens at each step. Each new
token is projected into the prefilling-stage low-rank
subspace to update the coefficient cache. Recent
query coefficients are then used to score cached to-
kens in latent space, which provides an inexpensive
estimate of token relevance. S4R reconstructs only
the selected local and globally important non-sink
tokens, concatenates them with the full-precision
sink tokens, and performs attention over this com-
pact set. Algorithm 2 summarizes the per-step S4R
decoding procedure, including latent-space rele-
vance estimation, token selection, and sparse KV
reconstruction.

Algorithm 2 S4R Decoding at Step t

Input: New pre-RoPE states sQt , s
K
t , sVt ; bases

BK ,BV ; coefficient caches CK
t−1,C

V
t−1;

query window CQ; sink states Ksink,Vsink;
W , r, κ, and ρ; H ∈ {K,V }

Output: Attention output Ot and updated
CK

t ,CV
t ,C

Q

1: c
Q/K
t ← s

Q/K
t BK

2: cVt ← sVt B
V ▷ Project the new states

3: CH
t ← CH

t−1 ⊕ cHt
▷ Append to the coefficient cache

4: CQ ← CONCAT(CQ[:, :, 1 :, :], cQt )
▷ Update the FIFO query window

5: Lt ← T + t

6: A← σLt

(
Maskcausal(

CQ
(
CK

t

)⊤
√
r

)

)

7: Ã← FP

(
1

W

W∑
i=1

A[:, :, i, :];κ

)
▷ Pooling

8: Ilocal ← {Lt −W, . . . , Lt − 1}
9: k ← max (⌊ρLt⌋ −W, 0)

10: Iglobal ← TOPK(Ã[:, : Lt −W ], k)

11: Î ← Ilocal ∪ Iglobal
12: Ĥ← CH

t [Î]
(
BH
)⊤

▷ Reconstruct only selected positions
13: H⋆ ← CONCAT(Hsink, Ĥ)

14: Ot ← σ

(
RoPE(sQt )RoPE(K

⋆)⊤√
dh

)
V⋆

▷ Use the original token positions
15: return Ot,C

K
t ,CV

t ,C
Q

3.2.1 Compressed Cache Update
Let sQt ∈ RB×G×1×D′

and s
K/V
t ∈ RB×1×D′

de-
note the query, key, and value representations at
step t, respectively. The corresponding coefficient
representations are computed as:

c
Q/K
t = s

Q/K
t BK ,

cVt = sVt B
V ,

(5)

where cQt ∈ RB×G×1×r and c
K/V
t ∈ RB×1×r.

The key and value coefficients are appended to
the cached sequences:

C
K/V
t = C

K/V
t−1 ⊕ c

K/V
t , (6)

where C
K/V
t ∈ RB×(T +t)×r stores the accumu-

lated coefficients.
In contrast, query coefficients are maintained as

a fixed-size sliding window of lengthW , forming a



first-in-first-out queue CQ ∈ RB×G×W×r. At each
step t, the new coefficient cQt is appended, while
the oldest entry is removed:

CQ ← CONCAT(CQ[:, :, 1 :, :], ; cQt ). (7)

3.2.2 Latent-Space Relevance Estimation
To avoid explicit reconstruction of the full key and
value representations, we approximate the attention
scores directly in the latent coefficient space.

Let Lt = T + t denote the current non-sink
cache length. Given the query coefficients CQ ∈
RB×G×W×r and the cached key coefficients CK

t ∈
RB×Lt×r, we first compute the latent-space atten-
tion logits:

Z =
CQ(CK

t )⊤√
r

, (8)

where the inner product is taken along the latent
dimension r, yielding Z ∈ RB×G×W×Lt .

We then apply the causal mask before normaliza-
tion, so each query only attends to valid historical
positions:

A = σLt (Maskcausal(Z)) , (9)

where the softmax (σ) is computed over the cache-
length dimension.

To obtain a single relevance score for each
cached token, we average the attention scores over
the query window:

AQ =
1

W

W∑
i=1

A[:,:,i,:]. (10)

Here, AQ ∈ RB×G×Lt .

3.2.3 Sparse Reconstruction and Attention
Given the relevance scores AQ ∈ RB×G×Lt , we
first apply a pooling operation along the sequence
dimension before selecting global tokens. This
follows SnapKV-style token clustering (Li et al.,
2024), where neighboring tokens are smoothed or
grouped to produce more stable importance esti-
mates:

Ã = FP(AQ;κ) (11)

where FP denotes either average pooling or max
pooling with kernel size κ.

For models with G > 1, we further aggre-
gate across the group dimension using FG ∈
{mean,max}:

Ã = FG(Ã), (12)

where Ã ∈ RB×Lt represents the final relevance
score for each cached token.

We select a subset of historical tokens for re-
construction by combining a local window with
globally important tokens. We always retain the
most recentW tokens:

Ilocal = {Lt −W, . . . ,Lt − 1}. (13)

From the remaining tokens, we select the top-k
positions according to Ã:

Iglobal = TOPK(Ã[:,:Lt−W], k), (14)

where k = max(⌊ρLt⌋ −W, 0) is determined by
the reconstruction ratio ρ.

The final index set is given by:

Î = Ilocal ∪ Iglobal. (15)

Given the selected indices, we reconstruct the
corresponding key and value representations from
the low-rank coefficients:

K̂ = CK
t [Î](B

K)⊤, V̂ = CV
t [Î](B

V )⊤, (16)

where K̂, V̂ ∈ RB×|Î|×D′
.

These reconstructed tokens are then concate-
nated with the sink tokens:

K⋆ = CONCAT(Ksink, K̂),

V⋆ = CONCAT(Vsink, V̂).
(17)

We then apply RoPE to K⋆ according to their
original positions to ensure positional consistency.

The final attention output is computed as:

Ot = σ

(
RoPE(sQt )RoPE(K⋆)⊤√

dh

)
V⋆. (18)

3.3 Memory Analysis

We analyze the per-layer memory footprint in num-
ber of stored scalar elements, omitting the batch
dimension for clarity. At decoding step t, the full
KV cache stores both keys and values for the s sink
tokens and the Lt non-sink tokens:

Mfull(t) = 2(s+ Lt)D′. (19)

In S4R, sink tokens are kept in full precision,
while non-sink tokens are stored in the low-rank
coefficient cache. The persistent cache therefore
consists of the full sink KV states, the key/value



coefficient caches, the query-coefficient window,
and the learned key/value bases:

MS4R(t) = 2sD′ + 2Ltr + GWr + 2D′r. (20)

The term GWr stores the fixed-size query-
coefficient window, while the last term stores BK

and BV . The resulting persistent memory ratio is

MS4R(t)

Mfull(t)
=

sD′ + Ltr + 1
2GWr +D′r

(s+ Lt)D′ . (21)

When Lt ≫ s, r, the ratio approaches r/D′, show-
ing that the long-context memory is dominated by
the low-rank coefficient dimension.

During attention computation, S4R reconstructs
only the selected non-sink tokens. Let

mt = |Î| =W +max(⌊ρLt⌋ −W, 0)

= max(W, ⌊ρLt⌋)
(22)

denote the number of reconstructed non-sink to-
kens. The transient working memory is then

Mwork(t) = 2mtD′, (23)

which corresponds to the reconstructed key/value
buffer. Thus, the peak per-step memory is approxi-
mately

Mpeak(t) ≈MS4R(t) +Mwork(t). (24)

Since mt ≪ Lt and r ≪ D′, S4R reduces the
persistent KV cache substantially while avoiding
full-cache reconstruction during decoding.

4 Experiments

In this section, we comprehensively evaluate the
effectiveness and memory savings of S4R across
multiple benchmarks. We also conduct speed eval-
uations to analyze the impact of our method on
generation efficiency. Additionally, we perform
ablation studies to analyze the contributions of key
components within the S4R method.

Unless otherwise specified, the rank r is obtained
by solving Eq. (21) for the target retention ratio
η, and the reconstruction ratio is set to ρ = η.
We use s = 4 sink tokens following the default
setting of Xiao et al. (2024), a query-window size
of W = 32, and a pooling kernel size of κ = 7
following the default setting of Li et al. (2024). For
token relevance aggregation, we use max pooling
for FP and mean aggregation for FG . The number
of sampled tokens T ′ is determined by the product
of the total prompt length and the target retention
ratio, with a 7:3 recent-to-uniform sampling split.
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Figure 1: Performance–speed trade-off on Qwen3-4B.
The y-axis is broken to include the dominated Palu.

4.1 LongBench and RULER Results

LongBench Figure 1 summarizes the main
accuracy–efficiency trade-off on Qwen3-4B by
combining the LongBench average scores in Ta-
ble 1 with the output-throughput measurements in
Table 3. S4R lies on the favorable part of the trade-
off curve: it achieves a LongBench average score
of 47.73 (Table 7) under the latency-oriented effi-
ciency setting, close to the default LongBench re-
sult of 47.79 in Table 1, while reaching 8.32 output
tokens/s in Table 3. In contrast, xKV has a lower
Qwen3-4B LongBench average score in Table 1
and is much slower in Table 3, with output through-
put dropping to 1.96 tokens/s and 512-token latency
increasing to 260.76s. Palu and ShadowKV are
faster, but Table 1 shows that Palu collapses under
aggressive compression and ShadowKV remains
below S4R on Qwen3-4B accuracy.

Table 1 further expands this comparison across
model families. S4R substantially outperforms Palu
across all evaluated models, showing that prompt-
aware subspace construction is important when the
KV cache is compressed to 20–30% of its original
size. Compared with ShadowKV and xKV, S4R
achieves the best average score on Llama-3.2-1B
and Qwen3-4B, and remains competitive on larger
models. On Llama-3.1-8B and Qwen2.5-14B, xKV
obtains slightly higher average scores, but this accu-
racy difference should be interpreted together with
the efficiency gap. Overall, Figure 1, Table 1, and
Table 3 show that S4R preserves most of the Long-
Bench accuracy of stronger prompt-dependent low-
rank baselines while avoiding their large runtime
overhead.
RULER Table 2 reports the RULER results un-
der a 2.5× compression ratio and a 128k context
window. In addition to low-rank baselines, we in-
clude two representative eviction-based methods,
StreamingLLM (SLM) and SnapKV, to compare



Methods η
Fewshot Single-Doc QA Multi-Doc QA LCC PRE Avg.

SSM Trec TQA MQA NQA QPR 2Wiki HQA MSQ

Llama-3.2-1B 1 28.73 63.50 80.35 41.09 18.29 13.02 29.74 31.73 14.65 23.76 2.50 31.58
Palu

0.2

0.49 0.50 2.12 3.08 0.85 1.71 1.54 1.23 0.96 13.05 0.83 2.40
ShadowKV 19.97 45.00 73.55 30.67 14.96 11.62 23.33 29.08 9.79 19.46 5.50 25.72
xKV-2 17.14 32.50 75.20 35.78 11.82 11.74 25.92 30.00 11.05 15.81 5.04 24.73
xKV-4 20.58 35.50 77.08 36.46 14.87 11.81 25.78 28.92 12.74 16.33 6.01 26.01
S4R 25.91 53.00 74.97 37.14 13.29 11.63 25.83 29.02 11.34 23.43 3.39 28.09

Qwen3-4B 1 35.91 67.50 87.72 52.17 27.88 45.51 42.76 57.44 23.75 5.18 100.00 49.62
Palu

0.2

0.89 2.50 4.43 3.83 0.60 1.64 0.92 0.75 0.83 19.82 0.64 3.35
ShadowKV 34.14 68.50 85.08 48.08 25.80 42.79 39.60 57.67 24.35 5.12 90.00 47.38
xKV-2 32.88 41.00 88.06 51.02 22.80 41.58 38.95 53.80 19.21 4.92 89.75 44.00
xKV-4 34.27 36.50 86.54 50.58 25.69 42.78 42.28 54.91 22.41 4.95 96.50 45.22
S4R 34.38 72.50 89.31 50.92 23.81 40.85 39.93 53.90 18.84 5.05 96.17 47.79

Llama-3.1-8B 1 43.96 73.50 92.29 56.34 30.51 45.59 50.02 58.22 31.75 24.76 100.00 55.18
Palu

0.2

4.99 0.00 2.58 2.23 0.84 3.00 1.45 0.98 0.72 24.51 0.27 3.78
ShadowKV 45.10 68.00 92.34 35.65 29.84 24.81 49.24 58.13 31.02 25.08 92.00 50.11
xKV-2 34.52 65.00 89.92 56.60 31.27 44.06 48.52 57.68 29.96 32.10 99.50 53.56
xKV-4 35.16 63.50 91.00 56.94 32.27 45.96 50.21 57.99 30.61 32.51 100.00 54.19
S4R 33.42 59.50 92.83 54.46 30.81 41.68 49.47 57.92 31.44 32.29 99.50 53.03

Qwen2.5-14B 1 38.48 78.50 90.12 52.93 26.79 44.94 58.99 61.14 38.54 20.17 98.50 55.37
Palu

0.3

20.76 0.64 15.29 22.32 3.42 8.44 10.63 9.23 5.51 16.59 28.33 12.83
ShadowKV 36.52 69.25 80.05 45.96 27.50 40.74 56.31 60.67 38.86 18.85 98.50 52.11
xKV-2 37.17 77.50 91.02 51.50 27.08 45.06 57.02 59.50 38.51 19.41 99.00 54.80
xKV-4 38.10 76.00 90.18 50.97 27.07 43.95 57.61 61.13 39.12 19.52 97.92 54.69
S4R 38.03 72.50 89.61 48.02 27.08 39.49 56.33 59.78 39.52 20.25 94.50 53.19

Table 1: Performance comparison of different models and methods on LongBench.

against token-retention strategies. S4R achieves an
average score of 93.61, nearly matching the full KV
cache result of 93.97 and slightly outperforming
xKV at 93.47. It also improves over Palu, Shad-
owKV, SnapKV, and SLM by 11.39, 4.00, 4.80, and
45.22 points on average, respectively. The gains are
especially clear on multi-key and multi-query re-
trieval tasks, where S4R preserves perfect accuracy,
suggesting that the sampled low-rank subspace and
sparse reconstruction strategy retain the informa-
tion needed for long-context retrieval. The main
remaining gap appears on FWE, where S4R trails
full KV and xKV, indicating that some tasks remain
sensitive to the exact retained or reconstructed to-
ken set.

4.2 Efficiency Evaluation
We report model-level generation efficiency us-
ing TTFT, average latency for generating 512 out-
put tokens, time per output token (TPOT), output
throughput, and total throughput.

Table 3 shows that S4R introduces moderate
overhead compared with the full KV baseline and
fixed/offline-style methods, mainly because it per-
forms latent-space scoring and sparse reconstruc-
tion during decoding. Nevertheless, the overhead
is small in this setting: S4R reaches a 512-token

Method MK1 MK2 MQ MV VT FWE Avg.

Full KV 100.00 100.00 100.00 97.50 83.00 83.33 93.97

SLM 55.00 30.00 35.00 35.00 47.00 88.33 48.39
SnapKV 100.00 70.00 100.00 97.50 87.00 78.33 88.81
Palu 95.00 85.00 92.50 97.50 70.00 53.33 82.22
ShadowKV 100.00 90.00 97.50 92.50 91.00 66.67 89.61
xKV 100.00 100.00 97.50 100.00 80.00 83.33 93.47
S4R 100.00 100.00 100.00 100.00 85.00 76.67 93.61

Table 2: Comparison of different methods on RULER
using Qwen2.5-7B-Instruct-1M under a 2.5× compres-
sion ratio and a 128k context window.

latency of 61.54s, close to Full KV, Palu, and Shad-
owKV at 54.89s, 57.06s, and 56.92s, respectively.
More importantly, S4R is substantially more effi-
cient than xKV: it reduces TTFT from 79.90s to
27.65s and the 512-token generation latency from
260.76s to 61.54s, while improving output through-
put from 1.96 to 8.32 tokens/s. This supports the
intended trade-off of S4R: compared with more ex-
pensive prompt-dependent low-rank approaches, it
retains prompt adaptivity while avoiding the cost of
decomposing or processing the full prompt during
inference. Compared with Palu and ShadowKV,
S4R is slightly slower in this unoptimized imple-
mentation, but the LongBench and RULER results



Method TTFT (ms) ↓ Latency512 (s) ↓ TPOT (ms/token) ↓ Output Thr. (tokens/s) ↑ Total Thr. (tokens/s) ↑

Full KV 24737.54 54.89 59.01 9.33 2018.49
Palu 24579.62 57.06 63.57 8.97 1941.67
ShadowKV† 36143.18 56.92 40.66 8.99 1946.43
xKV 79897.02 260.76 353.95 1.96 424.89
S4R‡ 27650.96 61.54 66.19 8.32 1772.7

Table 3: Model-level efficiency comparison on Qwen3-4B using a 120k-token context sampled from GovReport.
Latency512 denotes the average end-to-end latency for generating 512 output tokens. All methods are evaluated
without system-level, kernel-level, or operator-level optimizations. Appendix B provides the corresponding
theoretical efficiency estimates.
† For ShadowKV, we keep values on GPU rather than following its standard CPU-offloading implementation, which removes
CPU–GPU value-loading communication overhead and therefore gives ShadowKV a more favorable efficiency estimate.
‡ For S4R, this efficiency experiment uses a latency-oriented query window W = 4. Appendix D.1 shows that this has
negligible impact on Qwen3-4B accuracy, with an average score of 47.73 compared with 47.79 for W = 32.

show that the additional runtime is exchanged for
stronger accuracy under aggressive KV compres-
sion.

4.3 Ablation Study
We ablate three components that are central to S4R
in the main text. Unless otherwise specified, abla-
tion tables report grouped LongBench scores: Few-
shot, SDQA, and MDQA denote the average score
within each task group, while Avg. is computed
over the same 11 tasks as Table 1. Additional abla-
tions are provided in Appendix D.

4.3.1 Importance of Sink Token
S4R treats the first few tokens as attention sinks and
keeps their key/value states in full precision. Un-
like ordinary non-sink tokens, compressing these
positions into a low-rank coefficient space may in-
troduce errors that are repeatedly exposed to many
later queries. We therefore isolate the effect of
sink-token preservation by comparing the default
setting, which stores the first s = 4 sink tokens in
full precision, with a variant that applies the same
low-rank compression pipeline to all tokens.

Table 4 reports the grouped LongBench results.
Retaining sink tokens in full precision improves
the average score across all four models. The gain
is largest on smaller models: the average score in-
creases from 24.60 to 28.09 on Llama-3.2-1B and
from 45.58 to 47.79 on Qwen3-4B. The improve-
ment remains consistent on larger models, with
gains of 0.71 points on Llama-3.1-8B and 1.15
points on Qwen2.5-14B. These results indicate that
the first few sink tokens provide a stable global con-
text that is difficult to recover once compressed into
the same low-rank coefficient space as ordinary to-
kens. The task-level effects are also informative:
Llama-3.2-1B benefits most on Fewshot and LCC,

Sink Fewshot SDQA MDQA LCC PRE Avg.

Llama-3.2-1B
w/ 51.29 20.69 22.06 23.43 3.39 28.09

w/o 42.21 18.82 20.86 20.56 4.36 24.60

Qwen3-4B
w/ 65.40 38.53 37.56 5.05 96.17 47.79

w/o 62.99 37.00 38.11 5.04 82.00 45.58

Llama-3.1-8B
w/ 61.92 42.32 46.28 32.29 99.50 53.03

w/o 60.51 41.92 45.71 31.59 99.50 52.32

Qwen2.5-14B
w/ 66.71 38.20 51.88 20.25 94.50 53.19

w/o 64.88 37.29 50.56 19.80 94.50 52.04

Table 4: Effect of retaining sink tokens in full precision
on grouped LongBench performance. “w/” keeps the
first s = 4 sink tokens uncompressed, whereas “w/o”
applies the low-rank compression pipeline to all tokens.

while Qwen3-4B shows a large improvement on
passage retrieval, where PRE increases from 82.00
to 96.17. Since the sink cache only contributes
2sD′ elements per layer in Eq. (21), its memory
overhead is negligible for long contexts.

4.3.2 Effect of Token-wise Normalization

We ablate the token-wise normalization step be-
fore SVD in Table 5. On Llama-3.1-8B, removing
normalization leads to a slightly higher average
score, with 53.32 compared to 53.03 for the de-
fault normalized variant. However, the effect is
model-dependent: on Qwen2.5-14B, removing nor-
malization causes a substantial drop from 53.19 to
46.27. The degradation is especially pronounced on
single-document QA, multi-document QA, and pas-
sage retrieval, indicating that unnormalized high-
magnitude KV states can dominate the SVD basis
and produce less transferable low-rank subspaces.
We therefore keep token-wise normalization as



Norm. Fewshot SDQA MDQA LCC PRE Avg.

Llama-3.1-8B
w/ 61.92 42.32 46.28 32.29 99.50 53.03
w/o 62.78 42.41 46.13 32.54 100.00 53.32

Qwen2.5-14B
w/ 66.71 38.20 51.88 20.25 94.50 53.19
w/o 63.37 31.43 43.01 18.77 76.79 46.27

Table 5: Effect of token-wise normalization before SVD.
Norm. indicates whether sampled KV states are normal-
ized before constructing the subspaces.

FP FG Fewshot SDQA MDQA Group Avg.

Llama-3.2-1B
max mean 51.29 20.69 22.06 31.35
max max 51.27 19.77 22.67 31.24
avg mean 52.24 20.03 22.52 31.60
avg max 51.92 20.25 22.69 31.62

Qwen3-4B
max mean 65.40 38.53 37.56 47.16
max max 65.36 37.89 37.56 46.94
avg mean 64.76 38.30 37.74 46.93
avg max 65.31 38.59 37.38 47.09

Llama-3.1-8B
max mean 61.92 42.32 46.28 50.17
max max 61.70 42.47 46.66 50.28
avg mean 60.69 42.49 46.37 49.85
avg max 60.17 42.20 46.47 49.61

Qwen2.5-14B
max mean 66.71 38.20 51.88 52.26
max max 66.66 37.98 52.02 52.22
avg mean 66.77 37.50 51.98 52.08
avg max 66.78 37.79 52.01 52.19

Table 6: Effect of pooling and aggregation choices for
latent-space relevance estimation.

the default because it improves robustness across
model families, even though it is not uniformly
optimal on every model.

4.3.3 Pooling and Aggregation

We study how the pooling function FP over neigh-
boring token scores and the aggregation function
FG affect the final sparse reconstruction set. Ta-
ble 6 compares max and average pooling along the
sequence dimension, combined with mean or max
aggregation across group dimensions. Across all
four model settings, the average score varies only
mildly across these choices: the largest gap among
the four variants is 0.38 for Llama-3.2-1B, 0.23
for Qwen3-4B, 0.67 for Llama-3.1-8B, and 0.18
for Qwen2.5-14B. This suggests that S4R is not
highly sensitive to the exact smoothing and group-
aggregation rule used for latent-space relevance
scores.

5 Conclusion

We presented S4R, a prompt-aware low-rank KV
cache compression method that combines selec-
tive subspace construction with sparse reconstruc-
tion. Instead of relying on external calibration data
or decomposing the full prompt, S4R constructs
key/value bases from sampled non-sink prompt
tokens, stores non-sink KV states as latent coeffi-
cients, preserves sink tokens in full precision, and
reconstructs only the local window plus globally
important positions during decoding. This design
targets the main trade-off in low-rank KV compres-
sion: fixed methods are efficient but less adaptive,
while prompt-dependent methods are adaptive but
can be costly on long prompts.

Experiments on LongBench and RULER show
that S4R maintains strong long-context accuracy
under aggressive KV compression. On LongBench,
it outperforms fixed low-rank baselines and re-
mains competitive with more expensive prompt-
dependent methods; on RULER, it achieves 93.61
average score under 2.5× compression, nearly
matching full KV and slightly surpassing xKV. Ef-
ficiency results further show that S4R substantially
reduces the overhead of xKV in a 120k-token set-
ting, lowering TTFT from 79.90s to 27.65s and
512-token latency from 260.76s to 61.54s. To-
gether, these results indicate that sampled-token
SVD and latent-space sparse reconstruction pro-
vide a practical path toward adaptive KV cache
compression for long-context LLM inference.

Limitations

Our implementation lacks system- or kernel-level
optimization, so reported efficiency reflects algo-
rithmic overhead rather than a fully optimized de-
ployment. Experiments are limited to Llama and
Qwen on LongBench and RULER, which empha-
size long-input understanding with relatively short
outputs; behavior under very long generation, other
architectures, and broader workloads remains to be
validated. S4R also depends on hyperparameters
and a fixed token-sampling heuristic, and tasks with
scattered evidence (e.g., FWE) can still degrade
when latent scoring misses relevant positions.
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A Preliminaries

A.1 KV Cache Computation and Update

The inference process of typical LLMs consists
of two main stages: prefilling and decoding. Dur-
ing the prefilling stage, the input prompt is passed
through all layers of the model to generate the KV
cache for each transformer layer. This cache stores

the key and value tensors, which are reused in sub-
sequent decoding steps, significantly reducing re-
dundant computation. Additionally, during the de-
coding stage, each newly generated token is also
projected into key and value tensors, which are
appended to the existing KV cache. In this way,
the KV cache is progressively updated as the se-
quence grows, facilitating efficient autoregressive
generation.

Prefilling Let X ∈ RB×T ×D denote the input
tensor, where B is the batch size, T is the prompt
length, and D is the hidden dimension. The corre-
sponding key and value tensors, SK and SV , are
computed as follows:

SK/V = XWK/V , (25)

where WK/V ∈ RD×D′
are the key and value pro-

jection matrices, respectively. Here, D′ = hkv · dh,
with hkv representing the number of KV heads and
dh the head dimension. The computed SK/V ∈
RB×T ×D′

are stored as the initial KV cache to en-
able efficient retrieval during decoding.

Similarly, the query tensor is obtained as

Q = XWQ, (26)

where WQ ∈ RD×GD′
. The parameter G de-

notes the query-to-KV head ratio. When G > 1,
the model corresponds to grouped-query attention
(GQA); when G = 1, it reduces to multi-head at-
tention (MHA).

Decoding At each decoding timestep t, the newly
generated input token xt ∈ RB×1×D is projected
to obtain the corresponding key and value vectors
s
K/V
t :

s
K/V
t = xtW

K/V . (27)

The KV cache is then updated by appending the
new entries:

S
K/V
t = S

K/V
t−1 ⊕ s

K/V
t , (28)

where ⊕ denotes concatenation along T .

A.2 Singular Value Decomposition
SVD is a fundamental tool in matrix analysis that
enables us to decompose any matrix into a set of
orthogonal basis vectors and singular values, facili-
tating an understanding of its structure and enabling
efficient computations such as dimensionality re-
duction. Given a matrix A ∈ Rm×n, the SVD
factorizes it as follows:

SVD(A) = UΣZ⊤, (29)

https://doi.org/10.18653/v1/2024.findings-acl.195
https://doi.org/10.18653/v1/2024.findings-acl.195
https://doi.org/10.18653/v1/2024.findings-acl.195
https://arxiv.org/abs/2406.07056
https://arxiv.org/abs/2410.03111
https://arxiv.org/abs/2410.03111
https://doi.org/10.18653/v1/2025.emnlp-main.1584
https://doi.org/10.18653/v1/2025.emnlp-main.1584
https://proceedings.mlr.press/v235/zhang24n.html
https://proceedings.mlr.press/v235/zhang24n.html
https://doi.org/10.52202/075280-1506
https://doi.org/10.52202/075280-1506
https://doi.org/10.18653/v1/2026.findings-acl.494
https://doi.org/10.18653/v1/2026.findings-acl.494


where U ∈ Rm×m and Z ∈ Rn×n are orthogonal
matrices whose columns are, respectively, the left
and right singular vectors of A. The matrix Σ ∈
Rm×n is diagonal (typically rectangular), with non-
negative singular values arranged in descending
order.

For practical purposes such as dimensionality
reduction and compression, one often uses the trun-
cated rank-r SVD, which retains only the r largest
singular values and their corresponding singular
vectors:

SVDr(A) = UrΣrZ
⊤
r , (30)

where Ur ∈ Rm×r and Zr ∈ Rn×r contain the
first r left and right singular vectors, respectively,
and Σr ∈ Rr×r is a diagonal matrix of the top r
singular values.

B Decoding-Time Complexity
Comparison

This section provides a detailed decoding-time
complexity comparison between S4R and a full-
reconstruction low-rank baseline. We focus on the
per-layer cost at a single decoding step and omit
the batch dimension for clarity. Let Lt denote the
current non-sink cache length, s the number of
sink tokens, D′ the KV hidden dimension, r the
low-rank dimension, G the query-to-KV head ratio,
W the query-window size, and ρ the sparse recon-
struction ratio. The number of non-sink tokens
reconstructed by S4R is

mt = |Î| = max(W, ⌊ρLt⌋). (31)

For long contexts where ρLt ≥ W , we have mt ≈
ρLt.

B.1 Full-Reconstruction Low-Rank Decoding
A natural alternative to sparse reconstruction is to
store the non-sink KV cache in coefficient form
but reconstruct the entire cache at every decod-
ing step before applying attention. In this full-
reconstruction baseline, all cached non-sink keys
and values are recovered as

Kt = CK
t (BK)⊤, Vt = CV

t (B
V )⊤. (32)

The reconstruction cost for keys and values is there-
fore

O(2LtrD′), (33)

which we write as O(LtrD′) after dropping con-
stant factors. The final attention is then computed
over the full non-sink cache, together with the sink

tokens. Ignoring the small sink-token term for long
contexts, the attention score computation and value
aggregation have cost

O(GLtD′). (34)

Thus, the dominant per-step decoding complexity
of full reconstruction is

Cfull-rec = O
(
LtrD′ + GLtD′)

= O
(
LtD′(r + G)

)
.

(35)

This baseline reduces persistent KV memory be-
cause it stores low-rank coefficients, but its de-
coding computation still scales with the full cache
length in both reconstruction and attention.

B.2 S4R Sparse-Reconstruction Decoding
S4R avoids reconstructing the full cache. At each
decoding step, the new query, key, and value states
are first projected into the learned low-rank sub-
spaces. The cost of this cache update is

O((G + 2)D′r), (36)

where the G term comes from grouped query pro-
jection and the remaining two terms come from key
and value projection. This term does not scale with
Lt and is therefore lower order for long contexts.

S4R then estimates token relevance in the latent
space by multiplying the query-coefficient window
with the cached key coefficients:

Z =
CQ(CK

t )⊤√
r

, Z ∈ RG×W×Lt . (37)

This latent scoring step costs

O(GWLtr). (38)

The subsequent softmax, pooling, group aggrega-
tion, and TopK selection add lower-order terms
such as O(GWLt) and O(Lt log k), or approxi-
mately O(Lt) with efficient selection.

After token selection, S4R reconstructs only mt

selected non-sink tokens:

K̂ = CK
t [Î](B

K)⊤, V̂ = CV
t [Î](B

V )⊤.
(39)

The sparse reconstruction cost is

O(2mtrD′), (40)

which is O(mtrD′) after omitting constant fac-
tors. The final exact attention is performed only



over the reconstructed non-sink tokens and the full-
precision sink tokens, with cost

O(G(s+mt)D′). (41)

Ignoring lower-order terms and the small sink-
token contribution, the dominant S4R decoding
complexity is therefore

CS4R = O
(
GWLtr +mtrD′ + GmtD′) . (42)

When mt ≈ ρLt, this becomes

CS4R = O
(
GWLtr + ρLtrD′ + ρGLtD′) .

(43)
Equivalently,

CS4R = O
(
Lt
[
GWr + ρD′(r + G)

])
. (44)

B.3 Asymptotic Comparison
Equations (35) and (44) show the main difference
between the two approaches. Full reconstruction
pays the reconstruction and attention cost over all
Lt cached non-sink tokens; S4R reduces both re-
construction and exact attention from Lt tokens to
approximately ρLt tokens, but introduces latent-
space relevance scoring. Therefore, S4R is compu-
tationally favorable over full reconstruction when

GWr + ρD′(r + G) < D′(r + G). (45)

Equivalently,

GWr < (1− ρ)D′(r + G). (46)

This condition is usually satisfied when the query
windowW and rank r are much smaller than the
original KV dimension D′, and when the recon-
struction ratio ρ is substantially below one.

B.4 Concrete Example
We instantiate the above comparison using the
latency-oriented efficiency setting in Table 3, where
W = 4. Consider r = 204, ρ = 0.2, and
D′ = 1024. After removing the common factor
Lt, the full-reconstruction cost coefficient is

rD′ + GD′ = 204× 1024 + 1024G
= 208,896 + 1024G.

(47)

For S4R, the latent-scoring coefficient is

GWr = 4× 204G = 816G, (48)

while the sparse reconstruction coefficient is

ρrD′ = 0.2× 204× 1024 = 41,779.2, (49)

and the sparse attention coefficient is

ρGD′ = 0.2× 1024G = 204.8G. (50)

Thus,

CS4R/Lt ≈ 41,779 + 1021G, (51)

whereas

Cfull-rec/Lt ≈ 208,896 + 1024G. (52)

For G = 1, this gives approximately

CS4R

Cfull-rec
≈ 42,800

209,920
≈ 0.204. (53)

For G = 4, the ratio is

CS4R

Cfull-rec
≈ 45,862

212,922
≈ 0.215. (54)

These estimates indicate that, under this setting,
S4R reduces the dominant reconstruction-and-
attention arithmetic by roughly 4.6–5× relative to
full reconstruction. The latent scoring term is small
compared with the saved reconstruction cost be-
cause

Wr = 4×204 = 816≪ ρrD′ = 41,779.2. (55)

Consequently, the leading effect is that sparse re-
construction replaces the full reconstruction cost
O(LtrD′) with O(ρLtrD′), yielding an approxi-
mate 1/ρ reconstruction-compute reduction when
the latent-scoring overhead is small.

C More Related Work

The main text positions S4R within low-rank KV-
cache compression. This appendix covers com-
plementary compression axes and then isolates the
operational differences between S4R and its nearest
alternatives.

C.1 Complementary KV-Cache Compression
Axes

Sequence reduction and query-aware retrieval.
Eviction methods reduce persistent memory
by retaining only a subset of past positions.
StreamingLLM combines attention sinks with a
sliding window, while H2O and Scissorhands re-
tain tokens using accumulated or persistent impor-
tance signals (Xiao et al., 2024; Zhang et al., 2023;
Liu et al., 2023). Later methods allocate the token
budget more selectively: NACL combines local



and global importance, Ada-KV distributes cache
budgets across heads, SnapKV uses recent prompt
attention, and PyramidInfer and PyramidKV vary
retention across layers (Chen et al., 2024; Feng
et al., 2025; Li et al., 2024; Yang et al., 2024; Cai
et al., 2025). Quest and DuoAttention make access
query- or head-dependent rather than applying a
uniform retention policy (Tang et al., 2024; Xiao
et al., 2025). RocketKV combines coarse perma-
nent eviction with fine-grained top-k sparse atten-
tion, using both head- and sequence-dimensional
approximations during selection (Behnam et al.,
2025). These approaches principally reduce the
sequence dimension or the set of KV entries ac-
cessed by attention. S4R instead keeps a coeffi-
cient representation for every non-sink position
and makes the full-dimensional reconstruction set
query-dependent, so positions omitted at one de-
coding step remain recoverable later.

Token- and layer-level merging. Merging meth-
ods preserve information from removed entries
by combining them with retained representatives.
CaM merges to-be-evicted states according to
attention-derived importance, KVMerger identi-
fies groups of similar states, Chelsea performs on-
line clustering along the sequence dimension, and
GRKV distributes information through a global
regression objective (Zhang et al., 2024b; Wang
et al., 2024c, 2025a; Peng et al., 2026). MiniCache
exploits a different redundancy axis by merging
KV states across adjacent middle-to-deep layers
(Liu et al., 2024a). These methods reduce the num-
ber of independently stored states across tokens
or layers. S4R does not merge token identities or
layer states: it stores per-position coefficients in
layer-specific key/value subspaces and reconstructs
selected positions when needed. Token/layer merg-
ing and coefficient-space compression are therefore
distinct and potentially composable, but they im-
pose different information-loss mechanisms.

Quantization and channel pruning. Quantiza-
tion reduces the bit width of cached states. KIVI
uses asymmetric low-bit schemes for keys and
values, KVQuant combines per-channel and non-
uniform quantization with explicit outlier handling,
and GEAR approximates quantization error with
low-rank and sparse residual components (Liu
et al., 2024b; Hooper et al., 2024; Kang et al.,
2024). TaDA further adapts precision across layers
with mean-centering (Joshi et al., 2025). LeanK
targets the channel dimension directly by learning

static sparsity for the key cache (Zhang et al., 2025).
In contrast, S4R represents both keys and values
through prompt-derived low-rank bases and coeffi-
cient caches. Bit-width reduction or channel prun-
ing could be applied to those coefficients, but such
combinations would require evaluating whether
quantization or pruning distorts latent-space rel-
evance scores as well as reconstructed attention.

Memory hierarchy and cache reuse. System-
oriented methods change where compressed infor-
mation resides or how it is reused. KV-Compress
couples block eviction with a PagedAttention-style
memory manager, KVzip builds query-agnostic
compressed caches reusable across future queries,
and SpeCache keeps the full cache in CPU mem-
ory while using a compact GPU-side representa-
tion to guide fetching (Rehg, 2024; Kim et al.,
2025; Jie et al., 2025). These methods address
allocation, reuse, and data movement, whereas S4R
changes the mathematical representation stored for
each prompt. Applying such placement or offload-
ing policies to a coefficient cache is a systems-
level extension rather than a competing subspace-
construction method.

C.2 Fine-Grained Positioning of S4R
Where and when the low-rank representation is
constructed. Palu and LoRC determine their fac-
torized representations before serving the current
prompt, avoiding prompt-time decomposition but
not adapting the subspace to the realized context
(Chang et al., 2025; Zhang et al., 2024a). Shad-
owKV and xKV construct prompt-dependent rep-
resentations and are therefore closer to S4R (Sun
et al., 2025; Chang et al., 2026). ShadowKV de-
composes current-prompt pre-RoPE keys, keeps a
low-rank key representation on GPU, and retrieves
selected values from an offloaded cache; xKV per-
forms prompt-time cross-layer SVD and shares
aligned low-rank structure across grouped layers.
S4R instead estimates separate key and value bases
from a sampled subset of non-sink prompt tokens,
then stores coefficients for all non-sink positions.
The intended trade-off is narrower: it preserves
prompt dependence while reducing the amount of
prompt data participating in decomposition. Our
efficiency measurements, rather than the method
definitions alone, establish the resulting TTFT and
generation-latency differences.

Persistent compression versus sparse access.
StreamingLLM and SnapKV permanently retain a



selected subset of full-dimensional positions, while
Quest and Loki primarily reduce attention work
through query-dependent sparse access (Xiao et al.,
2024; Li et al., 2024; Tang et al., 2024; Singha-
nia et al., 2024). RocketKV explicitly combines
permanent eviction with a second sparse-attention
stage (Behnam et al., 2025). S4R couples these
concerns differently: its persistent memory reduc-
tion comes from coefficient-space storage, whereas
latent scoring determines only which positions are
reconstructed for the current attention step. This
separation lets a position remain cheaply recover-
able after it is skipped, at the cost of storing coeffi-
cients for the full non-sink sequence and perform-
ing latent scoring during decoding.

Takeaway. Across these axes, the distinctive
combination in S4R is prompt-sampled construc-
tion of both key and value subspaces, persistent
per-position coefficient storage, full-precision sink
preservation, and query-dependent sparse recon-
struction. Fixed low-rank methods remove most
prompt-time adaptation; prompt-wide methods re-
tain adaptation but pay decomposition or update
costs over more prompt states; eviction and re-
trieval methods reduce the active sequence without
necessarily compressing every retained state; and
quantization, merging, and systems techniques tar-
get complementary representation or deployment
dimensions.

D More Ablation Studies

D.1 Effect of Query Window
S4R uses a sliding query window of lengthW for
two related purposes during decoding. First, the
projected queries in this window are used to esti-
mate token relevance in the latent coefficient space,
where attention scores are averaged across recent
queries before selecting globally important posi-
tions. Second, the same window determines the
local tokens that are always reconstructed and at-
tended to in full precision. Thus,W controls how
much short-range decoding context is used for sta-
ble token scoring and how much recent context is
guaranteed to be preserved in the sparse reconstruc-
tion set.

This ablation variesW while keeping the rank,
sampling strategy, reconstruction ratio, and pooling
configuration fixed. WhenW = 1, token selection
is driven only by the current query, which provides
the lowest query-coefficient storage and latent scor-
ing cost but may produce noisier global-token esti-

W Fewshot SDQA MDQA LCC PRE Avg.

Llama-3.2-1B
1 46.82 20.53 21.13 19.41 4.15 25.90
4 52.60 19.99 22.60 23.56 3.95 28.46
8 52.71 20.13 22.75 23.41 3.95 28.56
16 53.32 20.22 22.26 24.25 3.86 28.68
32 51.29 20.69 22.06 23.43 3.39 28.09
64 48.82 20.60 21.80 23.84 3.72 27.38

Qwen3-4B
1 64.83 37.87 37.40 5.08 95.00 47.31
4 65.05 38.37 37.98 4.99 95.83 47.73
8 64.99 38.55 37.81 5.01 95.33 47.67
16 65.79 38.56 37.63 5.03 95.33 47.85
32 65.40 38.53 37.56 5.05 96.17 47.79
64 65.30 38.11 37.56 5.11 95.00 47.55

Llama-3.1-8B
1 61.62 41.13 44.64 29.49 99.50 51.92
4 63.60 42.38 46.33 32.06 99.50 53.50
8 62.99 42.74 45.98 32.14 99.50 53.34
16 62.16 42.75 46.08 32.22 99.50 53.15
32 61.92 42.32 46.28 32.29 99.50 53.03
64 58.75 42.03 46.24 32.46 99.50 52.09

Qwen2.5-14B
1 66.16 38.05 52.16 19.38 92.50 52.82
4 67.01 38.91 51.99 19.97 94.50 53.47
8 66.88 38.98 52.59 20.19 94.50 53.64
16 67.19 38.65 52.69 20.29 94.50 53.67
32 66.71 38.20 51.88 20.25 94.50 53.19
64 64.08 38.85 51.51 20.45 93.50 52.48

Table 7: Effect of the query-window size W ∈
{1, 4, 8, 16, 32, 64} on grouped LongBench perfor-
mance. All other S4R hyperparameters are fixed, and
shaded rows denote the default setting used in the main
experiments.

mates. Larger windows aggregate relevance over
multiple recent queries and preserve more local
tokens, which can improve robustness for tasks
where the answer depends on a short span of re-
cent decoding context. However, increasing W
also increases the query-coefficient buffer size and
the latent attention cost, and it allocates more of
the reconstruction budget to local tokens, leaving
fewer slots for globally selected positions when the
total reconstruction ratio is fixed.

Table 7 compares W ∈ {1, 4, 8, 16, 32, 64}
across LongBench task groups. The results show a
clear preference for moderate query windows. Us-
ing only the current query is consistently weaker:
increasingW from 1 to the best-performing setting
improves the average score from 25.90 to 28.68
on Llama-3.2-1B, from 47.31 to 47.85 on Qwen3-
4B, from 51.92 to 53.50 on Llama-3.1-8B, and
from 52.82 to 53.67 on Qwen2.5-14B. These gains
indicate that aggregating relevance over several
recent queries produces more stable global-token



rK : rV Fewshot SDQA MDQA LCC PRE Avg.

Llama-3.2-1B
1 : 1 51.29 20.69 22.06 23.43 3.39 28.09
1 : 1.5 51.24 20.46 22.15 23.44 4.88 28.17
1 : 2 50.17 20.33 22.87 24.33 5.06 28.14

Qwen3-4B
1 : 1 65.40 38.53 37.56 5.05 96.17 47.79
1 : 1.5 64.62 39.00 38.81 5.10 96.50 48.08
1 : 2 64.74 38.70 38.57 5.10 96.83 48.00

Llama-3.1-8B
1 : 1 61.92 42.32 46.28 32.29 99.50 53.03
1 : 1.5 60.32 43.42 46.34 32.07 99.50 52.89
1 : 2 59.96 43.13 45.98 32.39 99.50 52.65

Qwen2.5-14B
1 : 1 66.71 38.20 51.88 20.25 94.50 53.19
1 : 1.5 67.03 39.94 52.29 20.67 96.50 54.09
1 : 2 67.13 39.34 52.02 20.98 95.50 53.81

Table 8: Effect of key–value rank allocation under a
fixed total coefficient budget. The ratio rK : rV spec-
ifies the key and value ranks, and shaded rows denote
the balanced default allocation.

estimates than single-query selection.
The benefit, however, saturates quickly. The

strongest averages are obtained by W = 16 for
Llama-3.2-1B, Qwen3-4B, and Qwen2.5-14B, and
byW = 4 for Llama-3.1-8B. The defaultW = 32
remains close to the optimum, trailing the best set-
ting by 0.59, 0.06, 0.47, and 0.48 points on the four
models, respectively, while maintaining a larger
guaranteed local reconstruction window. Increas-
ing the window further toW = 64 lowers the aver-
age score for all models compared withW = 32.
This suggests that overly large query windows di-
lute current-step relevance and reserve more recon-
struction budget for local tokens, thereby reducing
the coverage of globally important positions. We
therefore keepW = 32 as the default in the main
experiments not because it is always the best set-
ting in this ablation, but because it provides near-
optimal accuracy and matches the default window
size used by SnapKV.

D.2 Effect of Different Rank Allocation

Prior work observes that pre-RoPE keys exhibit
stronger low-rank characteristics than values (Lee
et al., 2025; Sun et al., 2025). This asymmetry sug-
gests that keys may tolerate a smaller latent rank,
while values may require a larger rank to preserve
the information aggregated into the final attention
output. Motivated by this observation, we restrict
this ablation to settings where the key rank is no
larger than the value rank, i.e., rK ≤ rV . The

goal is to test whether shifting part of the coeffi-
cient budget from keys to values improves recon-
struction quality without substantially degrading
latent-space token scoring.

To study this trade-off, we compare several key-
to-value rank ratios while keeping the total coeffi-
cient budget fixed. Concretely, for a target budget
corresponding to the default rank r, we choose
(rK , rV ) such that rK + rV = 2r and vary the
allocation ratio rK : rV .

Table 8 reports the results across LongBench
task groups. The results show that asymmetric rank
allocation can be beneficial, but the effect depends
on model scale. On Llama-3.2-1B, the average
scores are nearly tied, with 1:1.5 slightly outper-
forming 1:1 by 0.08 points and 1:2 by 0.03 points.
On Qwen3-4B, allocating more rank to values im-
proves the average score from 47.79 to 48.08 for
1:1.5 and 48.00 for 1:2. The same trend is clearer
on Qwen2.5-14B, where 1:1.5 improves the av-
erage score from 53.19 to 54.09 and 1:2 reaches
53.81. In contrast, Llama-3.1-8B favors the bal-
anced allocation, with 1:1 achieving 53.03 com-
pared with 52.89 and 52.65 for 1:1.5 and 1:2. Over-
all, these results support the motivation that values
can require more rank than pre-RoPE keys, but an
overly value-heavy allocation is not uniformly opti-
mal. We therefore keep the balanced allocation as
the default in the main experiments for simplicity
and robustness, while noting that a mildly value-
biased allocation such as 1:1.5 can further improve
some model families.

D.3 Effect of Different Recent-to-Uniform
Sampling Ratios

S4R constructs the prompt-aware key/value bases
from a sampled subset of non-sink tokens. The
sampling policy combines a contiguous block of re-
cent tokens with uniformly sampled earlier tokens.
These two sources are complementary: recent to-
kens tend to be more relevant to the immediate de-
coding state and better match the local distribution
near generation, while uniformly sampled tokens
provide broader coverage of the full prompt and re-
duce the risk of missing globally important context.
The default configuration uses a recent-to-uniform
split of 7 : 3.

Table 9 compares several ratios while keeping
the total number of sampled tokens fixed. The re-
sults show that S4R is relatively robust to moderate
changes in the split, but combining recent and uni-
form samples is generally preferable to using only



Ratio Fewshot SDQA MDQA LCC PRE Avg.

Llama-3.2-1B
7 : 3 51.29 20.69 22.06 23.43 3.39 28.09
6 : 4 52.09 20.67 22.59 22.94 3.85 28.44
5 : 5 50.46 20.17 21.56 23.24 4.25 27.64
4 : 6 50.52 20.69 21.76 24.05 3.94 27.90
10 : 0 50.80 19.74 22.16 24.09 3.88 27.82

Qwen3-4B

7 : 3 65.40 38.53 37.56 5.05 96.17 47.79
6 : 4 64.86 38.41 37.82 5.11 90.42 47.16
5 : 5 66.15 38.41 38.01 5.13 93.00 47.80
4 : 6 65.19 38.04 37.88 5.04 93.50 47.44
10 : 0 64.95 36.91 37.32 5.10 96.33 47.18

Llama-3.1-8B
7 : 3 61.92 42.32 46.28 32.29 99.50 53.03
6 : 4 60.96 42.75 45.81 31.96 100.00 52.77
5 : 5 60.92 41.98 45.36 32.48 100.00 52.48
4 : 6 60.09 43.12 46.19 32.82 100.00 52.82
10 : 0 61.91 41.24 45.52 32.44 100.00 52.59

Qwen2.5-14B
7 : 3 66.71 38.20 51.88 20.25 94.50 53.19
6 : 4 66.26 39.36 52.56 20.25 94.50 53.57
5 : 5 66.53 39.75 52.44 20.05 95.00 53.75
4 : 6 66.95 40.17 52.64 20.52 91.50 53.75
10 : 0 66.89 38.12 51.08 20.36 94.25 52.99

Table 9: Effect of the recent-to-uniform sampling ratio
used to construct prompt-aware key/value bases. The
total number of sampled tokens is fixed, and shaded
rows denote the default 7:3 split.

recent tokens. For Llama-3.2-1B, 6 : 4 obtains
the best average score of 28.44, while the default
7 : 3 remains close at 28.09. For Qwen3-4B, 5 : 5
and 7 : 3 are nearly tied, with average scores of
47.80 and 47.79, respectively; however, 7 : 3 per-
forms better on passage retrieval than 5 : 5. For
Llama-3.1-8B, the default 7 : 3 achieves the best
average score of 53.03, outperforming the other ra-
tios by 0.21–0.55 points. For Qwen2.5-14B, more
uniform coverage is beneficial: 5 : 5 and 4 : 6
both reach 53.75, compared with 53.19 for 7 : 3.
In contrast, the recent-only 10 : 0 setting is not
consistently competitive, suggesting that relying
only on the most recent sampled tokens can miss
useful global prompt structure. Overall, the results
indicate that no single split is universally optimal
across all models, but hybrid recent-plus-uniform
sampling is important. We keep 7 : 3 as the de-
fault because it is consistently strong, especially on
Llama models and passage retrieval, while main-
taining a simple fixed sampling rule.

D.4 Effect of Reconstruction Ratio

The reconstruction ratio ρ controls how many non-
sink positions are reconstructed and attended to in

ρ Fewshot SDQA MDQA LCC PRE Avg.

Llama-3.2-1B
0.2 51.29 20.69 22.06 23.43 3.39 28.09
0.15 50.50 19.83 22.75 24.00 3.63 27.90

Qwen3-4B
0.2 65.40 38.53 37.56 5.05 96.17 47.79
0.15 64.69 38.38 37.83 5.03 94.33 47.46

Llama-3.1-8B
0.2 61.92 42.32 46.28 32.29 99.50 53.03
0.15 59.40 42.08 45.78 32.06 99.00 52.08

Qwen2.5-14B
0.3 66.71 38.20 51.88 20.25 94.50 53.19
0.15 64.10 38.13 51.48 18.66 93.50 52.12

Table 10: Effect of the reconstruction ratio ρ during
sparse decoding. The coefficient cache and other hyper-
parameters are unchanged, and shaded rows denote the
default ρ for each model setting.

full precision at each decoding step. In the main
experiments, we set ρ to match the target compres-
sion ratio η, so the sparse reconstruction budget
scales with the memory budget used by each model
setting. This ablation tests whether S4R can use a
smaller reconstruction set during decoding while
keeping the compressed coefficient cache and other
hyperparameters unchanged. Reducing ρ directly
lowers the number of reconstructed key/value vec-
tors and the size of the exact attention set, but it
may also remove globally relevant positions from
the final sparse attention computation.

Table 10 compares the default reconstruction ra-
tio with a smaller setting of ρ = 0.15. The results
show that S4R is reasonably robust to reconstruct-
ing fewer tokens, but the default setting remains
consistently stronger. On Llama-3.2-1B, reducing
ρ from 0.2 to 0.15 only decreases the average score
from 28.09 to 27.90, and even improves MDQA,
LCC, and PRE slightly. On Qwen3-4B, the aver-
age score drops by 0.33 points, mainly due to lower
Fewshot and PRE scores. The larger Llama-3.1-8B
and Qwen2.5-14B settings are more sensitive: their
average scores decrease by 0.95 and 1.07 points,
respectively. This suggests that a smaller recon-
struction set can preserve most of the performance
when further decoding-time savings are desired,
but the default ρ = η provides a safer accuracy–
efficiency trade-off, especially for stronger models
whose outputs rely more on recovering a broader
set of relevant context positions.



D.5 Effect of Layer-wise Full Reconstruction

SALS applies full reconstruction to selected layers
based on its layer-wise analysis, specifically the
first two layers and the last layer, to reduce the ap-
proximation error in layers that are more sensitive
to compression (Mu et al., 2025). Motivated by this
design, we test whether a similar layer-wise full-
reconstruction strategy is also beneficial for S4R. In
this ablation, “w/” denotes applying full reconstruc-
tion to these selected layers, while “w/o” denotes
the default S4R configuration that uses sparse re-
construction consistently across layers. All other
hyperparameters are kept unchanged.

Table 11 shows that layer-wise full reconstruc-
tion does not consistently improve S4R. On Llama-
3.2-1B, it improves the average score from 28.09
to 28.45, mainly due to gains on Fewshot, MDQA,
LCC, and PRE. However, the same strategy re-
duces the average score on the other three models:
from 47.79 to 47.45 on Qwen3-4B, from 53.03 to
52.33 on Llama-3.1-8B, and from 53.19 to 52.94
on Qwen2.5-14B. The drops are especially visible
in MDQA and PRE for Qwen3-4B and in Fewshot
and MDQA for Llama-3.1-8B.

These results suggest that the layer-wise full-
reconstruction heuristic used by SALS is not di-
rectly transferable to S4R. S4R already preserves
sink tokens and reconstructs a query-dependent
sparse set at every layer; forcing full reconstruction
on fixed layers can change the balance between
exact local/global token recovery and the prompt-
adaptive sparse reconstruction mechanism. It also
introduces additional decoding-time reconstruction
cost. Since the accuracy gains are limited to the
smallest model and are not robust across model
families, we do not use layer-wise full reconstruc-
tion as the default.

E Implementation Details

E.1 LongBench

In this section, we provide the detailed statistics of
the LongBench benchmark (Bai et al., 2024) used
in our evaluation. As shown in Table 12, the se-
lected datasets cover five major categories: single-
document QA, multi-document QA, few-shot learn-
ing, synthetic tasks, and code completion. These
tasks represent typical long-context scenarios with
average input lengths ranging from approximately
1.2k to over 18k words. We also specify the de-
coding lengths and the primary evaluation metrics
(e.g., F1 score, Rouge-L, and Exact Match) for

FR Fewshot SDQA MDQA LCC PRE Avg.

Llama-3.2-1B
w/o 51.29 20.69 22.06 23.43 3.39 28.09
w/ 52.29 20.04 22.74 23.99 3.77 28.45

Qwen3-4B
w/o 65.40 38.53 37.56 5.05 96.17 47.79
w/ 65.62 38.48 36.52 5.03 95.08 47.45

Llama-3.1-8B
w/o 61.92 42.32 46.28 32.29 99.50 53.03
w/ 60.27 42.22 45.64 32.20 99.00 52.33

Qwen2.5-14B
w/o 66.71 38.20 51.88 20.25 94.50 53.19
w/ 66.26 37.82 52.03 19.97 94.00 52.94

Table 11: Effect of applying layer-wise full reconstruc-
tion to selected layers. “w/” applies full reconstruction
to the first two layers and the last layer, whereas “w/o”
is the default sparse-reconstruction setting; shaded rows
denote the default.

each task to provide a comprehensive reference for
our experimental setup in Section 4.1.

We evaluate our method on the LongBench
benchmark using Llama-3.2-1B-Instruct, Llama-
3.1-8B-Instruct (Grattafiori et al., 2024), Qwen3-
4B-Instruct-2507 (Yang et al., 2025a) and Qwen2.5-
14B-Instruct (Qwen et al., 2025). Llama-3.2-1B-
Instruct is a 1-billion-parameter model with a
128k-token context window, while Llama-3.1-8B-
Instruct is an 8-billion-parameter model with a
128k-token context window. Qwen3-4B-Instruct-
2507 is a 4-billion-parameter model with a 32k-
token context window natively and 128k tokens
with YaRN (Peng et al., 2024), while Qwen2.5-
14B-Instruct is a 14-billion-parameter model with
a 32k-token context window. For LongBench sam-
ples exceeding 32k tokens (e.g., in NarrativeQA),
we truncate the input to the rightmost 32k tokens to
fit within the Qwen2.5-14B-Instruct’s constraints.

E.2 RULER

RULER (Hsieh et al., 2024) is built for maximal
flexibility, supporting a vast range of sequence
lengths and task complexities. Each task allows for
a combinatorial number of configuration options,
as summarized in Table 13. In our primary experi-
ments, we assess Qwen2.5-7B-Instruct-1M (Yang
et al., 2025b) on seven representative tasks span-
ning RULER’s two primary categories: retrieval
and multi-hop tracing. For each task, we prepare
samples of 128k tokens and generate 20 samples
to assess performance. Unless otherwise specified,
the decoding length is set to 32 tokens.



Dataset Source Avg len Decoding len Metric Language #data

Single-Document QA
NarrativeQA Literature, Film 18,409 128 F1 English 200
Qasper Science 3,619 128 F1 English 200
MultiFieldQA-en Multi-field 4,559 64 F1 English 150

Multi-Document QA
HotpotQA Wikipedia 9,151 32 F1 English 200
2WikiMultihopQA Wikipedia 4,887 32 F1 English 200
MuSiQue Wikipedia 11,214 32 F1 English 200

Few-shot Learning
TREC Web question 5,177 64 Accuracy (CLS) English 200
TriviaQA Wikipedia, Web 8,209 32 F1 English 200
SAMSum Dialogue 6,258 128 Rouge-L English 200

Synthetic Task
PassageRetrieval-en Wikipedia 9,289 32 Accuracy (EM) English 200

Code Completion
LCC Github 1,235 64 Edit Sim Python/C#/Java 500

Table 12: Summary of LongBench dataset statistics. ‘Avg len’ denotes average input length (number of words
for English/code datasets). ‘Decoding len’ is the number of tokens in the decoding sequence. ‘Accuracy (CLS)’
indicates classification accuracy, and ‘Accuracy (EM)’ stands for exact match accuracy.

Task Configurations
Subtask-1 Subtask-2 Subtask-3

MK-NIAH

num_keys = 2 type_key = word type_key = word
type_key = word type_value = number type_value = uuid

type_value = number type_haystack = essay type_haystack = essay
type_haystack = essay line retrieval KV retrieval

MV-NIAH num_values = 2, type_key = word, type_value = number, type_haystack = essay

MQ-NIAH num_queries = 2, type_key = word, type_value = number, type_haystack = essay

VT num_chains = 1, num_hops = 4

FWE α = 2.0

Table 13: Seven task configurations in RULER.

Both LongBench and RULER are evaluated us-
ing LM-Evaluation-Harness (Gao et al., 2024).
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