
Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 51179–51203
October 24-29, 2026 ©2026 Association for Computational Linguistics

AURA-KV: Adaptive Subspace Rank Approximation for Efficient
Long-Context LLM Inference

Jincheng Xie1*, Hao Shi1*, Zhengyi Jiang1, Zhongyi Huang1, Linqi Song2†, Hanxu Hou3†

1Department of Mathematical Sciences, Tsinghua University
2City University of Hong Kong Shenzhen Research Institute

3Shenzhen University of Advanced Technology
{xiejc22, shih22}@mails.tsinghua.edu.cn, jzy21@tsinghua.org.cn

zhongyih@tsinghua.edu.cn, linqi.song@cityu.edu.hk, houhanxu@163.com

Abstract

KV caching is essential for efficient au-
toregressive decoding, but its memory foot-
print grows linearly with context length and
quickly becomes a bottleneck for long-context
large language models (LLMs). We study
whether feature-dimension compression can
serve as an orthogonal second stage for
KV-cache reduction, and introduce AURA-
KV, an adaptive-rank subspace approxima-
tion method for KV caches. AURA-KV is
training-free: it decomposes post-RoPE key
and value caches into compact bases and
coefficients, supports incremental decoding,
and allocates rank adaptively across layers
under a global memory budget. Because
it compresses the feature dimension rather
than selecting tokens or lowering precision,
it can be combined with token eviction and
quantization methods. Across LongBench,
RULER, and InfiniteBench, AURA-KV pre-
serves long-context performance on Llama-3-
8B, Mistral-7B, and LongChat-7B under mod-
erate compression and degrades gracefully un-
der more aggressive budgets. In latency mea-
surements, AURA-KV improves per-layer de-
coding speed by up to 2.75×, and by up to
3.23× when combined with token-level cache
reduction, with a small one-time prefill over-
head.

1 Introduction

Long-context language models are increasingly
used for tasks such as multi-document ques-
tion answering, repository-level code completion,
retrieval-augmented generation, and long-form
summarization. These applications require the
model to keep thousands of previous tokens avail-
able during generation. KV caching makes such
generation practical by storing past keys and val-

*Equal contribution.
†Corresponding author.

ues instead of recomputing them, but it also cre-
ates a state whose size grows linearly with context
length, number of layers, and number of attention
heads (Vaswani et al., 2017; Fu, 2024). As a re-
sult, long-context serving is often limited not by
model parameters alone, but by the memory foot-
print and bandwidth cost of repeatedly reading the
KV cache during decoding.

Existing work reduces this cost from several
directions. Optimized attention kernels improve
memory access and compute utilization (Dao et al.,
2022; Dao, 2023); weight quantization reduces
parameter memory (Frantar et al., 2022; Kim
et al., 2023; Xiao et al., 2023a; Yao et al., 2022;
Dettmers et al., 2022; Lin et al., 2024); sparse
or approximate attention reduces the cost of long-
range attention (Han et al., 2023). KV-cache com-
pression is complementary because it directly tar-
gets the persistent state used at every decoding
step. Most existing KV-cache compressors oper-
ate along either the sequence dimension or the pre-
cision dimension: token-eviction methods retain
selected cached positions (Zhang et al., 2023; Xiao
et al., 2023b; Li et al., 2024; Cai et al., 2024),
while quantization stores cached activations at
lower precision (Hooper et al., 2024; Zirui Liu
et al., 2023; Kang et al., 2024). Feature-dimension
compression is a natural third axis: instead of de-
ciding which tokens to keep or how many bits to
use, it asks whether each cached vector can be rep-
resented in a lower-dimensional subspace.

This direction is attractive but technically deli-
cate. First, keys in modern decoder-only LLMs
are position-dependent because rotary position
embeddings (RoPE) are applied before attention;
compressing the wrong representation can require
repeated reconstruction or additional positional
transformations during decoding. Second, the
cache is not equally compressible across layers:
some layers need more rank to preserve the same
spectral energy, while others have much more con-
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Figure 1: Overview of AURA-KV. For each attention head, we approximate the post-RoPE key and value caches
with low-rank factors. The basis matrices map cached features into a lower-dimensional subspace, while the
coefficient matrices store token-wise representations in that subspace.

centrated singular-value spectra. Third, a useful
compressor must support incremental decoding,
where new keys and values arrive one token at a
time and must be appended without recomputing a
full factorization. These constraints make a naive
low-rank projection insufficient for practical long-
context inference.

AURA-KV addresses these constraints by treat-
ing KV-cache compression as adaptive subspace
approximation after RoPE has already been ap-
plied. The name AURA-KV stands for Adaptive
sUbspace Rank Approximation for KV caches.
Our starting observation is that post-RoPE key
and value caches have concentrated singular-value
spectra: a relatively small number of components
captures most of the Frobenius energy, and the re-
quired rank varies substantially across layers. This
suggests that a fixed feature dimension is waste-
ful, but also that a single uniform rank schedule
is too crude. Instead, AURA-KV selects layer-
wise ranks under a global memory budget, spend-
ing rank where the cache spectra indicate it is most
needed.

AURA-KV has three components. First, it fac-
torizes each post-RoPE per-head key and value
cache into an orthonormal basis and a low-
dimensional coefficient matrix, allowing attention
to run directly in the compressed representation.
Second, it appends newly generated keys and val-
ues by projecting them into the stored bases, so
the cache continues to grow with the selected rank
rather than the full head dimension. Third, it per-

forms adaptive layer-wise rank allocation by maxi-
mizing retained spectral energy subject to a global
cache-memory budget. We also provide an ide-
alized cone-effect analysis to motivate why rep-
resentations can become more spectrally concen-
trated across layers; the theory is used as moti-
vation for adaptive allocation, while the main ev-
idence comes from empirical ablations and long-
context evaluation. Our contributions can be sum-
marized as follows:

• We introduce AURA-KV, a training-free post-
RoPE KV-cache compressor that reduces the
feature dimension of cached keys and values
while supporting incremental decoding.

• We propose an adaptive layer-wise rank allo-
cation strategy, motivated by observed spec-
tral concentration and an idealized cone-
effect analysis, to use a fixed memory budget
more effectively than uniform rank allocation.

• We show on long-context benchmarks and
latency measurements that AURA-KV pre-
serves quality under moderate budgets, de-
codes faster than low-rank baselines, and
composes naturally with token eviction and
quantization.

Appendix A gives the proof of the proposition; the
appendix also includes the full pseudo-code in Ap-
pendix B, implementation and memory account-
ing in Appendices O and I, and extended experi-
ments in Appendices K, M, N, and Q.
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Figure 2: Layer-wise singular-value spectra of cached keys. Fig. 2(a) plots the singular values of K at Layers
0, 11, 22, and 31. Fig. 2(b) shows the spectrum heatmap, where purple boxes mark the ranks that retain 90% of
the Frobenius energy. Fig. 2(c) reports the ranks needed to reach 80%, 85%, 90%, and 95% Frobenius-energy
thresholds across layers.

Figure 3: Layer-wise cosine similarity of token representations. The six panels show pairwise cosine similarities
among layer inputs at Layers 0, 5, 10, 15, 20, and 25. The upward shift in deeper layers indicates increasing angular
concentration, which motivates lower-rank approximations of later-layer caches.

2 Empirical Observation and Idealized
Analysis

In this section, we first present our observations
on the low-rank properties of the key and value
matrices within transformer layers. We then intro-
duce an idealized cone-effect analysis that moti-
vates why later layers tend to be more compress-
ible.

2.1 Low-Rank Structure of the KV Cache
We first inspect the singular-value spectra of
cached keys and values in Llama-3-8B. As shown
in Fig. 2(a), only a small subset of singular val-
ues is large, while the remaining spectrum decays
rapidly. The heatmap in Fig. 2(b) shows that many

layers can preserve 90% of the Frobenius energy
with substantially fewer than the full feature di-
mension, and Fig. 2(c) reports the rank required
to retain 80%, 85%, 90%, and 95% energy across
layers. These observations indicate exploitable
low-rank structure in the KV cache. The required
rank also decreases non-uniformly across layers,
suggesting that a single uniform rank wastes ca-
pacity in some layers while over-compressing oth-
ers. This motivates an adaptive allocation strategy:
given a fixed total memory budget, assign higher
rank to layers with flatter spectra and lower rank
to layers with stronger spectral concentration. The
next subsection provides an idealized explanation
for this broad trend.
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2.2 Idealized Cone Analysis
The empirical spectra in Fig. 2 suggest that deeper
layers often require fewer dimensions to preserve
the same amount of energy. We connect this trend
to a cone-effect view of Transformer representa-
tions.

The following proposition studies a simplified
self-attention layer with Gaussian projection ma-
trices. It should be read as an explanatory model
for the observed compression trend, not as a full
description of all practical Transformer compo-
nents such as residual connections, LayerNorm,
and MLP blocks. The compression algorithm it-
self does not require the Gaussian assumption;
ranks are selected from empirical cache spec-
tra, and the proposition is used only to motivate
why such spectra may become concentrated. The
independent-Gaussian setup follows a standard
random-network analysis style used in mean-field
studies of signal propagation (Poole et al., 2016),
but trained LLM weights can contain strong corre-
lations that fall outside these assumptions. There-
fore, the proposition is not a rigorous proof for ar-
bitrary trained Transformers.

Proposition 2.1. Suppose X(ℓ) =

[x
(ℓ)
1 , . . . , x

(ℓ)
s ] ∈ Rd×s denotes the input token

representations at layer ℓ where s is the sequence
length, such that ∥x(ℓ)i ∥ = 1, ∀i ∈ {1, 2, . . . , s}.
Wq,Wk,Wv ∈ Rd×d are random weight matri-
ces (ℓ−th layer Q, K, V, weight matrix) where
each element Wa,m,n ∼ N (0, d−2), for a ∈
{q, k, v},m, n ∈ {1, 2, . . . , d}. Then the follow-
ing holds with probability at least 1-O(1/d)

| cos⟨x(ℓ+1)
i , x

(ℓ+1)
j ⟩| ≥ | cos⟨x̄(ℓ)i , x̄

(ℓ)
j ⟩|

− |O(1/d)| .

where x̄
(ℓ)
i =

(∑i
î=1

x
(ℓ)

î

)
/i, x̄

(ℓ)
j =

(∑j

ĵ=1
x
(ℓ)

ĵ

)
/j, respectively.

The proof is in Appendix A. The proposition
says that, under this simplified model, the angu-
lar relation between token representations is lower-
bounded by the angular relation between prefix
averages, up to a small high-dimensional error
term. This provides one possible explanation for
why token representations become increasingly
anisotropic and why later-layer KV caches may ad-
mit stronger low-rank approximation. Consistent
with this view, Fig. 3 shows increasing cosine sim-
ilarity across layers, while Fig. 2(b) and Fig. 2(c)

show that fewer dimensions are often needed in
later layers. This analysis does not explain the
non-monotonic or piecewise changes in the rank
curve by itself; those details are empirical proper-
ties of the measured spectra. We therefore use the
cone-effect analysis only as motivation for adap-
tive rank allocation, and rely on the ablations in
Section 4 and Appendix P to validate its empirical
utility.

Moreover, to check whether the Gaussian
marginal assumption is at least empirically plau-
sible, we quantify distributional divergence with
the Wasserstein distance. A small distance value
signals a close alignment between the two distri-
butions (Panaretos and Zemel, 2018). Figure 4
displays the Wasserstein distance for the weight
coefficients of Wq,Wk, and Wv in every layer
of Llama (Dubey et al., 2024) and Mistral (Jiang
et al., 2023). The empirical distributions are com-
pared against the Gaussian reference N (0, d−2).
The observed distances are on the order of 10−3,
indicating close marginal agreement with the ref-
erence distribution. This check is not intended to
prove the proposition’s assumptions for all Trans-
former variants; it only shows that the simpli-
fied model is not grossly inconsistent with the
inspected checkpoints. Moreover, Appendix D
presents the same analysis for the LongChat (Li
et al., 2023) model, and the resulting values show
similar marginal behavior across multiple model
architectures.

3 AURA-KV Algorithm
Our goal is to compress the KV cache to a target
ratio pComp while retaining as much spectral en-
ergy as possible. For each layer ℓ and cache type
c ∈ {K,V }, we choose rank rℓ,c so that the lead-
ing singular values of the cached key/value matri-
ces preserve at least an information ratio pInfo:
∑rℓ,c

i=1(σ
i
ℓ,c)

2

∥Xℓ,c∥2Fro
≥ pInfo,

∀ℓ = 1, . . . , L, c ∈ {K,V }.
(1)

where Xℓ,c is the post-RoPE cache matrix used for
calibration, σi

ℓ,c is its i-th singular value, and L is
the number of Transformer layers. We search for
the largest feasible pInfo subject to the global rank
budget:

max
pInfo,{rℓ,c}

pInfo

s.t. Eq. (1),

∑
ℓ,c rℓ,c

2Ldh
≤ pComp,

(2)
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Figure 4: Wasserstein distance between weight distributions of Wq,Wk,Wv and N (0, d−2). Fig. 4(a) depicts
the Wasserstein distances between Wq,Wk,Wv and N (0, d−2) across all layers of Llama-3-8B-Instruct, whereas
Fig. 4(b) presents the corresponding distances for Mistral-7B-Instruct.

where dh is the per-head feature dimension. This
rank-budget form is the long-context approxima-
tion of the exact cache-memory ratio because the
coefficient matrices dominate the small basis ma-
trices when s ≫ dh. In practice, we perform a grid
search over pInfo, derive the minimum key/value
rank for each layer, and keep the largest value that
satisfies the budget. Appendix P gives the full pro-
cedure, and Appendix O details the randomized
low-rank solver used after prefill.

We next describe per-head compression after
the layer-wise ranks are chosen. Let dh = d/h be
the feature dimension of each attention head. For
head i, the standard cache stores Ki, Vi ∈ Rs×dh .
Given a new query qi ∈ R1×dh , standard attention
computes

Pi = qiK
T
i , Oi = softmax

(
Pi√
dh

)
Vi. (3)

The outputs of all heads are then concatenated.
LLM inference is commonly separated into a

prefill stage and a decode stage. The prefill stage is
computationally intensive, while the decode stage
is mainly limited by memory and bandwidth. Our
algorithm optimizes the KV cache in the decode
stage. Exploiting the empirical low-rank structure
of the prefill cache, we approximate the transposed
key and value caches as

KT
i ≈ AKiBKi , V T

i ≈ AViBVi , (4)

where AKi , AVi ∈ Rdh×ri have orthonormal
columns, BKi , BVi ∈ Rri×s store token-wise co-
efficients, and ri ≪ dh. Appendix H summa-
rizes the SVD notation underlying this factoriza-
tion. The compression ceiling is bounded by dh,
so AURA-KV is best viewed as a complementary
feature-dimension compressor; Appendix S dis-
cusses this scope. The process is shown in Fig. 1.

The compressed attention computation be-
comes

Pi = (qiAKi)BKi ,

Oi =
[
softmax

(
Pi√
dh

)
BT

Vi

]
AT

Vi
.

For a newly generated token t, we append only
low-dimensional coefficients to the cache:

1. Split by head. Decompose the new key and
value into head-specific vectors:

kt = concatenate(k1,t, k2,t, . . . , kh,t),
vt = concatenate(v1,t, v2,t, . . . , vh,t);

2. Project into the low-rank bases. Because
AKi and AVi are orthonormal, the least-
squares coefficients reduce to simple projec-
tions:

bKi,t = AT
Ki
ki,t, bVi,t = AT

Vi
vi,t.

3. Append coefficients. Update the compressed
caches:

BKi,t = concatenate(BKi,t−1, bKi,t),

BVi,t = concatenate(BVi,t−1, bVi,t).

Thus the compressed cache grows with ri rather
than dh per token, while the bases are stored once
per layer and head. Our algorithm can be summa-
rized as the pseudo-code in Appendix B. The stor-
age and computational ratios are approximately
r/d when the sequence length is large; Appendix I
provides the detailed accounting.
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Table 1: Average latency per attention layer for token
generation. Both the compression rates for AURA-KV
and Palu are 50%. AURA-KV + KV Comp. indi-
cates using our method to retain half after compress-
ing the KV size to 2048. Mistral-7B, Longchat-7B and
Llama represent Mistral-7B, Longchat-7B and Llama-
3-8B, respectively.

Model Baseline Palu AURA-KV AURA-KV+
KV Comp.

Mistral-7B 1.00× 1.30× 2.75× 3.23×
Longchat-7B 1.00× 1.02× 1.89× 2.13×
Llama3-8B 1.00× 1.03× 1.93× 2.02×

4 Experiments

4.1 Models and datasets

We evaluate AURA-KV on Llama-3-8B-Instruct
(Dubey et al., 2024), Mistral-7B-Instruct (Jiang
et al., 2023), and LongChat-7B (Li et al., 2023).
Our main quality evaluation uses LongBench (Bai
et al., 2024), which contains 17 tasks covering
single-document QA (Kočiskỳ et al., 2018; Dasigi
et al., 2021), multi-document QA (Yang et al.,
2018; Ho et al., 2020), summarization (Huang
et al., 2021; Zhong et al., 2021; Fabbri et al.,
2019), few-shot learning (Joshi et al., 2017; Gliwa
et al., 2019), synthetic reasoning, and code com-
pletion (Guo et al., 2023; Liu et al., 2023). Most
LongBench inputs contain 5k–15k tokens, mak-
ing the benchmark suitable for evaluating long-
context cache compression. We report category av-
erages and the overall average, where higher is bet-
ter. We organize the existing experiments around
three questions: whether feature-dimension com-
pression reduces decoding cost, whether it pre-
serves long-context quality compared with low-
rank baselines, and whether it can be used as a
second-stage compressor with token eviction or
quantization.

4.2 Efficiency and quality on long-context
benchmarks

Decoding efficiency. Table 1 reports average
per-layer decoding latency. At the same 50%
rank budget, AURA-KV is consistently faster than
Palu, reaching 2.75×, 1.89×, and 1.93× speedups
on Mistral-7B, LongChat-7B, and Llama-3-8B,
respectively. The main implementation differ-
ence is that Palu applies a learned/estimated pro-
jection around the KV representation, whereas
AURA-KV factorizes the already rotated cache
and keeps decoding in the compressed post-RoPE

space. This avoids full-dimensional reconstruc-
tion during decoding and lets the rank budget vary
by layer and by key/value cache; Appendix E gives
a side-by-side comparison. When AURA-KV is
applied after token-level KV-size reduction, the
speedup further increases to 3.23×, 2.13×, and
2.02×. This shows that the compressed represen-
tation reduces the cost of the decoding path, not
only the cache footprint. Table 7 reports the one-
time prefill overhead of the low-rank solver, and
Appendix R gives the corresponding complexity
discussion.
Long-context quality. Table 2 compares
AURA-KV with Palu at 70% and 50% rank
budgets. AURA-KV achieves stronger average
accuracy in nearly all model/budget settings, with
the largest gains appearing under more aggressive
compression. For example, on Llama-3-8B at the
50% budget, Palu drops to 28.11 average while
AURA-KV retains 38.55. Appendix L reports
additional Palu results when it is combined with
token-eviction methods. At the 70% budget,
AURA-KV often matches the full-cache baseline
and sometimes gives small positive deltas; we
interpret these as robustness under moderate com-
pression rather than as a primary improvement
claim. In addition, Appendix K reports additional
compression ratios and results on RULER and
InfiniteBench. Appendix Q reports newer model
versions and additional low-rank baselines, with
baseline coverage summarized in Appendix Q.2.
Thus the empirical suite covers feature-rank
compression, token eviction, quantization, and
two long-context stress benchmarks, although we
still leave same-hardware reproduction of ThinK
and LoRC to future work.

Overall, performance decreases as the retained
rank falls from 70% to 50%, but the degradation is
substantially smaller for AURA-KV than for Palu.
This supports the two design choices in Section 3:
compressing the post-RoPE cache directly and al-
locating rank adaptively across layers.

4.3 Compositional compression

We report the KV-cache memory after two-stage
compression in Table 3 and combine AURA-KV
with four token-eviction baselines: H2O (Zhang
et al., 2023), StreamLLM (SLM) (Xiao et al.,
2023b), SnapKV (SKV) (Li et al., 2024), and Pyra-
midKV (PKV) (Cai et al., 2024). Table 4 shows
the results on Llama-3-8B. Because these meth-
ods reduce the sequence dimension while AURA-

51184



Table 2: Results on LongBench, with each column displaying average scores across tasks.

Model Method
Comp. Multi- Single- Summa-

Few-Shot Code Synthetic Avg.
Ratio QA QA rization

Mistral-7B

Baseline 1.00x 36.13 39.53 25.17 69.35 57.33 50.00 45.32

Palu-70%
1.43x

38.36 38.88 27.40 67.45 56.51 47.20 45.23
AURA-KV-70% 38.37 39.82 26.65 69.32 60.91 50.00 46.52

Palu-50%
2.00x

33.64 38.04 23.83 67.47 54.77 33.5 41.59
AURA-KV-50% 34.24 32.91 24.43 69.41 57.37 34.02 41.61

Longchat-7B

Baseline 1.00x 23.95 31.12 26.74 63.80 56.91 15.25 36.32

Palu-70%
1.43x

22.42 29.43 25.52 62.87 58.99 14.25 35.45
AURA-KV-70% 24.24 30.96 26.64 63.31 57.14 15.00 36.29

Palu-50%
2.00x

22.61 25.33 22.73 60.12 43.52 6.84 30.82
AURA-KV-50% 23.50 26.28 16.80 61.57 49.38 10.21 31.48

Llama-3-8B

Baseline 1.00x 34.59 32.19 24.95 68.48 54.41 36.96 41.46

Palu-70%
1.43x

25.05 30.35 24.20 69.69 40.05 31.81 36.98
AURA-KV-70% 35.45 33.29 24.54 66.94 56.71 37.36 41.80

Palu-50%
2.00x

25.50 28.54 20.90 64.55 15.66 8.5 28.11
AURA-KV-50% 31.89 33.13 22.41 65.60 45.41 33.48 38.55

Table 3: KV-cache memory for Llama-3-8B under
sequence-length and rank-ratio compression. KV Size
= 2048 applies a token-level cache budget before
feature-dimension compression.

KV Size
Rank Comp.

Memory
Ratio Ratio

Full KV
100% 100% 6848M
70% 70% 4793M
50% 50% 3424M

KV Size = 2048
100% 25.0% 1712M
70% 17.5% 1198M
50% 12.5% 856M

KV reduces the feature dimension, they are natu-
rally composable. After reducing KV size to 2048
tokens, applying AURA-KV at 70% rank usually
preserves the original score within a small range,
while 50% rank yields much larger memory reduc-
tion with more visible but controlled quality loss.
Appendix M extends the compatibility study to
Mistral-7B-Instruct, and Appendix N reports com-
binations with KV-cache quantization.

4.4 Ablations and prefill overhead

Adaptive rank allocation. The adaptive budget
in Eq. 2 is intended to spend rank where the
cached spectrum is less concentrated, instead of
forcing every layer to use the same feature di-
mension. Table 5 compares AURA-KV with uni-
form compression (UC), where each layer receives

the same compression ratio. The adaptive policy
consistently improves LongBench averages, with
larger gains at the more aggressive 50% budget:
+4.04 on Mistral-7B, +3.99 on LongChat-7B, and
+4.59 on Llama-3-8B. This ablation supports the
use of layer-wise spectral allocation rather than
treating the cache as equally compressible across
depth. Table 6 further shows representative ranks
selected by the adaptive policy. The selected ranks
are not constant across layers or between keys
and values, which is consistent with the layer-
wise spectral variation observed in Fig. 2. For ex-
ample, in the 50% budget, the selected key rank
drops from 78 at Layer 11 to 45 at Layers 22 and
28, while value ranks follow a different pattern.
This non-uniformity is useful in practice because it
converts a single global memory target into layer-
specific rank choices without hand-tuning a sched-
ule for each model. Appendix P additionally plots
the full key/value rank schedules across all layers.

Prefill overhead. AURA-KV computes low-
rank bases once after the prompt prefill and then
reuses them throughout decoding. The extra prefill
cost is therefore paid once per request, while the
latency benefit in Table 1 applies at every decod-
ing step. Table 7 shows that the randomized low-
rank solver reduces prefill throughput by about
45% on Llama-3-8B-Instruct, which is small rela-
tive to the repeated decoding-time savings in long-
generation settings. This separation between one-
time prefill work and repeated decode acceleration
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Table 4: Performance comparison of our method combined with PyramidKV (PKV), SnapKV (SKV), H2O,
StreamingLLM (SLM) (KV Size = 2048), and FullKV (FKV) on LongBench for Llama-3-8B. R& Q stands for
Low rank compression and Quantization. AURA KV, combined with KV size reduction methods, significantly
reduces storage requirements with minimal performance degradation.

Method

Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code

Avg.
NrtvQA

Qasper
MF-en

HotpotQA

2WikiMQA

Musique

GovReport

QMSum

MultiN
ews

TREC
TriviaQA

SAMSum
PCount

PRe Lcc
RB-P

18409 3619 4559 9151 4887 11214 8734 10614 2113 5177 8209 6258 11141 9289 1235 4206

Llama-3-8B-Instruct, Full KV

100%Rank 25.70 29.75 41.12 45.55 35.87 22.35 25.63 23.03 26.21 73.0 90.56 41.88 4.67 69.25 58.05 50.77 41.46
70%Rank 25.24 35.21 39.41 46.22 37.7 22.42 24.22 23.22 26.18 71.5 90.07 39.24 5.71 69.00 59.69 53.72 41.80
50%Rank 24.52 36.16 38.72 43.72 31.09 20.85 18.97 22.47 25.78 72.5 87.94 36.36 5.76 61.19 47.16 43.66 38.55
50%R&Q 23.31 32.92 39.42 43.27 32.72 20.99 17.93 21.0 22.48 70.5 87.39 36.64 6.10 68.75 49.32 41.11 38.36

Llama-3-8B-Instruct, Pyramid KV, KV Size=2048

100%Rank 25.40 29.71 40.25 44.76 35.32 21.98 26.83 23.30 26.19 73.0 90.56 42.14 5.22 69.25 58.76 51.18 41.49
70%Rank 25.91 34.62 39.86 45.73 40.82 22.61 26.18 23.20 26.65 71.5 90.20 40.70 5.73 69.25 59.85 53.46 42.27
50%Rank 23.68 33.56 34.92 42.26 34.23 21.03 23.03 22.41 25.56 72.0 87.73 37.35 5.33 68.79 56.10 49.91 39.87
50%R&Q 23.29 33.31 33.87 41.38 35.12 20.34 22.73 21.95 25.41 72.0 87.60 35.42 5.02 68.67 55.50 48.34 39.37

Llama-3-8B-Instruct, SnapKV, KV Size=2048

100%Rank 25.86 29.55 41.10 44.99 35.80 21.81 25.98 23.40 26.46 73.5 90.56 41.66 5.17 69.25 56.65 49.94 41.35
70%Rank 25.72 33.14 37.96 45.41 37.15 20.08 22.88 22.17 25.49 70.0 89.43 39.40 6.12 69.00 57.16 50.87 40.75
50%Rank 24.75 27.41 38.07 44.95 34.03 21.39 15.21 21.03 20.25 68.0 88.39 36.19 6.00 69.00 44.96 38.48 37.38
50%R&Q 24.07 27.42 39.26 43.71 33.63 21.07 15.51 20.53 20.76 68.0 88.75 34.32 5.58 68.36 44.55 37.45 37.06

Llama-3-8B-Instruct, H2O, KV Size=2048

100%Rank 25.56 26.85 39.54 44.30 32.92 21.09 24.68 23.01 26.16 53.0 90.56 41.84 4.91 69.25 56.40 49.68 39.35
70%Rank 24.52 37.86 40.59 44.83 29.50 19.72 26.06 22.53 26.00 56.5 88.72 40.71 4.34 69.63 55.05 50.73 39.83
50%Rank 22.34 29.56 37.01 36.99 29.40 18.68 18.11 21.02 21.62 52.5 88.95 40.41 4.10 68.75 48.36 35.99 35.86
50%R&Q 23.08 29.61 37.46 36.01 29.60 19.93 17.81 20.18 21.11 52.5 87.83 38.15 4.00 69.0 45.46 35.72 35.46

Llama-3-8B-Instruct, StreamingLLM, KV Size=2048

100%Rank 21.71 25.78 38.13 40.12 32.01 16.86 23.14 22.64 26.48 70.0 83.22 31.75 5.74 68.50 53.50 45.58 37.82
70%Rank 21.78 26.10 38.48 40.60 32.96 16.23 23.37 21.37 26.48 68.0 85.42 35.19 6.00 69.00 53.07 45.22 38.08
50%Rank 22.33 26.29 33.13 26.90 22.87 14.13 24.40 21.82 24.93 71.0 87.18 37.19 5.88 48.21 48.13 44.41 34.92
50%R&Q 23.34 26.42 33.06 25.93 18.46 12.37 25.02 21.66 25.58 71.5 88.16 38.00 5.57 42.44 48.67 43.61 34.36

Table 5: Ablation of adaptive rank allocation on Long-
Bench. UC denotes uniform compression with the
same rank ratio in every layer.

Method Comp. Mistral LongChat Llama

Baseline 1.00x 45.32 36.32 41.46

AURA-KV-70% 1.43x 46.52 36.29 41.80
UC-70% 1.43x 44.57 35.57 41.57

AURA-KV-50% 2.00x 37.61 31.27 38.55
UC-50% 2.00x 33.57 27.28 33.96

Table 6: Representative layer-wise ranks selected by
AURA-KV on the Llama-3-8B-Instruct setting. We re-
port Key/Value ranks as “K / V”.

Layer 5 11 17 22 28 31

70% (K / V) 82 / 119 94 / 122 89 / 114 68 / 110 68 / 102 65 / 108
50% (K / V) 70 / 93 78 / 87 73 / 81 45 / 68 45 / 61 53 / 69

is important for serving: AURA-KV is most at-
tractive when the generation length or batch con-
currency makes KV-cache bandwidth the bottle-
neck. The reported compressed prefill throughput
includes both key and value dimensionality reduc-
tion for the entire prefill cache, so it directly mea-
sures the operation added after prefill rather than

Table 7: Prefill throughput on Llama-3-8B-Instruct
(A40, tokens/s). The compressed setting includes the
one-time LOWRANKSOLVER cost.

Ctx. Standard w/ AURA-KV Drop
Prefill Compr.

4k 232.59 220.96 ∼5.0%
16k 242.31 232.62 ∼4.0%

only the subsequent decode path.
Fixed-basis decoding. All reported results use
the fixed bases computed after prefill; Appendix T
discusses this assumption and its limitations.

5 Conclusion
We presented AURA-KV, a training-free low-rank
approximation method for efficient long-context
LLM inference. By compressing the post-RoPE
KV cache and allocating layer-wise ranks under a
global memory budget, AURA-KV reduces cache
memory and decoding cost while preserving long-
context quality. The method is complementary to
token eviction and quantization, making it a prac-
tical second-stage compression module.
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6 Limitations

Our theoretical analysis is intentionally idealized:
it studies a simplified attention layer and does
not fully model LayerNorm, residual connections,
MLP blocks, or trained-weight dependencies. The
Gaussian-weight assumption is used only as moti-
vation, so the proposition should be interpreted as
an explanatory lens rather than a necessary condi-
tion for AURA-KV. The main evidence for practi-
cal effectiveness comes from empirical rank allo-
cation and ablations.

Since AURA-KV compresses the head dimen-
sion, its stand-alone compression ratio is bounded
by the per-head dimension, e.g., dh = 128 in our
main models; larger reductions require combina-
tion with token pruning or quantization. The cur-
rent implementation keeps the prefill basis fixed
during decoding, and periodic basis refresh for
very long generations remains untested. Aggres-
sive rank budgets may degrade accuracy, while
small positive deltas from compression are not
fully explained.

Our controlled comparisons cover Palu and
Eigen Attention, while reproducing ThinK and
LoRC under identical kernels and hardware is left
to future work. We have not evaluated Qwen-
family models, and our newer-model evidence is
limited to Llama-3.1-8B-Instruct and Mistral-7B-
Instruct-v0.3. Although we include several long-
context benchmarks, we do not provide dedicated
multilingual, code-generation, safety, or bias eval-
uations.

7 Ethical Statement

AURA-KV is a training-free KV-cache compres-
sion method intended to improve inference effi-
ciency, not safety or alignment. We use public
models and benchmarks, do not collect personal
data, and do not redistribute third-party weights or
datasets.

Lower memory and latency may benefit long-
context applications, but can also reduce the cost
of misuse. The method does not address toxicity,
misinformation, privacy leakage, or unsafe genera-
tion, so deployments should include content filter-
ing, abuse monitoring, rate limiting, human over-
sight, and task-specific audits. Compression may
also introduce input-dependent deviations across
languages, tasks, or groups; our benchmarks do
not certify fairness or safety. Environmentally,
AURA-KV may reduce decoding-time compute

and memory, but actual savings depend on hard-
ware and workload.
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A Proof of Proposition 2.1

Step 1. l + 1−th layer i−th token can be shown as

x
(l+1)T
i = softmax

(
x
(l)T
i W T

q RT
i RoPE(WkX

(l)
1:i)

)
X

(l)T
1:i W T

v , (5)

where x
(l+1)
i , x

(l)
i , X

(l)
1:i , Ri,RoPE(·), means i−th token in l + 1-th layer, i−th token in l-th layer,

[x
(l)
1 , x

(l)
2 , . . . , x

(l)
i ] ∈ Rd×i, i-th RoPE matrix, RoPE transformation, respectively. For convenience,

we denote

s1:i =
[
exp

(
x
(l)T
i W T

q RT
i RîWkx

(l)

î

)]
î≤i

∈ Ri (6)

Thus, x(l+1)
i can be written as

x
(l+1)T
i = WvX

(l)
1:is1:i, (7)

where s1:i is tensor slicing. And we have

E(∥x(l+1)
i ∥2) = E

(
sT1:iX

(l)T
1:i W T

v WvX
(l)
1:is1:i

)
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(8)

Since Wv,n,m ∼ N (0, 1/d2), we have

E(W T
v Wv) =

1

d
I, (9)

where I is identity matrix. Thus, E(∥x(l+1)
i ∥2) can be written as

E(∥x(l+1)
i ∥2) = 1

d
E
(
sT1:iX

(l)T
1:i X

(l)
1:is1:i

)
. (10)

Besides, we have

E(∥x(l+1)
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2
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(11)

Thus, according to chebyshev’s inequality (Saw et al., 1984), we have

P
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Thus,
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Thus, with probability at least 1−O(1/(d2ϵ21)), we have
∣∣∣∣∣∣

d∥x(l+1)
i ∥2

E
(
sT1:iX

(l)T
1:i X

(l)
1:is1:i

) − 1

∣∣∣∣∣∣
< ϵ1, (14)

which implies that with probability at least 1−O(1/(d2ϵ2)) the following holds,

1
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i ∥

>


 d
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1
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Similarly, since

cos⟨x(l+1)
i , x

(l+1)
j ⟩ = cos⟨WvX

(l)
1:is1:i,WvX

(l)
1:js1:j⟩ (16)

we obtain the following similar result, for any ϵ2 > 0, with probability at least 1−O(1/(d2ϵ22))
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which implies
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Thus, we have
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Combining (15) and (18), with probability at least 1−O(1/(d2ϵ21))−O(1/(d2ϵ22)), we have
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step2: Similarly,
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For convenience, we denote

Aî,ĵ = x
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î
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Due to Wk is normal matrix random variable, according to eigen function(Lévy, 1925) we have
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î,ĵ
)

))
. (25)

Furthermore, we have
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Due to x
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Furthermore, we have
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It is worth noting that
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Thus, we have
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where ∆ ∈ O(1/d) is a minor perturbation.
We notice that

∣∣∣1T1:iX
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1:i X
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∣∣∣
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= | cos⟨x̄(l)i , x̄

(l)
j ⟩|, (33)

and we denote ϵ21/4− ϵ1 − ϵ2 + ϵ1ϵ2 − ϵ21ϵ2/4 = −ϵ ,thus, eqn 32 can be written as
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Therefore, we choose ϵ1, ϵ2 such that ϵ
∣∣∣| cos⟨x̄(l)i , x̄

(l)
j ⟩| − |∆|

∣∣∣ ϵ < |∆|, we have

| cos⟨x(l+1)
i , x

(l+1)
j ⟩| > | cos⟨x̄(l)i , x̄

(l)
j ⟩| − 2|∆|, (35)

where 2|∆| ∈ O(1/d) and complete the proof.

B Algorithm Framework

Algorithm 1 AURA-KV

1: Input: Initial caches {Ki,0, Vi,0}hi=1, prefill length T , target key/value ranks {rKi , rVi }hi=1, buffer B,
head dimension dh.

2: for t = 1, . . . , n do
3: qt = concatenate(q1,t, q2,t, . . . , qh,t)
4: for each head i in parallel do
5: if t < T then
6: Append ki,t and vi,t to the full caches Ki,t−1 and Vi,t−1;
7: Pi = qi,tK

T
i,t; Oi = softmax(Pi/

√
dh)Vi,t

8: else if t == T then
9: Append ki,t and vi,t to the full caches;

10: Pi = qi,tK
T
i,t; Oi = softmax(Pi/

√
dh)Vi,t

11: AKi , BKi = LOWRANKSOLVER(KT
i , r

K
i );

12: AVi , BVi = LOWRANKSOLVER(V T
i , rVi );

13: Replace Ki, Vi in B with AKi , BKi , AVi , BVi ;
14: else
15: Append AT

Ki
ki,t and AT

Vi
vi,t to BKi and BVi ;

16: Pi = (qi,tAKi)BKi ;
17: Oi = [softmax(Pi/

√
dh)B

T
Vi
]AT

Vi
.

18: end if
19: end for
20: O = concatenate(O1, O2, . . . , Oh).
21: end for
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C Related work

KV Cache Compression. KV-cache compression
methods can be grouped by what they remove or
approximate. Token eviction methods reduce the
sequence dimension by retaining important cached
positions: H2O keeps heavy-hitter tokens (Zhang
et al., 2023), StreamLLM preserves attention-
sink tokens for streaming generation (Xiao et al.,
2023b), SnapKV selects head-specific prompt po-
sitions (Li et al., 2024), and PyramidKV allo-
cates different cache budgets across layers (Cai
et al., 2024). Quantization methods instead re-
duce the precision of cached activations, as in
KVQuant, KIVI, and GEAR (Hooper et al., 2024;
Zirui Liu et al., 2023; Kang et al., 2024). These
approaches are effective but largely orthogonal to
feature-dimension compression.

Low-rank KV-cache methods compress the fea-
ture dimension of keys and values. Palu projects
cached states into a lower-dimensional space
(Chang et al., 2024), while Eigen Attention per-
forms attention in a low-rank subspace (Saxena
et al., 2024). LoRC and ThinK further explore pro-
gressive low-rank compression and query-driven
channel pruning (Zhang et al., 2024; Xu et al.,
2024). More recently, xKV exploits cross-layer
redundancy by extracting aligned singular-vector
subspaces from grouped layers, thereby sharing
low-rank representations across layers rather than
compressing each layer independently (Chang
et al., 2025). AURA-KV differs in two respects.
First, it compresses the post-RoPE cache directly,
avoiding repeated full-dimensional reconstruction
during decoding. Second, it uses adaptive layer-
wise rank allocation under a global memory bud-
get, rather than relying on a fixed layer grouping
or a uniform rank across layers. Appendix E gives
a more detailed complexity comparison.

Moreover, recent parallel work explores hierar-
chical decoding-time KV-cache budget allocation
for reasoning models (Liu et al., 2026).

Cone Effect. The cone effect describes
anisotropic clustering of high-dimensional repre-
sentations. It has been studied in neural networks
and representation learning, where normalization,
architectural bias, and contractive mappings can
shape the angular distribution of hidden states
(Huang et al., 2023; Li et al., 2020; Liu et al., 2022;
Liang et al., 2022). We use this line of work to
motivate why deeper Transformer representations
may become easier to approximate with fewer

spectral components. Our analysis is intentionally
idealized, and our empirical rank-allocation abla-
tions serve as the primary validation that this mo-
tivation is useful for KV-cache compression.

D Assumption Demonstration on
Longchat

As illustrated in Fig. 5, the Wasserstein dis-
tance between the empirical coefficient distribu-
tion Wq,Wk,Wv and the reference normal distri-
bution N (0, d−2) for each layer of LongChat re-
mains on the order of 10−3. This close marginal
alignment provides additional support for using
the Gaussian model as an idealized approximation
across multiple model architectures, but it does not
establish that the assumption holds universally or
for all normalization and initialization choices.

E Comparison with Eigen Attention and
Palu

This appendix clarifies the difference between
AURA-KV and the closest low-rank baselines.
Palu is the most direct empirical baseline in
our experiments because it also targets feature-
dimension compression of the KV cache. The dif-
ferences are summarized in Table 8.

Eigen Attention and Palu project keys into a
lower-dimensional space before or around posi-
tional processing. Let K̂ = UkK denote the low-
dimensional key cache. When RoPE must be ap-
plied in the original feature dimension, these meth-
ods require a reconstruction or remapping step dur-
ing inference. The attention score can be written
schematically as

qTi K = xTi W
T
q RT

i RoPE(UT
k K̂), (36)

where the computational complexity is O(d2+d+
srdh + ds). AURA-KV instead performs the low-
rank approximation directly on the post-RoPE key
cache. The corresponding attention score is

qTi K = xTi W
T
q RiAKBK , (37)

where the computational complexity is O(d2+d+
dr + rs). For long contexts, the sequence length
s is the dominant factor, so avoiding the sr2 and
ds reconstruction-related terms reduces decoding
overhead. This is the main source of AURA-KV’s
latency advantage in Table 1.
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Figure 5: The Wasserstein distance between Longchat weights of Wq,Wk,Wv and N (0, d−2)

Table 8: Key implementation and modeling differences between AURA-KV and Palu/Eigen-style low-rank KV-
cache compression.

Aspect Palu / Eigen-style low-rank attention AURA-KV

Compression target Projects cached representations into a re-
duced space before or around positional pro-
cessing.

Factorizes the post-RoPE key and value caches
that are actually used during decoding.

RoPE handling May require reconstruction or remapping to
apply RoPE in the original feature dimen-
sion.

Avoids reconstructing full-dimensional rotated
caches after prefill; attention is computed directly
with AK , BK , AV , BV .

Rank policy Uses a fixed retained dimension or a less ex-
plicit global rank schedule.

Selects separate key/value ranks per layer through
ADAPTIVERANKSEARCH under a global cache
budget.

Decode update Stores and updates compressed states ac-
cording to the baseline projection rule.

Keeps the learned prefill bases fixed and appends
only coefficients A⊤

Ki
ki,t and A⊤

Vi
vi,t for new to-

kens.
Empirical role Serves as a direct low-rank baseline under

matched rank budgets.
Improves latency and LongBench accuracy under
the same 70% and 50% budgets in Tables 1 and 2.

F Relation to channel pruning and
progressive low-rank compression.

ThinK (Xu et al., 2024) focuses on query-driven
channel pruning, selecting a subset of original
feature channels according to query interactions.
AURA-KV instead uses subspace projection: it re-
places the original coordinate axes with a low-rank
basis estimated from the cached states. This dis-
tinction matters when features are correlated, be-
cause preserving principal directions can retain in-
formation that is spread across many original chan-
nels. LoRC (Zhang et al., 2024) also studies low-
rank cache compression, but AURA-KV differs
in its post-RoPE factorization and in its explicit
global rank-budget allocation. These differences
are reflected in the implementation goal: keep

the decode path in the compressed space while
making the rank schedule data-driven and layer-
dependent.

G KV Compression Methods
Compatible with AURA-KV

We primarily compare our approach with four
mainstream KV cache algorithms. More impor-
tantly, our algorithm can be integrated with these
four algorithms to jointly improve the compres-
sion rate.

StreamLLM (SLM). StreamingLLM is an effi-
cient framework that leverages the attention sink
phenomenon to improve the generalization of
LLMs to longer texts. It allows LLMs trained with
a finite length attention window to process infinite

51195



sequence lengths without any fine-tuning. The key
idea is to cache the key and value states (KV) of
initial tokens, which are found to be the attention
sinks, and use them during the decoding process.
This approach reduces memory consumption and
improves model performance in streaming appli-
cations.

Heavy Hitter Oracle (H2O). The H2O algo-
rithm identifies a small portion of tokens, called
Heavy Hitters (H2), which contribute most of the
value when computing attention scores in Large
Language Models (LLMs). By removing these
H2, the algorithm significantly reduces the mem-
ory footprint of the KV cache, improving the effi-
ciency of LLMs. The authors demonstrate that the
emergence of H2 is natural and strongly correlates
with the frequent co-occurrence of tokens in the
text.

SnapKV (SKV). SnapKV is an innovative ap-
proach that optimizes the performance of Large
Language Models (LLMs) by efficiently minimiz-
ing the Key-Value (KV) cache size. The approach
leverages the consistent focus of attention heads
on specific prompt attention features during gener-
ation, which can be obtained from an ’observation’
window at the end of prompts. SnapKV automati-
cally compresses KV caches by selecting clustered
important KV positions for each attention head, re-
ducing the computational overhead and memory
footprint when processing long input sequences.

PyramidKV (PKV). The PyramidKV algo-
rithm is a dynamic KV cache compression method
that leverages the observed Pyramidal Information
Funneling pattern in large language models. The
algorithm adjusts the KV cache size across differ-
ent layers, allocating more cache in lower layers
and less in higher ones. This approach signifi-
cantly reduces memory usage while maintaining
performance comparable to models with a full KV
cache. The algorithm can be integrated into exist-
ing large language models to optimize their mem-
ory usage and improve efficiency.

Full KV (FKV). KV cache stores all previous
keys and values until the cache is full and then
evicted.

H SVD Decomposition

SVD is a mathematical technique that decomposes
a matrix into three distinct components, facilitat-
ing significant reductions in dimensionality and
storage, and is especially useful in the context of

large-scale data processing. For a given matrix K,
SVD allows it to be expressed as the product of
three matrices: U , Σ, and CT 1, where U and C
are orthogonal matrices, and Σ is a diagonal ma-
trix containing the singular values of K.

We focus on compressing the matrix to save
storage and computation, we approximate K us-
ing a truncated SVD. This involves reducing K to
its most significant singular values and correspond-
ing vectors. Specifically, the matrix K can be ap-
proximated as K ≈ AKBK , where AK = Ur

and BK = ΣrC
T
r . Here, Σr contains only the

r-largest singular values, and Ur and Cr are the
corresponding left and right singular vectors. We
can consider the matrix AK as a mapping from a
high-dimensional space to an r-dimensional space,
while BK represents an approximate representa-
tion of the original matrix K in this r-dimensional
space. Similarly, we can perform the same opera-
tion for the matrix V .

I Storage and Computation Analysis

In this section, we will conduct a theoretical anal-
ysis for our algorithm using multi-head attention,
which is the most commonly used in LLM. We
first present the storage and computation account-
ing for multi-head attention. We then connect the
idealized cone-effect proposition to the empirical
motivation for adaptive rank allocation.

Storage Overhead. In the standard KV cache
algorithm, assuming there are h heads in the multi-
head attention mechanism, the primary distinction
between multi-head and single-head attention lies
in how the hidden dimensions of the K and V ma-
trices are divided. Specifically, in multi-head at-
tention, the hidden dimensions of both the K and
V matrices are evenly distributed across h heads,
with each head’s matrix having a shape of d

h×s. In
contrast, our algorithm employs low-rank matrices
AK , BK , AV , and BV to approximate the original
K and V matrices. Denote Γstorage as the storage
ratio of standard KV cache to our algorithm, we
can get

Γstorage =
(2s r

h + 2 dr
h2 )h

2sh d
h

=
r

sh
+

r

d
≈ r

d
.

In practical applications, s is significantly greater
1Typically, the matrices in SVD are denoted by U , Σ, and

V . However, in this paper, the Value Matrix is also repre-
sented by V . To avoid confusion, we use C to represent the
V matrix in the SVD.
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Table 9: Comparison with Eigen Attention (Saxena
et al., 2024) under the same rank budgets on Long-
Bench. Higher is better.

Model Base AURA-KV-70% Eigen-70% AURA-KV-50% Eigen-50%

Llama-3-8B 41.46 41.80 37.21 38.55 31.71
Mistral-7B 45.32 46.52 43.12 41.61 36.16
LongChat-7B 36.32 36.29 33.31 31.48 24.91

than r/h, allowing us to disregard the first term as
negligible.

Computational Overhead. Recall that in the
standard KV cache algorithm, for each head, we
need to do two 1 × d

h vectors and d
h × s matrix

multiplications in the stage of calculating atten-
tion and no extra computation in the stage of stor-
ing the key and value of the new token. While
in our algorithm, since we use low-rank matrices
AK , BK , AV , BV to approximate the K and V ma-
trices respectively, we need two multiplications be-
tween 1 × d

h vector and d
h × r

h matrix, and two
multiplications between 1 × r

h vector and r
h × s

matrix in the stage of calculating attention, in the
stage of storing the key and value of the new token,
we need two multiplications between 1× d

h vector
and d

h × r
h matrix.

Denote Γcomputation as the storage ratio of the
standard KV cache to our algorithm, we can get

Γcomputation =
h(2 dr

h2 + 2 rs
h + 2 dr

h2 )

2h d
hs

=
2r

sh
+

r

d
≈ r

d
.

J Comparison with low-rank alternatives

AURA-KV belongs to the same broad family as
low-rank KV-cache methods, but the comparison
in Table 9 highlights why the design details mat-
ter. Eigen Attention also performs attention in a
reduced subspace, yet it applies a fixed low-rank
treatment that does not adapt the rank budget to
the layer-wise cache spectra. Under the same 70%
budget, AURA-KV improves the average Long-
Bench score over Eigen Attention by +4.59 on
Llama-3-8B, +3.40 on Mistral-7B, and +2.98 on
LongChat-7B. The gap becomes larger at the 50%
budget, where uniform or poorly allocated feature
compression has less spare capacity to absorb ap-
proximation error.

This comparison also clarifies the role of post-
RoPE compression. Methods that compress a pre-
RoPE representation must still account for rotary-
position transformation during decoding, whereas
AURA-KV factorizes the cache after RoPE has al-
ready been applied. As a result, the decode path
can operate directly on AK , BK , AV , BV without

reconstructing full-dimensional rotated keys and
values. Together with the adaptive allocation in Ta-
ble 5, this gives AURA-KV a practical advantage
over feature-dimension compression schemes that
use a single rank policy across layers.

K AURA-KV with Other Compression
Rate and Benchmarks

Table 10 stress-tests additional rank budgets, keep-
ing only 40% or 60% of the original cache. The
60% budget remains close to the full-cache Long-
Bench averages for Mistral-7B, LongChat-7B, and
Llama-3-8B, while the 40% budget shows the ex-
pected degradation under aggressive compression.
These results are best read as budget-sensitivity
evidence: AURA-KV provides a usable quality-
memory trade-off, but very small ranks are more
task- and model-dependent.

Table 11 provides additional robustness checks
on RULER and InfiniteBench:

• At the 70% budget, RULER scores are es-
sentially unchanged across the three models,
with only small fluctuations around the full-
cache scores.

• InfiniteBench follows the same pattern at
70%, with equal or slightly higher scores in
the reported runs.

• At the 50% budget, degradation becomes vis-
ible, especially on RULER, but the results re-
main informative about the operating range
of the method rather than undermining the
moderate-compression setting.

Together with LongBench, these results support
the main claim for moderate compression and clar-
ify the quality trade-off at more aggressive bud-
gets.

L The Performance of Palu

Compared with our AURA-KV + GEAR results in
Table 6, the Palu-based compression in Table 12
sacrifices noticeably more accuracy at similar or
even milder cache budgets. These numbers show
that, for the same memory savings, AURA-KV
compression preserves overall performance better
than Palu.
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Table 10: Baseline results (%) of AURA-KV compression at 40 % and 60 % budgets.

Model Method Multi-QA Single-QA Summ. Few-Shot Code Synth. Avg.

Mistral-7B AURA-KV-40% 30.27 39.15 29.45 67.64 50.13 29.41 37.91
AURA-KV-60% 35.13 33.93 25.31 69.43 58.42 42.72 44.73

Longchat-7B AURA-KV-40% 21.93 21.00 13.31 55.13 43.14 6.91 27.15
AURA-KV-60% 24.00 28.41 24.13 63.24 55.18 13.12 34.11

Llama-3-8B AURA-KV-40% 22.73 29.91 20.83 61.13 36.11 25.13 34.21
AURA-KV-60% 33.72 33.21 23.71 66.73 52.31 36.31 40.93

Table 11: RULER and InfiniteBench scores (%) after KV-cache compression.

Model Method RULER InfiniteBench

Mistral-7B
Baseline 68.40 22.81
AURA-KV-70% 68.30 22.93
AURA-KV-50% 63.10 19.31

Longchat-7B
Baseline 49.10 15.31
AURA-KV-70% 49.20 15.42
AURA-KV-50% 45.80 13.14

Llama-3-8B
Baseline 87.90 23.01
AURA-KV-70% 88.10 23.06
AURA-KV-50% 81.20 21.10

M Compatibility with Existing Methods
for Mistral

Table 13 shows AURA-KV performance on
Mistral-7B-Instruct when it is combined with
PyramidKV, SnapKV , H2O, and StreamingLLM,
all using the same maximum cache size of 2048
tokens. Using Full KV as the reference (Avg.=
45.32), we observe that incorporating our pro-
posed AURA-KV with token eviction schemes
usually preserves most of the original perfor-
mance, with some small positive deltas in the re-
ported runs. Specifically, coupling with Pyra-
midKV yields the strongest result: at 70% rank,
it reaches 47.57(+2.25), above the full KV 70%-
rank baseline (46.52). When combined with
StreamingLLM, the 70%-rank model attains an
average of 42.70, only 2.62 points below the ref-
erence. For SnapKV, the conservative 70%-rank
setting records 40.90, a moderate decrease of 4.42
given its aggressive eviction policy, while H2O
changes from 39.95 at 100% rank to 40.63 at 70%
rank. These results indicate that, in Mistral-7B-
Instruct, AURA-KV can be combined with token-
eviction strategies to obtain additional cache sav-
ings while keeping accuracy in a practical range.

N Combination with KV Cache
Quantization Techniques

We combined KV-cache quantization techniques
(Zirui Liu et al., 2023; Kang et al., 2024) with
our AURA-KV algorithm, and the results on Long-
Bench are shown in Table 14. Table 14 indi-
cates that when we couple AURA-KV compres-
sion with the KIVI baseline (AURA-KV + KIVI)
and keep only 70 % of the cache, the average Long-
Bench score remains close to the full-cache model;
replacing KIVI with GEAR (AURA-KV + GEAR)
yields a further small positive delta in this setting.
At the harsher 50 % budget, AURA-KV + GEAR
retains noticeably more accuracy than AURA-KV
+ KIVI, suggesting that quantization and feature-
dimension compression are compatible when the
second stage is chosen carefully.

O LowRankSolver Implementation
Details

In Algorithm 1, LOWRANKSOLVER is called once
after prefill for each attention head and for keys
and values separately. The input is a post-RoPE
transposed cache matrix X ∈ Rdh×s, where dh is
the head dimension and s is the prefill length. The
solver returns a basis A ∈ Rdh×r and token-wise
coefficients B ∈ Rr×s such that X ≈ AB. We
implement this operation with a randomized SVD

51198



Table 12: Performance (%) of SNAPKV versus PYRAMID KV under two Palu compression ratios.

Model Method KV Cache Multi-QA Single-QA Summ. Few-Shot Code Synth. Avg.

Mistral-7B
Palu-70% SnapKV 36.76 37.64 25.13 62.23 55.51 41.80 42.89

Pyramid KV 37.13 38.18 27.32 68.13 53.14 40.13 43.04

Palu-50% SnapKV 30.14 35.81 23.81 58.14 51.13 31.14 39.93
Pyramid KV 32.73 36.23 24.73 63.43 52.62 32.52 40.23

Longchat-7B
Palu-70% SnapKV 22.93 28.14 22.41 60.73 58.24 13.24 34.90

Pyramid KV 22.51 29.31 25.88 61.86 58.13 14.11 35.10

Palu-50% SnapKV 22.18 23.19 18.24 58.85 43.91 4.58 27.11
Pyramid KV 22.53 24.19 21.41 60.11 42.56 5.21 28.51

Llama-3-8B
Palu-70% SnapKV 24.14 28.96 22.67 63.71 38.61 29.67 33.21

Pyramid KV 25.01 29.91 23.79 69.79 39.97 31.76 36.16

Palu-50% SnapKV 24.19 26.64 20.97 61.83 15.13 5.10 24.15
Pyramid KV 25.19 28.10 20.74 64.61 14.18 6.40 26.58

Table 13: Performance comparison of our method combined with PyramidKV (PKV), SnapKV (SKV), H2O,
StreamingLLM (SLM) (KV Size = 2048), and FullKV (FKV) on LongBench for Mistral-7B. R& Q stands for Low
rank compression and Quantization. Our approach, when combined with KV size reduction methods, significantly
reduces storage requirements with minimal performance degradation.

Method

Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code

Avg.
NrtvQA

Qasper
MF-en

HotpotQA

2WikiMQA

Musique

GovReport

QMSum

MultiN
ews

TREC
TriviaQA

SAMSum
PCount

PRe Lcc
RB-P

18409 3619 4559 9151 4887 11214 8734 10614 2113 5177 8209 6258 11141 9289 1235 4206

Mistral-7B-Instruct, Full KV

100%Rank 30.35 36.25 52.00 46.21 38.17 24.01 24.86 23.30 27.36 75.0 89.34 43.72 6.00 94.0 57.73 56.93 45.32
70%Rank 28.41 39.27 51.78 49.41 38.07 27.63 29.11 24.33 26.52 74.5 88.27 45.20 3.00 97.0 60.84 60.97 46.52
50%Rank 27.10 32.45 39.18 44.36 34.77 23.61 21.42 24.18 27.69 74.0 88.71 45.52 3.53 64.5 59.75 54.99 41.61
50%R&Q 27.98 32.75 39.50 42.03 34.47 23.52 21.29 24.35 27.05 74.0 88.71 45.41 4.44 63.0 59.56 54.89 41.55

Mistral-7B-Instruct, Pyramid KV, KV Size=2048

100%Rank 29.41 40.27 52.78 50.41 39.07 28.63 30.11 25.33 27.52 75.5 89.27 46.20 4.00 98.0 61.84 61.97 47.51
70%Rank 29.45 40.12 52.56 50.29 39.87 28.80 29.99 25.36 27.58 75.5 89.27 46.57 4.00 98.0 61.48 62.20 47.57
50%Rank 26.90 32.04 49.28 44.86 33.44 23.09 13.23 21.35 19.9 74.0 89.14 40.51 6.41 90.0 53.73 48.35 41.64
50%R&Q 27.14 31.88 48.35 44.73 33.41 23.84 13.21 21.56 19.98 74.0 89.14 40.63 6.50 90.0 53.4 48.39 41.63

Mistral-7B-Instruct, SnapKV, KV Size=2048

100%Rank 25.89 32.93 48.56 42.96 27.42 19.02 26.56 24.47 26.69 70.0 86.27 42.57 5.50 88.90 50.42 46.72 41.56
70%Rank 24.16 35.43 38.75 40.66 34.63 20.99 26.00 22.91 25.99 72.0 88.80 40.37 5.47 76.15 58.60 43.48 40.90
50%Rank 24.41 27.62 38.15 40.47 33.48 18.20 20.42 22.40 21.41 68.0 87.20 40.10 6.00 75.00 36.67 33.84 37.08
50%R&Q 24.39 26.63 37.65 40.32 32.87 18.11 20.47 22.12 21.41 68.0 86.70 39.64 6.00 75.15 36.18 32.99 36.79

Mistral-7B-Instruct, H2O, KV Size=2048

100%Rank 25.76 31.10 49.03 40.76 26.52 17.07 24.81 23.64 26.60 55.0 86.35 42.48 5.50 88.15 49.93 46.57 39.95
70%Rank 25.80 29.01 49.59 42.89 25.32 21.53 25.67 24.22 26.61 53.0 86.56 44.10 5.30 89.25 50.87 46.74 40.63
50%Rank 24.53 28.58 47.65 42.87 25.93 18.42 20.37 13.47 25.74 42.5 85.25 43.26 6.00 79.00 42.55 30.38 36.03
50%R&Q 24.33 28.55 47.35 41.85 25.64 17.96 20.21 12.78 25.14 42.5 85.25 42.87 5.58 79.83 41.97 29.12 35.68

Mistral-7B-Instruct, StreamingLLM, KV Size=2048

100%Rank 25.68 34.05 37.73 44.59 36.17 21.85 25.92 23.29 27.01 73.0 89.95 41.74 4.90 69.33 61.27 54.63 41.94
70%Rank 25.91 30.03 37.75 44.60 36.50 22.18 27.60 23.69 27.04 70.5 89.07 45.93 4.50 79.00 62.20 56.76 42.70
50%Rank 22.12 26.07 36.35 42.96 29.40 18.14 10.30 20.13 19.81 70.5 88.89 40.06 4.89 65.25 54.43 48.39 37.35
50%R&Q 21.89 25.93 35.25 42.45 29.38 18.04 9.75 20.10 19.63 70.5 88.75 39.74 4.43 64.27 53.42 48.21 36.98
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Table 14: Performance (%) of KV compression baselines and our algorithms on six task groups, and higher is
better.

Model Method Multi-QA Single-QA Summ. Few-Shot Code Synth. Avg.

Mistral-7B

AURA-KV-70% +KIVI 36.34 39.15 25.13 69.34 59.03 46.20 45.97
+GEAR 38.36 39.51 26.66 69.30 60.87 48.00 46.12

AURA-KV-50% +KIVI 32.30 33.00 24.41 68.91 56.13 32.32 41.31
+GEAR 34.21 32.93 24.23 69.20 57.12 33.92 41.57

Longchat-7B

AURA-KV-70% +KIVI 23.19 27.00 26.32 63.30 56.98 14.70 35.35
+GEAR 24.27 30.90 26.63 63.32 77.10 14.90 36.52

AURA-KV-50% +KIVI 22.70 25.13 15.90 61.42 48.13 9.13 30.91
+GEAR 23.31 26.32 16.30 60.97 49.18 10.16 31.32

Llama-3-8B

AURA-KV-70% +KIVI 32.13 31.21 23.13 66.40 56.11 37.12 41.01
+GEAR 35.13 33.37 24.51 67.00 56.73 37.14 41.32

AURA-KV-50% +KIVI 30.12 30.14 22.74 65.71 45.31 38.13 38.13
+GEAR 31.72 33.21 22.43 65.50 45.40 33.28 38.54

Algorithm 2 LOWRANKSOLVER for post-RoPE
cache matrices

1: Input: post-RoPE cache matrix X ∈ Rdh×s,
target rank r

2: Output: basis A ∈ Rdh×r, coefficients B ∈
Rr×s

3: Draw a Gaussian random matrix Ω ∈ Rs×r.
4: Form the range sketch Y = XΩ ∈ Rdh×r.
5: Compute a thin QR decomposition Y = QR.

6: Set A = Q[:, 1 : r].
7: Project the cache into the basis: B = A⊤X .
8: return A,B

range finder rather than a full deterministic SVD,
because the cost is linear in s and the operation is
only needed once after prefill.

Implementation notes. For keys, Algorithm 2
is applied to KT

i and returns AKi , BKi ; for val-
ues, it is applied to V T

i and returns AVi , BVi .
The basis matrices are kept fixed during decod-
ing, while each newly generated key/value vec-
tor is appended only through its low-dimensional
coefficients A⊤

Ki
ki,t and A⊤

Vi
vi,t. Thus the full-

dimensional prefill cache can be released after the
solver finishes.

Complexity. The random projection XΩ and co-
efficient projection A⊤X each cost O(dhsr). The
thin QR step costs O(dhr

2), which is smaller in
our setting because r ≪ s. Therefore the one-time
prefill compression cost per head and per cache
type is O(dhsr), linear in sequence length. The
empirical effect of this operation is reported in Ta-
ble 7.

P Clarification on Adaptive Rank
Selection

To make adaptive rank selection reproducible, we
give the exact implementation used to obtain the
key/value ranks in Table 6. For each model, we
first collect post-RoPE prefill caches on an unla-
beled calibration split and compute singular-value
spectra for every layer and cache type c ∈ {K,V }.
In the reported experiments, one key rank rℓ,K and
one value rank rℓ,V are assigned to all heads in the
same layer ℓ; the per-head routine in Algorithm 1
therefore receives these layer-level ranks for every
head in that layer.

Rank from retained energy. For a candidate
information-retention threshold τ , the selected
rank is the smallest rank whose cumulative spec-
tral energy reaches τ :

rℓ,c(τ) = min

{
r :

∑r
i=1 σ

2
ℓ,c,i∑dh

j=1 σ
2
ℓ,c,j

≥ τ

}
, (38)

where σℓ,c,i is the i-th singular value of the calibra-
tion cache matrix for layer ℓ and cache type c.

Budget check. The search uses the retained-
rank ratio

ρ̂(τ) =

∑L
ℓ=1 (rℓ,K(τ) + rℓ,V (τ))

2Ldh
. (39)

A candidate is feasible if ρ̂(τ) ≤ pComp. For finite
sequence length s, the exact stored-cache ratio af-
ter factorization is

ρmem(τ ; s) =

∑L
ℓ=1

∑
c∈{K,V } h(s+ dh)rℓ,c(τ)

2Lhsdh
,

(40)
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Algorithm 3 ADAPTIVERANKSEARCH

1: Input: spectra {σℓ,c}Lℓ=1,c∈{K,V }, rank bud-
get pComp, grid T = {0.99, 0.98, . . .}

2: Output: layer-wise ranks {rℓ,K , rℓ,V }Lℓ=1

3: for each τ in T from high to low do
4: for each layer ℓ and cache type c ∈ {K,V }

do
5: Compute rℓ,c(τ) by Eq. 38.
6: end for
7: Compute ρ̂(τ).
8: if ρ̂(τ) ≤ pComp then
9: Set rℓ,c = rℓ,c(τ) for all ℓ, c.

10: Stop the search.
11: end if
12: end for
13: return {rℓ,K , rℓ,V }Lℓ=1

where the numerator accounts for both the basis
A ∈ Rdh×r and the coefficient matrix B ∈ Rr×s.
Because long-context prefill has s ≫ dh, ρ̂ closely
tracks the dominant coefficient-cache cost, while
ρmem is used when reporting actual memory and
prefill overhead.

The first feasible threshold is the largest feasi-
ble τ because the grid is searched from high to low.
This gives the least aggressive truncation that still
satisfies the global budget. In all reported experi-
ments, the grid step is 0.01 and we start from τ =
0.99; the target budgets are the reported retained-
rank ratios such as pComp = 0.70 and 0.50. Ranks
are clipped to the valid range 1 ≤ rℓ,c ≤ dh. The
calibration pass uses unlabeled prefill caches only
and does not update model weights. Table 6 re-
ports representative ranks, and Fig. 6 plots the full
layer-wise schedules used in the experiments.

Q Additional Experiments and Baseline
Comparisons

We conducted additional experiments on newer
model versions and added controlled comparisons
with closely related low-rank KV-cache methods.

Q.1 Evaluation on Newer Model Versions

We evaluated Llama-3.1-8B-Instruct and
Mistral-7B-Instruct-v0.3 on the LongBench
benchmark (Bai et al., 2024). Results are reported
in Table 15. These runs extend the main Llama-3
and Mistral experiments to more recent check-
points. We have not yet run Qwen-family models,
and therefore do not claim coverage of that model

family.

Observations.

• Robustness. AURA-KV remains robust on
these newer architectures.

• Small positive deltas. On
Llama-3.1-8B-Instruct, AURA-KV-
70% slightly improves the average score
(+0.20) over the full baseline. We interpret
this as robustness under compression rather
than conclusive evidence of a systematic
accuracy improvement.

• Low degradation. On
Mistral-7B-Instruct-v0.3, the per-
formance drop at 70% budget is minor
(≈0.94 points).

Q.2 Scope of Related Low-Rank Baselines

The main paper reports controlled numerical com-
parisons with Palu and Eigen Attention under the
same rank budgets and benchmarks. ThinK (Xu
et al., 2024) and LoRC (Zhang et al., 2024) are
also closely related because they reduce the fea-
ture dimension of KV representations. How-
ever, their compression mechanisms are not iden-
tical to a fixed post-prefill subspace factorization:
ThinK performs query-driven channel pruning,
while LoRC uses a progressive compression strat-
egy. We therefore avoid mixing unmatched num-
bers from different kernels, hardware, and cache-
update policies. Instead, we compare against
the low-rank baselines that can be run under the
same retained-rank setting, and discuss ThinK and
LoRC qualitatively in Section J. Adding a same-
hardware reproduction of ThinK and LoRC is an
important next step for a broader empirical com-
parison.

R Latency and Computational Cost of
Prefill Compression

R.1 Theoretical Computational Cost

As clarified in Appendix O, our LOWRANK-
SOLVER is implemented using randomized SVD,
whose dominant cost is O(dhsr) per head and per
cache type, where dh is the head dimension, s is
the sequence length, and r is the target rank. Cru-
cially, this cost is linear in s, ensuring scalability
to long-context prefill.
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(a) Key ranks across layers. (b) Value ranks across layers.

Figure 6: Full layer-wise rank schedules selected by AURA-KV. UC denotes the uniform-compression baseline,
while Ours denotes the adaptive policy used by AURA-KV.

Table 15: LongBench results on newer model versions. Higher is better.

Model Method Multi-QA Single-QA Summ. Few-Shot Code Synth. Avg.

Mistral-7B-Instruct-v0.3
Baseline 41.30 38.95 27.17 70.70 51.75 49.13 46.01
AURA-KV-70% 42.06 37.11 25.96 68.30 50.83 49.57 45.07
AURA-KV-50% 39.31 35.70 23.27 60.27 45.29 43.92 40.88

Llama-3.1-8B-Instruct
Baseline 25.28 23.70 28.37 69.43 53.02 56.62 41.27
AURA-KV-70% 25.34 23.83 28.51 69.10 54.43 56.97 41.47
AURA-KV-50% 22.73 19.34 25.17 60.37 47.43 51.69 36.12

Table 16: Coverage of related KV-cache compression
baselines.

Family Methods covered How used in this paper

Low-rank fea-
ture compres-
sion

Palu, Eigen Atten-
tion

Direct numerical comparison under
matched rank budgets.

Token evic-
tion

H2O,
StreamingLLM,
SnapKV, Pyra-
midKV

Compositional experiments with
AURA-KV as a second-stage com-
pressor.

KV quantiza-
tion

KIVI, GEAR Compositional experiments with
feature-rank compression.

Recent fea-
ture pruning
/ progressive
compression

ThinK, LoRC Qualitative comparison; same-
hardware reproduction left for
future work.

R.2 Empirical Prefill Latency
Table 7 in the main paper compares the stan-
dard prefill throughput with the throughput
when applying our KV dimension reduction
(LOWRANKSOLVER) during prefill.

Analysis. The computational overhead intro-
duced by the dimension reduction operation is
small, resulting in a ∼4–5% decrease in prefill
throughput. Importantly, this overhead is a one-
time cost incurred only during the prefill phase. In
long-generation settings, this initial delay is typi-
cally outweighed by the decoding-time latency re-
duction and cache-memory savings.

S Scope of Head-Dimension
Compression

AURA-KV compresses the feature dimension in-
side each attention head. This means its stand-
alone memory reduction is bounded by the orig-
inal head dimension dh; for Llama-3-8B and
Mistral-7B, where dh = 128, a 50% retained-
rank budget corresponds to roughly a 2× feature-
dimension reduction before accounting for the
small basis-storage overhead. Token-pruning
methods can obtain larger reductions by shorten-
ing the sequence dimension, which is why we po-
sition AURA-KV as an orthogonal second-stage
compressor rather than a replacement for token
eviction. The method should become more attrac-
tive for architectures with larger KV head dimen-
sions, wider grouped-query heads, or deployments
that combine moderate feature compression with
token pruning and quantization.

T Fixed-Basis Decode Assumption

AURA-KV estimates AK and AV from the pre-
fill cache and keeps these bases fixed during de-
coding. This design is what makes incremental
decoding cheap: every newly generated key/value
vector is stored as the least-squares coefficient in
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the existing basis, which reduces to A⊤
Ki
ki,t and

A⊤
Vi
vi,t because the bases are orthonormal. The

assumption is therefore not that future tokens are
identical to prefill tokens, but that the dominant
key/value subspaces remain sufficiently stable for
the evaluated generation horizon. All reported
results use this fixed-basis path, providing end-
to-end evidence that it is adequate for our Long-
Bench, RULER, and InfiniteBench settings. Nev-
ertheless, this is not a complete ablation of basis
drift. For very long generations or distribution
shifts between prompt and generated content, peri-
odically recomputing or expanding the bases may
further reduce approximation error at additional
cost. We leave refresh-frequency ablations and
error-growth diagnostics to future work.

U Further Discussion about Small
Positive Deltas

We do not treat small positive deltas after com-
pression (e.g., +0.34% for Llama-3-8B) as a main
claim of the paper. A plausible explanation is re-
dundancy removal: the tail of the singular-value
spectrum may contain components that are less
useful for the downstream task, so truncation can
sometimes behave like a mild denoising operation.
This interpretation is also consistent with token-
eviction results in Table 4, where PyramidKV
shows a very small positive delta over the full-
cache setting (41.49 vs. 41.46). However, these ef-
fects are small and may depend on benchmark vari-
ance, decoding settings, and model-specific spec-
tra. The central empirical claim is therefore preser-
vation of quality under moderate compression, not
reliable accuracy improvement from compression.
Future work should test this hypothesis with re-
peated seeds, bootstrap confidence intervals, and
controlled truncation studies that isolate spectral
denoising from ordinary benchmark variance.

V Reproducibility and Computational
Requirements

AURA-KV is training-free and requires no fine-
tuning or gradient computation. The only addi-
tional computation is the post-prefill LOWRANK-
SOLVER call for each layer, head, and cache type,
followed by coefficient projection for newly gen-
erated tokens. The adaptive-rank search uses the
grid and memory accounting described in Ap-
pendix P; the selected ranks are fixed before eval-
uation. All latency numbers in Table 1 and Ta-

ble 7 are measured on the reported A40 setting,
and the compressed prefill throughput includes
the one-time low-rank factorization cost. We will
release the implementation, rank-selection script,
and evaluation commands with the paper so that
the reported budgets and layer-wise ranks can be
reproduced.

W Statement on the Use of AI-Assisted
Tools

We used AI-assisted tools to support the writ-
ing and editing of this manuscript. Specifically,
these tools were employed to help refine gram-
mar, improve readability, and enhance the clarity
and consistency of the presentation. All techni-
cal content—including the problem formulation,
algorithm design, theoretical analysis, experimen-
tal setup, results, and conclusions—was developed
and verified by the authors. The authors reviewed,
validated, and edited all AI-assisted outputs to en-
sure correctness, originality, and compliance with
the venue’s policies.
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