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Abstract

In this paper, we present MOB-KYV, a Mixture-
of-Basis KV cache compression method that
makes adaptive low-rank key compression prac-
tical without runtime decomposition. We first
analyze KV cache compression through atten-
tion output error and reveal a clear asymmetry
between keys and values: pre-RoPE keys bene-
fit from preserving dominant low-rank struc-
ture while quantizing low-energy residuals,
whereas values are better compressed by direct
quantization. This analysis motivates an asym-
metric design that applies low-rank projection
with residual quantization to keys and direct
low-bit quantization to values. However, ob-
taining accurate input-adaptive low-rank bases
with online SVD is prohibitively expensive
for serving. MOB-KV addresses this by re-
placing online SVD with a reusable dictionary
of offline-constructed key bases, transforming
adaptive compression into lightweight basis se-
lection and projection. This design preserves
the accuracy benefit of local low-rank sub-
spaces while avoiding the latency bottleneck
of runtime decomposition. Across reasoning
and long-context benchmarks, MOB-KYV sub-
stantially reduces KV cache memory, preserves
near full-precision accuracy, and establishes
a stronger memory—accuracy—latency Pareto
frontier than existing quantization-only, low-
rank-only, and online SVD-based baselines.

1 Introduction

LLM serving 1is rapidly shifting toward
long-context generation, multi-turn dialogue,
retrieval-augmented generation, and agentic
workloads (Kwon et al., 2023; Zheng et al., 2024;
Lewis et al., 2020; Yao et al., 2022). In these
settings, inference efficiency is increasingly limited
not only by model parameters, but also by the
key-value (KV) cache. Since the KV cache grows
linearly with sequence length, batch size, and the

“Equal contribution.

number of layers, it becomes a major memory
bottleneck for long-context LLM serving (Zhang
et al., 2023; Xiao et al., 2024; Brandon et al.,
2024).

Recent KV cache compression methods mainly
rely on quantization or low-rank approximation.
Quantization reduces memory by lowering the
precision of cached keys and values, often using
asymmetric schemes to handle distributional dif-
ferences or outliers (Liu et al., 2024b; Kang et al.,
2024). Low-rank methods instead exploit hidden-
dimensional or cross-layer redundancy to repre-
sent KV states in compact subspaces (Chang et al.,
2025b,a). These approaches are effective, but they
leave two important questions unresolved: how
should quantization and low-rank approximation
be combined under a fixed memory budget, and
can low-rank compression remain adaptive without
incurring expensive online decomposition?

The second question is particularly important
for practical serving. The strength of low-rank KV
compression comes from adapting the subspace to
the current key distribution. A natural solution is
to compute an input-dependent basis using online
SVD. However, this turns compression itself into
a costly inference-time operation, introducing sub-
stantial latency during prefill and decoding. Thus,
the central challenge is not simply to find a com-
pact subspace, but to obtain the benefit of adaptive
low-rank compression within affordable cost.

In this paper, we address this challenge by first
analyzing KV cache compression through atten-
tion output error. We compare quantization, low-
rank approximation, and their hybrid variants un-
der a unified error-compression ratio landscape.
This analysis reveals a clear asymmetry between
pre-RoPE keys and values: keys benefit from pre-
serving dominant low-rank structure while quan-
tizing low-energy residual components, whereas
values are better compressed by direct quantization.
This suggests that effective KV cache compression
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Figure 1: (a) Pareto frontier between accuracy and com-
pression ratio. MOB-KV achieves higher robustness at
lower memory ratios. (b) Pareto frontier between accu-
racy and end-to-end latency. MOB-KYV preserves high
accuracy with significantly lower latency than online-
SVD-based methods. Results are measured on GSM8K-
CoT. LR + Q + Online SVD denotes an online per-
prompt SVD upper-bound variant of MOB-KV. Detailed
MOB-KYV configurations are provided in Appendix K.

should be asymmetric, and that low-rank compres-
sion should be applied where it matters most.

Motivated by this observation, we propose MOB-
KV, a Mixture-of-Basis KV cache compression
method that replaces online SVD with reusable of-
fline bases. Instead of recomputing a new basis for
every input, MOB-KYV constructs a small dictionary
of cluster-specific key bases from calibration data
and selects an appropriate basis during inference.
This reframes adaptive low-rank compression as
a lightweight basis-selection problem rather than
an expensive decomposition problem. As a result,
MOB-KYV preserves the main advantage of input-
adaptive low-rank compression while avoiding the
runtime bottleneck of online SVD.

This design leads to a stronger compression—
accuracy—latency trade-off. MOB-KV preserves
dominant key subspaces, compresses residual key
information through quantization, and applies di-
rect quantization to values, while relying only on of-
fline bases and GPU-friendly projections during in-

ference. As shown in Figures 1a and 1b, MOB-KV
establishes a new Pareto frontier over quantization-
only, low-rank-only, and online SVD-based base-
lines, substantially reducing KV cache memory
while preserving near full-precision performance
with practical latency.

Our contributions are summarized as follows:

* We analyze quantization and low-rank approx-
imation for KV cache through attention output
error, revealing how their errors should be al-
located under aggressive compression.

* We identify an asymmetric compression prin-
ciple: pre-RoPE keys benefit from low-rank
projection with quantized residuals, whereas
values are better served by direct quantization.

* We propose MOB-KYV, an online-SVD-free
adaptive KV cache compression method that
replaces runtime decomposition with offline
mixture-of-basis selection.

* MOB-KYV achieves a superior compression—
accuracy—latency trade-off across reasoning
and long-context benchmarks.

2 Related Work

KV Cache Quantization. KV cache quantiza-
tion stores key/value states in low-bit formats
while retaining all tokens. Prior methods address
key—value distributional differences, activation out-
liers, and quantization residuals through asymmet-
ric, outlier-aware, mixed-precision, or progressive
quantization (Liu et al., 2024b; Kang et al., 2024;
Hooper et al., 2024; Yang et al., 2024; Su et al.,
2025; Liu et al., 2025). However, aggressive low-
bit quantization can still degrade attention quality.

KV Cache Low-Rank Approximation. Low-
rank methods exploit hidden-dimensional or cross-
layer redundancy to compactly represent KV
caches or projections (Chang et al., 2025b,a; Sax-
ena et al., 2024; Liu et al., 2024a; Zhang et al.,
2024). While effective, they may discard residual
information and introduce reconstruction overhead.

Existing KV cache compression methods typi-
cally use quantization or low-rank approximation,
but their separate and joint effects on attention out-
put error remain underexplored. Moreover, hybrid
methods often rely on online SVD, limiting practi-
cal serving efficiency. We address this by analyzing
quantization—low-rank interactions and deriving an
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Figure 2: (a) Error—compression landscape for pre-RoPE keys. (b) Error—compression landscape for values. (c)
GSMS8K-CoT accuracy of offline and online low-rank approximation methods under varying numbers of clusters.

online-SVD-free compression design. Full related
work is provided in Appendix L.

3 Error-Compression-Ratio Landscape
of the KV Cache

Existing KV cache compression methods mainly
use quantization, low-rank projection, or their com-
bination, but it remains unclear which strategy best
minimizes attention output error under different
compression ratios. We compare these approaches
under a unified metric and show that pre-RoPE
keys and values exhibit distinct compression trends,
motivating the asymmetric design of MOB-KV.

Setup. We measure the attention output error £
induced when the pre-RoPE key/value cache is
replaced with its compressed counterpart:

T T .
S E ALt

Here, ¢ denotes the query at the first decoding
step, K and V' denote the original key and value
matrices, respectively, K and V denote the com-
pressed key and value caches, dy, is the per-head
dimension, and S denotes the softmax function.
We define the compression ratio as the storage ra-
tio between the original KV cache C' := (K, V)
and the compressed KV cache ' := (K, V), i.e.,
p := |C|/|C|. Keys and values are compressed
independently so that the measured error can be
attributed solely to the corresponding key or value
component. Under this metric, we compare the
five compression operators listed in Table 1 us-
ing Llama-3.1-8B-Instruct on samples from the
GSMS8K-CoT task.!

!Configurations: rank r € {32,64, 128,256,512}, bits

(D

Table 1: Evaluated Compression operators.

Operator Definition

dur(T) rank-r projection

to(b) b-bit quantization

Do+ir (b, 71) quant. + rank-r residual
Drrio (T, ) rank-r proj. + quant. residual

rank-r proj. + (r — rgp) rank b-bit
quant.

¢SPLIT(T7 Ttp, b) (ours)

3.1 Key: Low-Rank Top-Bottom Splitting
Establishes a New Pareto Frontier

Figure 2a compares the E—p trade-off of the five
compression operators in Table 1 when applied to
pre-RoPE keys. The operators separate the effects
of low-rank projection, quantization, and their com-
bination. Low-rank projection exploits the strong
spectral structure of pre-RoPE keys, but loses resid-
ual information, whereas low-bit quantization pre-
serves all dimensions but can perturb attention-
critical directions. Hybrid residual-compensation
operators, @+ r(purple) and ¢, g+o(green), reduce
this error by modeling the residual left by one
compression mechanism with the other (Kang
et al., 2024), but the additional residual storage
shifts them toward larger p. The split operator
Dsprit( ) (Yankun et al., 2025) avoids this
trade-off by applying quantization selectively in
the spectral domain. After rank-r projection, it
keeps the leading 7, rank coefficients in full pre-
cision and quantizes only the low-energy bottom
r — rip, rank coefficients. Because pre-RoPE keys
are strongly low-rank (Saxena et al., 2024), even
low-bit bottom rank quantization introduces little

be{1,2,3,4,8}, group size g = 32. Low-rank approxima-
tion uses torch.svd_lowrank. We use per-channel quantiza-
tion for Key and per-token quantization for Value.
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Figure 3: Comparison of online SVD variants and offline clustering-based basis selection. (Left) Reconstruction
Error(MSE), (Middle) Accuracy on GSM8K(Prefill-only compressed), (Right) Compression Latency(ms).

attention output error while substantially reducing
memory. As shown by the orange points, this strat-
egy forms a new Pareto frontier in the low-p regime,
motivating the MOB-KV design in Section 5.

3.2 Value: Quantization Efficiently Reduces
Error

Figure 2b presents the corresponding analysis for
values, which exhibits a qualitatively different trend
from pre-RoPE keys. The low-rank-based opera-
tors, ¢ (blue) and ¢gppit ( ), achieve lower
FE than quantization in the aggressive compres-
sion regime, i.e., at small p. However, even as p
increases, their error does not decrease below a cer-
tain floor. This is because values do not exhibit a
strong low-rank structure, as also observed in (Sax-
ena et al., 2024). The residual-compensation hybrid
operators, ¢q.+Lr (purple) and ¢ r.q (green), can re-
duce F through the residual term, but the additional
stored representation increases the storage cost,
eventually placing them above the quantization-
only curve ¢, (red). In other words, for values,
increasing the bit-width of quantization alone effec-
tively reduces E, making quantization the method
that defines the Pareto frontier in the practically
relevant low-error regime.

4 Offline Clustering-based Subspace
Construction

As shown in Section 3, pre-RoPE keys have
strong low-rank structure, and low-rank projection
with bottom-rank quantization provides a Pareto-
optimal compression strategy. However, practical
deployment requires efficient construction of pro-
jection bases. Existing low-rank KV cache meth-
ods such as XKV often rely on online SVD, which
adapts to the current token distribution but intro-

duces substantial compression latency during infer-
ence.

Offline Basis Construction. Motivated by this
limitation, we examine whether representative
bases can be constructed offline from large-scale
pre-RoPE key activations. Our intuition is that to-
kens with similar activation patterns share similar
dominant spectral structures, allowing them to be
approximated by a common low-rank basis. This
can retain the adaptivity of online low-rank approx-
imation while avoiding online SVD overhead. The
detailed construction procedure is described in Sec-
tion 5.2.

Reconstruction Error Analysis. To validate this
hypothesis, we compare exact SVD (torch.svd),
randomized SVD (torch.svd_lowrank), power-
iteration-based SVD, and offline clustering-based
basis selection under the same pre-RoPE key com-
pression setting. Figure 3 (left) shows that the of-
fline clustering-based basis incurs slightly higher
MSE than online SVD variants but follows a sim-
ilar trajectory, indicating that offline basis dictio-
naries capture much of the dominant spectral struc-
ture of pre-RoPE keys. Figure 3 (middle) further
shows nearly comparable downstream accuracy,
while increasing the number of clusters consistently
reduces MSE and narrows the gap to online SVD.

Latency Analysis. Finally, from the latency per-
spective, offline clustering-based basis selection is
significantly more efficient than online SVD-based
methods. While online SVD must perform low-
rank decomposition during inference, the offline ap-
proach only needs to select an appropriate subspace
from the precomputed bases and apply projection.
As shown in Figure 3(right), this difference substan-
tially reduces compression latency, demonstrating
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Figure 4: Overview of MOB-KYV key and value compression. MOB-KV compresses keys by projecting each key
token onto offline-constructed orthonormal bases, followed by bottom-rank quantization. In contrast, values are

directly quantized without low-rank projection.

that offline clustering-based subspace construction
can serve as a practical alternative to online SVD.

Offline Basis Transfers for Key but Not Value.
Figure 2c compares offline cluster bases with M €
{1, 2, 4} against per-prompt online SVD over ranks
r € {32,...,512} for pre-RoPE keys and values.
For pre-RoPE keys, offline bases closely match on-
line SVD, with the gap decreasing as M increases,
indicating that calibration-derived cluster bases
capture the dominant low-rank structure across in-
puts. In contrast, for values, offline bases remain
far below online SVD even with more clusters, sug-
gesting that their dominant directions are highly
input-dependent. Thus, values are poorly suited to
offline low-rank compression, motivating our use
of direct quantization instead.

Key-Value Asymmetry Design. Overall, these
results reveal a clear asymmetry between pre-RoPE
keys and values: keys are well suited to offline
cluster-basis low-rank projection with bottom-rank
quantization, whereas values are better compressed
by direct per-token quantization. This motivates the
asymmetric design of MOB-KV in Section 5.

S Method: MOB-KV

5.1 Overview

Based on the observations in Sections 3 and 4,
we design MOB-KV (Mixture-of-Basis KV cache
compression), illustrated in Figure 4. MOB-KV ap-
proximates adaptive online low-rank compression
using reusable offline local subspaces.

MOB-KV consists of three stages: (i) of-
fline cluster-specific basis construction, (ii) online
per-token basis routing, and (iii) FP16-leading—
quantized-tail rank split quantization. We denote
the total key coefficient rank by r, the leading rank
retained in FP16 by rg,, and the quantized tail rank
by rq = r — rg,. Each incoming pre-RoPE key to-

ken is routed to the basis that maximizes preserved
projection energy, compressed into a low-rank rep-
resentation, and further compressed through the
FP16-leading—quantized-tail split. For the value
cache, following observations in Section 3 and Sec-
tion 4, MOB-KYV applies quantization-only com-
pression. Compared with online SVD-based meth-
ods, MOB-KV replaces repeated decomposition
during inference with routing over a reusable basis
pool and hardware-accelerated GEMM operations,
thereby substantially improving end-to-end latency.

5.2 Offline Cluster-Specific Basis
Construction

MOB-KYV constructs an independent pre-RoPE key
basis pool for each transformer layer. We partition
the calibration matrix X égib € RNeaibXdx of Jayer
¢ into M clusters using K -means:

c = {C’fe)7 cee C](é)} = KMeans(X(e)

calib’

M),

2)

Here, C’,(f) denotes the index set of calibration
tokens assigned to cluster m at layer £.

For each cluster, we compute a cluster-specific
rank-r orthonormal basis that maximizes the pre-
served projection energy:

v —

m arg max

0 2
VERIKXT VTV=] HXC’(’?VHF' @
The solution to Eq. (3) is given by the top-r right
singular vectors of Xg()£>. The basis pool V) =

{Vl(e), e ,Vj\(f)} at each layer jointly covers all
key heads (Appendix C.1).

5.3 Online Per-Token Basis Routing

During inference, each pre-RoPE key token z® e
R?x at layer ¢ is compressed using one basis se-
lected from the layer-specific pool V(©).
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MOB-KYV routes each token to the basis that
maximizes the preserved projection energy, which
is equivalent to minimizing the projection recon-
struction error as shown in Appendix B:

m}f(x(@): arg max H(V,gf))T:U(Z)H;. ()]
me{l,...,M}

After routing, the coefficient is computed as
O (z) = (V(e*) )Tz e R". MOB-KV stores

m; (J?(e))
the routing index m; (z(*)) and coefficient ¢()(x),
and reconstructs the key as &(*) = VTEL?(CC(£>)C(£) (x).
For brevity, we omit the superscript (¢) when refer-
ring to a fixed layer hereafter.

Unlike online SVD-based methods, MOB-KV
does not recompute adaptive bases during prefill
or decoding. The additional inference overhead is
limited to evaluating projection energies over a
small set of reusable basis candidates.

5.4 FP16-Leading—-Quantized-Tail Rank Split
Quantization

The compressed coefficient c(x) lies on the spectral
axes of the selected basis. Since basis vectors are
ordered by singular values, the leading coefficient
dimensions correspond to dominant spectral com-
ponents, whereas the trailing dimensions mainly
contain low-energy residual information.

Following the analysis in Section 3, we split the
coefficient vector into an FP16 leading component
and a quantized tail component:

c(z) = [erp(@); cq(2)] (5)

where cg, () € R™ and ¢q(z) € R".

The leading component is retained in FP16,
while the tail component is compressed using low-
bit quantization:

E(x) = [Cfp(x); Qbk (Cq(w))] , (6)

Here, @y, () denotes the by-bit quantizer applied to
the tail coefficients. Detailed settings for asymmet-
ric min—max quantization, token-dimension group-
ing, metadata precision, bit-packed storage, and
the recent full-precision window are provided in
Appendix C.2.

The reconstructed key vector is computed as
& = Ve ()€(x). This design preserves the domi-
nant spectral information while aggressively com-
pressing only the low-energy residual components.

Keys are stored in pre-RoPE space, and RoPE
is applied after reconstruction. The complete pre-
fill and decoding procedure is provided in Ap-
pendix C.3.

5.5 Value Quantization

For the value cache, we directly group-quantize
each value token vector into b,-bit integers:

U= Qp,(v), (N

Here, (), () denotes the b,-bit quantizer ap-
plied directly to the original value tensor. De-
tailed settings for asymmetric min—-max quantiza-
tion, channel-dimension grouping, scale/zero-point
metadata, and bit-packed storage are provided in
Appendix C.2.

6 Experiments

6.1 Experimental Setup

Models. We evaluate MOB-KV-based KV cache
compression on four models that use Grouped-
Query Attention (GQA) (Ainslie et al., 2023):
LLaMA3.1-8B-Instruct (Grattafiori et al., 2024),
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023),
LLaMA3.2-3B-Instruct (Grattafiori et al., 2024),
and Qwen-2.5-7B-Instruct-1M (Yang et al., 2025).

Datasets. We evaluate reasoning performance on
GSMSK (Cobbe et al., 2021), BBH (Suzgun et al.,
2022), and MMLU (Hendrycks et al., 2021) using
Chain-of-Thought prompting (Wei et al., 2022),
which induces longer generations. For long-context
evaluation, we use LongBench (Bai et al., 2024),
RULER (Hsieh et al., 2024), and AgentLong-
Bench (Fang et al., 2026). LongBench covers 16
English tasks including multi-document question
answering, summarization, and code completion;
RULER evaluates synthetic long-context retrieval
and reasoning as context length increases; and
AgentLongBench measures long-context agent-
style workloads. We report both task-level and av-
erage scores. All main experiments are conducted
on NVIDIA A100-80GB GPUs, while AgentLong-
Bench is evaluated separately on an NVIDIA RTX
3090 to reflect consumer-grade local-first agent de-
ployment scenarios such as OpenClaw (OpenClaw
Contributors, 2026).

Baselines. We compare MOB-KV with five
KV cache compression baselines: KIVI (Liu
et al., 2024b), a quantization-only method us-
ing asymmetric key/value quantization; GEAR-
KCVT (Kang et al., 2024), which combines sparse
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Table 2: Main results across three models on four benchmarks. “KV”’ ( shaded ) denotes KV cache size relative
to the full-precision baseline. The KV size ratio includes quantization metadata, routing indices, and the recent
full-precision window; therefore, it varies with the average sequence length of each benchmark.

Model Method GSMSK-CoT BBH-CoT MMLU-CoT LongBench
KV Acc. KV Acc. KV Acc. KV Score
Full (FP16) 100% 0.842 100% 0.693 100% 0.724 100%  0.431
Palu 75.00% 0.760 75.00% 0.628 75.00% 0.665 75.00% 0.418
LLaMA-3.1- KIVI(K2V2) 26.10% 0.750 24.69% 0471 42.17% 0.627 19.26% 0.340
8B-Instruct ~ GEAR-KCVT (K2V2) 33.78% 0.813 32.26% 0.611 51.07% 0.712 26.42% 0.429
xKV 78.76% 0.815 66.08% 0.598 56.03% 0.559 16.37% 0.435
MOB-KV (r=>512, rg,=128,7,=384, K2V4) 32.10% 0.841 30.82% 0.682 46.68% 0.723 25.86% 0.431
MOB-KV (r=512, r¢,=128,7,=384, K2V2) 26.41% 0.842 25.02% 0.669 4220% 0.722 19.65% 0.427
MOB-KV (r=256, ry,=32,74=224, K2V2)  20.79% 0.827 1931% 0.603 37.72% 0.715 13.53% 0.427
Full (FP16) 100% 0.523 100% 0.531 100% 0.596 100% 0.385
Palu 75.00% 0.490 75.00% 0.487 75.00% 0.586 75.00% 0.332
Mistral-7B-  KIVI (K2V2) 26.10% 0.466 24.69% 0.442 42.17% 0.493 19.26% 0.349
Instruct-v0.3  GEAR-KCVT (K2V2) 33.78% 0.503 32.26% 0.481 51.07% 0.582 26.42% 0.381
xKV 78.716% 0.478 66.08% 0.518 56.03% 0.553 16.37% 0.379
MOB-KV (r=512, r¢,=128,7,=384, K2V4) 32.10% 0.529 30.82% 0.514 46.68% 0.595 25.86% 0.385
MOB-KV (r=>512, rg,=128,7,=384, K2V2) 2641% 0.513 25.02% 0.503 42.20% 0.594 19.65% 0.384
MOB-KV (r=256, rt,=32,7q=224, K2V2)  20.79% 0.506 1931% 0.473 37.72% 0.576 13.53% 0.384
Full (FP16) 100% 0.766 100% 0.548 100% 0.646 100%  0.331
Palu 75.00% 0.694 75.00% 0.519 75.00% 0.593 75.00% 0.295
LLaMA-3.2- KIVI(K2V2) 26.10% 0.637 24.69% 0.247 42.17% 0.549 19.26% 0.226
3B-Instruct  GEAR-KCVT (K2V2) 33.78% 0.753 32.26% 0.486 51.07% 0.641 26.42% 0.331
xKV 78.76% 0.707 66.08% 0.502 56.03% 0.541 16.37% 0.327
MOB-KV (r=>512, rg,=128,7,=384, K2V4) 32.10% 0.766 30.82% 0.525 46.68% 0.640 25.86% 0.331
MOB-KV (r=>512, rg,=128,7,=384, K2V2) 2641% 0.758 25.02% 0.502 42.20% 0.636 19.65% 0.329
MOB-KV (r=256, ry,=32,74=224, K2V2)  20.79% 0.754 1931% 0.440 37.72% 0.633 13.53% 0.317

outlier separation with low-rank residual approxi-
mation; XKV (Chang et al., 2025a), which performs
online SVD-based cross-layer low-rank compres-
sion during prefill; and Palu (Chang et al., 2025b),
which applies Fisher Information-based grouped
low-rank decomposition to Wx and Wy,. We also
compare with TurboQuant (Zandieh et al., 2025),
a quantization-only method based on PolarQuant
and 1-bit QJL residual correction, but report it sep-
arately in Appendix D because no official imple-
mentation is available.

Detailed configurations of MOB-KV and all
baseline methods are provided in Appendix C.

Offline Calibration Dataset. We construct the
calibration set by collecting 10K tokens from each
of 13 diverse tasks. Further details are provided in
Appendix E.

6.2 Results of Reasoning Tasks

Table 2 reports performance on three reason-
ing benchmarks: GSM8K-CoT, BBH-CoT, and
MMLU-CoT. Overall, MOB-KYV substantially re-
duces the KV cache size while preserving reason-
ing performance close to the full-precision base-
line.

Across LLaMA-3.1-8B-Instruct, Mistral-7B-
Instruct-v0.3, and LLaMA-3.2-3B-Instruct, MOB-
KV consistently preserves CoT reasoning perfor-
mance under substantial KV cache compression.
On GSMS8K-CoT and MMLU-CoT, MOB-KV
achieves scores nearly identical to the full-precision
baseline. Although BBH-CoT exhibits a modest
degradation in some cases, the overall performance
drop remains small and gradual across model scales
and architectures. In contrast, prior methods such
as KIVI, Palu, and xKV suffer substantial accu-
racy degradation at comparable compression ratios.
These results indicate that MOB-KYV is not specific
to a single model family, but provides robust and
generalizable KV cache compression while largely
retaining reasoning capability.

Taken together, the reasoning benchmark results
demonstrate that MOB-KV provides a favorable
trade-off between compression ratio and accuracy.
While quantization-only and low-rank-only base-
lines suffer from substantial reasoning degradation
under aggressive compression, MOB-KV more sta-
bly preserves attention behavior by jointly leverag-
ing low-rank projection and bottom rank coefficient
quantization. These results support the importance
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Table 3: Calibration robustness under distribution shift and leave-one-dataset-out calibration. For this experiment,
BBH is added to the default calibration mixture. Distribution-shift settings replace this mixture with general-domain
text, multilingual data, or code data; leave-one-dataset-out settings remove calibration data corresponding to GSMS8K,

BBH, MMLU, or LongBench.

Calibration setting GSMS8K-CoT BBH-CoT MMLU-CoT LongBench
Default mixture 0.841 0.683 0.723 0.431
WikiText only 0.835 0.673 0.723 0.431
Multilingual only 0.837 0.673 0.723 0.431
Code generation only 0.831 0.677 0.725 0.430
Without GSM8K 0.841 - - -
Without BBH - 0.682 - -
Without MMLU - - 0.723 -
Without LongBench-related datasets - - - 0.430

——- Full (FP16) |['®
EEE RULER AVG
= KV Cache % || 4

83.75

RULER AVG Score
KV Cache %

Figure 5: Performance on the RULER benchmark and
the retained KV cache size for each method.

of jointly controlling low-rank approximation er-
ror and quantization error when compressing KV
caches for reasoning-intensive workloads.

6.3 Results of Long-context Tasks

The LongBench column in Table 2 reports the aver-
age over 16 tasks. Across LLaMA-3.1-8B-Instruct,
Mistral-7B-Instruct-v0.3, and LLaMA-3.2-3B-
Instruct, MOB-KV maintains full-precision-level
long-context performance while substantially re-
ducing KV cache memory. It matches the full-
precision scores on LLaMA-3.1-8B-Instruct and
Mistral-7B-Instruct-v0.3 with 0.431 and 0.385,
respectively, using only 25.86% of the original
KV cache for LLaMA-3.1, and achieves 0.331
on LLaMA-3.2-3B-Instruct. This shows a sta-
ble compression—accuracy trade-off across long-
context tasks such as multi-document question
answering, summarization, and code completion.
Compared with prior methods, KIVI and Palu show
noticeable degradation on some models, while
GEAR-KCVT and xKYV are competitive only in cer-
tain settings; MOB-KYV remains consistently close
to full precision with a smaller retained KV cache.
Figure 5 further confirms this trend on RULER:
MOB-KYV achieves 85.31 at 32.10% KV cache and
85.02 at 26.41%, nearly matching the full-precision
baseline of 85.33, whereas Palu, KIVI (K2V2), and

GEAR-KCVT (K2V2) obtain 83.14, 60.75, and
84.69, respectively. All RULER methods use the
same configurations as in Table 2.

6.4 Robustness to Calibration Distribution

The default calibration set of MOB-KYV includes
GSMS8K, MMLU, and several datasets related to
LongBench. For the experiments in Table 3 only,
we additionally include BBH in this mixture. We
then examine whether the reported performance
depends on calibration data drawn from distribu-
tions similar to the evaluation benchmarks. All ex-
periments use LLaMA-3.1-8B-Instruct with M =4
clusters, total key coefficient rank r=>512, FP16
leading rank rg, =128, quantized tail rank r,=2384,
K2V4, quantization group size 32, and a recent
full-precision window of 64 tokens.

Table 3 first replaces the original calibration mix-
ture entirely with three substantially different distri-
butions: general-domain text from WikiText (Mer-
ity et al., 2016), multilingual data from XNLI (Con-
neau et al., 2018), XCOPA (Ponti et al., 2020), and
XQuAD (Artetxe et al., 2020), and code data from
HumanEval (Chen et al., 2021), MBPP (Austin
et al., 2021), and LCC (Guo et al., 2023). Despite
these substantial distribution shifts, MMLU-CoT
and LongBench performance remains nearly un-
changed, while the reductions on GSM8K-CoT and
BBH-CoT are limited to at most 0.010. LongBench
retains a score of 0.430 even when only code data
are used for calibration.

The same table also reports leave-one-dataset-
out results for GSM8K, BBH, MMLU, and Long-
Bench. Excluding GSM8K or MMLU leaves per-
formance on the corresponding benchmark un-
changed, while excluding BBH or LongBench-
related datasets changes the respective score by
only 0.001. Thus, the reported gains do not re-
sult from calibration on the same benchmark or
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Figure 6: (a) Memory reduction across prefill sequence
lengths on LLaMA-3.1-8B-Instruct. (b) Average score
on AgentLongBench using Qwen-2.5-7B-Instruct-1M.

a closely matched distribution. To examine this
robustness more directly, we also measure the sim-
ilarity of the dominant pre-RoPE key subspaces
obtained from different calibration distributions.
At rank 512, the mean subspace overlap across 32
layers remains above 0.87 for every alternative dis-
tribution; the definition and layer-wise results are
provided in Appendix F.

6.5 Inference Efficiency

Figure 6a shows that MOB-KV greatly reduces
KV cache memory on LLaMA-3.1-8B-Instruct,
with larger absolute savings at longer sequence
lengths. Both 7=256, r¢, =64, rq=192 with K2V2
and r=>512, rgp, =128, rq=384 with K2V4 yield
substantial reductions, demonstrating practical ben-
efits for long-context inference. To assess feasibil-
ity under limited VRAM, we evaluate Qwen-2.5-
7B-Instruct-1M on AgentLongBench at 32K, 64K,
and 128K using a single 24GB RTX 3090, reflect-
ing consumer-grade local deployment scenarios
such as OpenClaw. We use r=128, rg, =64, r4=064,
M=4, and 2-bit quantization for both key bot-
tom rank coefficients and value caches, over eight
Knowledge-Intensive, Concise-Response tasks. As
shown in Figure 6b, MOB-KV matches full-
precision performance at 32K and 64K; at 128K,
the full-precision baseline OOMs, while MOB-KV
runs successfully. Thus, MOB-KV preserves long-
context agent performance while extending feasible
context length on memory-constrained GPUs.
Figure 7 reports the runtime overhead
of MOB-KV under two configurations,
(r=256, rp,=064, rq=192, K2V2, M =4) and
(r=>512, rpp,=128,rq=384, K2V4, M=4), com-
pared with XKV and KIVI (K2V2). By avoiding
online SVD and reconstructing keys with matrix
multiplications over offline bases, MOB-KV
keeps TTFT close to the no-compression baseline,

—e— MOB-KV (r=256)
—o— MOB-KV (r=512)
—a— KIVI-2bit

—a— xKV

—o— MOB-KV (r=256)
—o— MOB-KV (r=512) c
—8— KIVI-2bit @

—a— xKV

TTFT Slowdown (x Baseline)
=
S
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Figure 7: (a) Time-to-first-token (TTFT) across different
sequence lengths on LLaMA-3.1-8B-Instruct. (b) End-
to-end latency including prefill and 128-token gen.

2K 4K 8K 16K 32K 64K 96K 100K
Sequence Length

(b) E2E Latency Comparison

around 1.02-1.05x across sequence lengths.
Although basis-based key recovery adds decoding
cost, the overhead remains bounded and becomes
less dominant at longer contexts, where prefill
and memory-related costs increase. In contrast,
xKV incurs impractically high runtime overhead
from online SVD. Overall, MOB-KV achieves
a practical memory-latency trade-off, enabling
long-context inference with substantial KV cache
reduction and modest decoding overhead.

7 Conclusion

We proposed MOB-KYV, an asymmetric KV cache
compression method that applies offline mixture-
of-basis low-rank approximation with quantiza-
tion to pre-RoPE keys, and direct low-bit quan-
tization to values. Our error—compression analysis
shows that keys can reuse calibration-derived clus-
ter bases with token-wise routing and tail quantiza-
tion, avoiding online SVD, whereas values are bet-
ter compressed by quantization due to weak offline
low-rank transferability. Experiments show that
MOB-KYV substantially reduces KV cache memory
while preserving near full-precision performance
with practical inference overhead, making it effec-
tive for long-context LLM serving.

Limitations

MOB-KYV requires an offline calibration stage be-
fore deployment to construct its layer-wise basis
pools. This introduces an additional setup cost, as
calibration examples must be collected and pro-
cessed from a sufficiently diverse set of datasets
before inference begins. Our calibration-robustness
results partially mitigate this limitation: as shown
in Appendix F, even calibration mixtures contain-
ing only a few datasets from a limited domain can
cover a large portion of the dominant pre-RoPE key
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space and retain stable downstream performance
when a sufficient number of calibration tokens is
collected. This suggests that exhaustive coverage
of all potential deployment tasks is not necessary.
Nevertheless, calibration remains a prerequisite,
and performance may degrade when the collected
samples do not adequately represent the key dis-
tribution of a specialized deployment workload.
Calibration-free basis construction or lightweight
online adaptation therefore remains an important
direction for future work.
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Appendix

A Effect of Clustering Granularity at
Decoding Stage
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Figure 8: Effect of clustering granularity on recon-
struction error and downstream accuracy. (Left) Re-
construction Error(MSE), (Right) GSM8K-CoT Accu-
racy(Prefill and Decode Compressed.)

Figure 8 demonstrates the effect of using cluster-
specific bases compared with using a single global
basis. Here, a single global basis does not refer to
one basis shared across all model layers; it denotes
one basis per layer constructed without clustering.
As the number of clusters increases, the reconstruc-
tion error decreases effectively, and downstream
accuracy tends to improve over the single-basis
baseline. This suggests that the pre-RoPE key dis-
tribution is better approximated as a mixture of
multiple local subspaces rather than as a single
global subspace. In other words, increasing the
clustering granularity allows each cluster-specific
basis to capture more fine-grained local spectral
structure, thereby reducing the approximation gap
relative to online SVD.

B Derivation of Projection-Energy-Based
Routing

This routing rule directly corresponds to minimiz-
ing the projection reconstruction error. Since each
basis is orthonormal, we have In this derivation, we
consider a fixed layer and omit the layer superscript

(0.
e = ViVl a3 = 21— Vi3 ®

Therefore, maximizing the projection energy is
equivalent to minimizing the reconstruction error.

C Baseline and MOB-KYV Configurations

Table 4 summarizes the configurations used in our
experiments.

For KIVI, GEAR-KCVT, and MOB-KV, we use
a quantization group size of ¢ = 32 and keep a

recent full-precision window of wy, = 64 tokens;
compression is applied once this window is filled.
KIVI and GEAR-KCVT are evaluated under K2V2
quantization. For GEAR-KCVT, we further set the
low-rank residual rank to .. = 2, the sparse out-
lier ratio to psp, = 2%, and the number of power-
iteration loops to ny; = 3 for both prefill and decod-
ing. For xKV, we use a layer group size of G = 4
and key/value ranks of (rx,ry) = (384,576)
based on a per-layer dimension of 1024. Since
MMLU-CoT has an average prompt length of 226,
ranks 384/576 are infeasible for this task; therefore,
we use (rg,ry) = (96,144) instead. For Palu,
we use the configuration that retains 75% of the
full KV projection rank. For MOB-KV, we use
M = 4, total key coefficient rank r € {512,256},
FP16 leading rank rg, € {128, 32}, quantized tail
rank rq = r — 7, and key-tail quantization bit-
width b = 2, and value quantization bit-width
b, € {2,4}.

C.1 Basis Granularity

MOB-KYV constructs an independent basis pool
v = {‘/1(5)7 cee Vz\(f)} for the pre-RoPE keys
of each layer. Let Hky and d;, denote the num-
ber of key heads and the head dimension, respec-
tively. Each basis is constructed over the dimension
dx = Hyvdy, formed by concatenating all key
heads. Thus, bases are neither shared across layers
nor constructed separately for individual heads.

During calibration, we flatten only the batch
and token axes of the pre-RoPE key activations
at each layer while retaining the concatenated key-
head projection dimension d, yielding X égib €
RNeatib X4 Clustering and rank-r basis construc-
tion are then performed independently for each
layer. During inference, a token at layer £ is routed
only among the bases in V), selecting the one
with the highest projection energy.

C.2 Key/Value Quantization and
Recent-Window Handling

Each key-cache token is projected onto its se-
lected basis and represented by a coefficient vec-
tor c¢(x) € R". The leading coefficients cg, () €
R are stored in FP16, while the tail coefficients
¢q(z) € R" are compressed using asymmetric
min-max quantization. The tail-coefficient tensor
is grouped along the token dimension in groups of
gr,=32 tokens, with an independent scale and zero
point for each coefficient channel within each token
group. Scales and zero points are stored in FP16,
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Table 4: Configurations of baseline methods and MOB-KV. Here, g denotes the quantization group size, wg, the
full-precision buffer capacity, M the number of clusters, K2V2 denotes 2-bit key and 2-bit value quantization, 7;eg
the low-rank residual rank, pg,, the sparse outlier ratio, n,; the number of power-iteration loops, G the layer group
size, r the total key coefficient rank, 7¢, the leading rank retained in FP16, rq = r — 7, the quantized tail rank, and
by, the key-tail quantization bit-width, and b,, the value quantization bit-width.

Method g wp M Rank / Ratio Bits Extra

KIVI (K2V2) 32 64 - K2V2 -
GEAR-KCVT (K2V2) 32 64 — Tres = 2 K2v2 psp = 2%, npi =3
xKV - - - (rx,rv) = (384,576) - G=4

xKV (MMLU-CoT) - - - (rre,mv) = (96,144) - G=4

Palu - - - 75% — _

MOB-KV 32 o4 4

r € {512,256}, ryp € {128,32}, rq =7 —T1p

br = 2,b, € {2,4} -

and the quantized tail coefficients are stored in a by-
bit packed integer representation. The compressed
key representation therefore consists of routing in-
dices, an FP16 leading-coefficient buffer, a packed
tail-coefficient buffer, and FP16 scale/zero-point
metadata.

We do not apply low-rank projection to the value
cache; instead, we compress the original value ten-
sor directly using asymmetric min—max quantiza-
tion. For each token, value channels are partitioned
along the channel dimension into groups of g, =32,
and an independent scale and zero point are com-
puted for each token—channel group. Scales and
zero points are stored in FP16, while quantized val-
ues are stored in a b,-bit packed integer represen-
tation. The compressed value representation there-
fore consists of a packed value buffer and FP16
scale/zero-point metadata for each token—channel
group.

Each layer maintains a full-precision key/value
buffer for tokens awaiting compression, with a de-
fault capacity of wg,=64. When the buffer reaches
64 tokens, the entire buffer is flushed to the com-
pressed cache. Before flushing, keys are stored
as pre-RoPE FP16 tensors and values at their ex-
act precision. During a flush, keys are processed
by basis routing, coefficient projection, the FP16-
leading/quantized-tail split, tail asymmetric quanti-
zation, and bit packing, in that order; values are
quantized directly in a separate operation. The
reported KV-cache retention ratios include the
compressed tensors, packed integer storage, FP16
scale/zero-point metadata, and the full-precision
buffer.

C.3 Prefill and Decoding Pipeline

For layer /, the compressed-cache state is B() =
(P, I,Cp, Qk, Qv, P, Rk, Ry). Here, I stores
one routing index per compressed token; C'g, stores
the FP16 leading coefficients; Qx and Qy de-

Algorithm 1 MOB-KYV prefill at transformer layer
L.

Require: Layer inputs X.7, positions P;.r, basis pool v,
Wrps Gks Gus Tip, bk, and bu
Ensure: Prefill output O;.7 and cache state B9
I: (QP, KP™) V) < (XWq, XWgk, XWy)
2: @Q + RoPE(Q"*®, Pi.7); K + RoPE(K®*, Pi.1)
3: O1i.7 < CausalAttention(Q, K, V)
4: Initialize empty full-precision buffers (P;, Rx, Rv)
5:fort=1,...,T do
6:  Append (P, K'°,V4) to (P:, Rk, Rv) in FP16
7: if |RK| = Wfp then
8:
9

for each buffered token i do
I; < arg maxm||(V7§f))TRK,¢H§

10: ci +— (VI(,f))TRK,i; split ¢; = [Ctp,i; Cq,i]

11: Append I; and FP16 cg, ; to (I, Chp)

12: end for

13: Partition the buffered tail coefficients into groups
of gi; token-wise quantize and pack them into Q

14: Independently channel-wise quantize and pack all
buffered values into Qv

15: Append P; to P and clear the full-precision buffers

16:  endif

17: end for

18: Discard the temporary post-RoPE tensor K
19: return O;.1, BY

note packed key-tail and value blocks, including
their scale/zero-point metadata. The full-precision
buffers (Rx, Ry) store pending pre-RoPE keys
and exact values, respectively, while P. and P,
record compressed and buffered token positions.
The layer-specific basis pool V() is stored sepa-
rately. No post-RoPE key is persistent in B(). We
use FuseKey (m; BY)) to denote the operator that
recovers the coefficient matrix of tokens routed to
basis m by dequantizing the key tails and concate-
nating the FP16 leading coefficients.
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Algorithm 2 One MOB-KYV decoding step at trans-
former layer ¢.

Require: Current input , position p;, basis pool V¥, cache
state BY, Wip, and gi
Ensure: Attention output o; and updated cache state B )
L (7™ k7™ ve) < (@ Wo, 2 Wi, 2 W)
: Append (pq, k¢, v:) to (Pr, Rk, Ry) in FP16
if |Rx| = wep then
for each buffered token 7 do
I + argmax,,[|(Vit)) T R 3
Ci (VI(?,D)TRKYZ‘; split ¢; = [Cfpyi; Cq,i]
Append I; and FP16 ¢ ; to (I, Crp)
end for
Partition the buffered tail coefficients into groups of
gk; token-wise quantize and pack them into Q x
10:  Independently channel-wise quantize and pack the val-
ues being flushed into Qv
11:  Append P; to P and clear the full-precision buffers
12: end if
13: form =1,..., M do
14: Cy, < FuseKey(m; B(@)
150 KB« (V)T
16: end for R
17: KP™ + RestoreTokenOrder({ KEr}2_,)
18: K. < RoPE(KP', P.)
19: V. + Dequantize(Qyv)
20: K; < RoPE(Rk, P;)
21: g+ < RoPE(¢f™, pt)
22: o¢ <+ Attention(gqs, [Kc; Ky, [Ve; Rv])
23: Discard C, K pre K., K., and V, after attention
24: return o;, B9

WP NN

RoPE-transformed keys and dequantized values
in Algorithm 2 are temporary attention inputs rather
than persistent cache entries.

D Comparison with TurboQuant

As shown in Table 5, we additionally compare
MOB-KV with TurboQuant. Since TurboQuant
does not provide an official implementation, we
report results obtained using a community imple-
mentation. We evaluate TurboQuant under its 3-bit
quantization setting and compare it with the full-
precision baseline and the best-performing MOB-
KV configuration.

Consistent with the trend reported in the Tur-
boQuant paper, TurboQuant preserves LongBench
performance reasonably well at a low KV cache
memory ratio, indicating that its quantization
scheme can retain useful long-context information
for retrieval- and comprehension-oriented tasks.
However, on reasoning benchmarks that were not
reported in the original TurboQuant paper, includ-
ing GSM8K-CoT, BBH-CoT, and MMLU-CoT,
TurboQuant shows a substantial accuracy drop
compared with both the full-precision baseline and
MOB-KV. This suggests that CoT reasoning work-
loads are more sensitive to the quantization errors

introduced by TurboQuant under low-bit compres-
sion. Since these results are based on a community
implementation rather than an official release, we
present them only as a reference comparison and
exclude TurboQuant from the main experimental
tables.

E Calibration Data

Table 6 summarizes the datasets, configurations,
and splits used for calibration. We stream examples
from the training split of each dataset, except for
MMLU, where we use the auxiliary_train split
because no standard training split is provided. Each
example is formatted into a user—assistant message
pair using the model tokenizer’s chat template, and
approximately 10,000 tokens are collected per task.
During calibration, we register forward hooks on
k_proj to collect pre-RoPE key activations from
all layers; when value statistics are needed, we
similarly collect v_proj outputs. The activations
are flattened over tokens and KV heads, converted
to float32, and stored on CPU for offline basis
construction.

F Pre-RoPE Key Subspace Overlap
Across Calibration Distributions

To analyze the stability observed in the calibration-
distribution shift experiments, we compare the
dominant pre-RoPE key subspaces extracted from
different calibration distributions. Let X lD denote
the activations collected at layer [ from calibration
distribution D, and let U, ﬁ be the orthonormal ba-
sis formed by the top r eigenvectors of (X lD )TX ZD .
We define the rank-r subspace overlap between the
default calibration mixture Dy and an alternative
calibration distribution D as

1
Overlapy (Do, D) = (W2 TUB| . ©)

2
F

This value equals 1 when the two subspaces coin-
cide and approaches 0 as they become orthogonal.
Table 7 reports the overlap between the default
mixture and the WikiText, multilingual, and code
calibration distributions. Averaged across all 32 lay-
ers, the overlap is already high at rank 256, ranging
from 0.784 to 0.827, and exceeds 0.87 for every
alternative distribution at rank 512. The representa-
tive layers exhibit the same consistent trend. These
results indicate that the dominant low-dimensional
structure of pre-RoPE keys is largely shared even
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Table 5: Comparison with TurboQuant across three models on reasoning and long-context benchmarks. “KV”
denotes KV cache size relative to the full-precision baseline. The KV size ratio includes quantization metadata,
routing indices, and the recent full-precision window; therefore, it varies with the average sequence length of each

benchmark.

Model Method GSMSK-CoT BBH-CoT MMLU-CoT LongBench
KV Acc. KV Acc. KV Acc. KV Score
Full (FP16) 100% 0.842 100% 0.693 100% 0.724 100% 0.431
LLaMA-3.1- TurboQuant (3-bit) 29.57% 0.690 28.26% 0.369 44.56% 0.671 23.14% 0.424
8B-Instruct ~ MOB-KV (r=512, 7¢,=128,ry=384, K2V4) 32.10% 0.841 30.82% 0.682 46.68% 0.723 25.86% 0.431
MOB-KV (r=512, ry,=128,7,=384, K2V2) 26.41% 0.842 25.02% 0.669 4220% 0.722 19.65% 0.427
MOB-KV (r=256, rt,=32,7q=224, K2V2)  20.79% 0.827 1931% 0.603 37.72% 0.715 13.53% 0.427
Full (FP16) 100% 0.523 100% 0.531 100% 0.596 100%  0.385
Mistral-7B- TurboQuant (3-bit) 29.57% 0.434 28.26% 0.346 44.56% 0.553 23.14% 0.371
Instruct-v0.3 MOB-KV (r=>512,r,=128,rq=384, K2V4) 32.10% 0.529 30.82% 0.514 46.68% 0.595 25.86% 0.385
MOB-KV (r=512, rg,=128,7,=384, K2V2) 2641% 0.513 25.02% 0.503 42.20% 0.594 19.65% 0.384
MOB-KV (r=256, rg,=32,7q=224, K2V2)  20.79% 0.506 19.31% 0473 37.72% 0.576 13.53% 0.384
Full (FP16) 100% 0.766 100% 0.548 100% 0.646 100% 0.331
LLaMA-3.2- TurboQuant (3-bit) 29.57% 0.643 28.26% 0.352 44.56% 0.590 23.14% 0.319
IB-Instruct ~ MOB-KV (r=>512, r(,=128,rq=384, K2V4) 32.10% 0.766 30.82% 0.525 46.68% 0.640 25.86% 0.331
MOB-KV (r=512, r¢,=128,7,=384, K2V2) 2641% 0.758 25.02% 0.502 42.20% 0.636 19.65% 0.329
MOB-KV (r=256, r¢,=32,7q=224, K2V2)  20.79% 0.754 19.31% 0.440 37.72% 0.633 13.53% 0.317

Table 6: Calibration datasets used for offline basis construction. We collect approximately 10,000 tokens from each

task using streaming mode.

Task HuggingFace Dataset Config / Split

MBPP mbpp train

GSM8K gsm8k main / train

TriviaQA trivia_ga rc / train

SciQ allenai/sciq train

MMLU cais/mmlu all / auxiliary_train
ARC-Challenge allenai/ai2_arc ARC-Challenge / train
OpenBookQA  allenai/openbookga main / train
WinoGrande allenai/winogrande winogrande_debiased / train
HellaSwag Rowan/hellaswag train

NarrativeQA deepmind/narrativega train

HotpotQA hotpotga/hotpot_qga distractor / train
GovReport ccdv/govreport-summarization train

LCC microsoft/LCC_python train

across substantially different calibration domains,
including general-domain text, multilingual data,
and code. Thus, the offline bases of MOB-KV are
not strongly tied to a particular calibration work-
load, directly supporting the robustness observed
in the distribution-shift and leave-one-dataset-out
experiments in the main text.

G Seed Variance and Uncertainty
Analysis

To determine whether the performance of MOB-
KV depends on a particular random seed, we re-
peat the evaluation with five seeds on GSMS8K-
CoT, MMLU-CoT, BBH-CoT, and LongBench. All
experiments use the main configuration from the
paper: M =4 clusters, total key coefficient rank
r=512, FP16 leading rank rg, =128, quantized tail
rank r4=384, K2V4, quantization group size 32,

and a recent full-precision window of 64 tokens.
Table 8 summarizes the major benchmark results as
mean =+ standard deviation, while Tables 9 and 10
report the individual-seed reasoning results and
task-level LongBench statistics, respectively.

Variation across the five seeds is small on ev-
ery benchmark. In particular, MMLU-CoT pro-
duces nearly identical scores across seeds, and
the standard deviation of the average LongBench
score is only 0.0008. When the absolute differences
from the FP16 baseline are interpreted alongside
seed variability, the differences on GSM8K-CoT,
MMLU-CoT, and LongBench are 0.0004, 0.0004,
and 0.0002, respectively, all within one standard
deviation of MOB-KV. The very small gaps from
FP16 on these three benchmarks are therefore diffi-
cult to distinguish from seed-level variation.
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Table 7: Pre-RoPE key subspace overlap between the default calibration mixture and alternative calibration
distributions. (a) reports the mean and standard deviation across 32 layers. (b) reports representative layer-wise

results.

(a) Mean across 32 layers

Rank WikiText Multilingual Code
256 0.812 4 0.046 0.784 £ 0.052 0.827 £ 0.038
512 0.884 4 0.027 0.876 £ 0.030 0.901 £ 0.020

(b) Representative layers
Rank  Layer  WikiText  Multilingual Code
256 0 0.945 0.929 0.947
256 16 0.828 0.804 0.850
256 31 0.800 0.758 0.832
512 0 0.962 0.960 0.964
512 16 0.885 0.877 0.909
512 31 0.859 0.847 0.885

Table 10 also reports the five-seed mean and
standard deviation for each of the 16 LongBench
tasks, enabling direct examination of task-level sta-
bility across multi-document QA, summarization,
retrieval, and code completion in addition to the
aggregate average.

H Matched-Memory Comparison

Because compression methods differ in quantiza-
tion granularity and auxiliary storage, matching
only their theoretical compression ratios does not
fairly reflect actual memory usage. We therefore
measure the empirical average KV-cache retention
ratio on GSM8K-CoT, including compressed key/-
value tensors, scales and zero points, routing in-
dices, basis storage, and the recent full-precision
window, and compare MOB-KV, KIVI, GEAR-
KCVT, Palu, and xKV at an empirical memory bud-
get of approximately 26%. Exact matching is infea-
sible because retention varies with sequence length
and method-specific metadata; Table 11 therefore
uses the closest configurations within 26.1-26.4%.
At 26.4% retention, MOB-KYV scores 0.842 on
GSMS8K-CoT, retaining higher accuracy than KIVI
(0.750), GEAR-KCVT (0.766), Palu (0.000), and
xKV (0.676) at nearly the same memory budget.

I Long-Context Robustness Across
Context Lengths

We further evaluate RULER separately at 16K,
32K, and 64K to examine whether performance
degrades as context length increases. Table 12 com-
pares FP16 with three MOB-KV memory—accuracy
operating points at each context length.

The r=>512, r¢,=128, rq=384, K2V4 configu-
ration scores 0.933 and 0.875 at 16K and 32K,
slightly exceeding the FP16 scores of 0.932 and
0.871, respectively, and matches FP16 at 64K with
a score of 0.853. The K2V2 configuration at the
same rank also scores 0.850 at 64K, only 0.003
below FP16. The smaller =256, r¢,=32, rq=224,
K2V?2 configuration exhibits a consistent modest
reduction at all lengths but no new sharp perfor-
mance collapse from 16K to 64K. Thus, the higher-
memory configurations retain full-precision-level
performance through 64K, while the loss under
more aggressive compression is reported explicitly
at each context length.

J SVDq and the Online—-Offline Basis
Trade-off

SVDq was omitted from the original comparison
because the compression scopes differed: SVDq
compresses only the KV cache of prefill tokens,
whereas MOB-KYV in the main experiments com-
presses both prefill and decoding tokens. To remove
this discrepancy, we configure MOB-KYV for prefill-
only compression and compare the two methods at
nearly identical empirical memory budgets. In Ta-
ble 13, the retention ratios of MOB-KV and SVDq
are 26.40% and 26.12%, respectively. SVDq scores
0.006, 0.002, and 0.012 higher on GSM8K-CoT,
MMLU-CoT, and BBH-CoT, respectively, while
both methods score 0.429 on LongBench. Thus,
under matched scope and memory, the two meth-
ods provide broadly comparable accuracy—memory
trade-offs, with SVDq retaining an advantage on
the reasoning benchmarks.

Unlike the prefill-only comparison in Table 13,
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Table 8: Five-seed uncertainty of the main results. The absolute gap is measured against the FP16 baseline. “Within

1 std.” indicates whether the FP16 gap is no larger than one standard deviation of MOB-KV.

Benchmark FP16 MOB-KYV (mean + std.) Absolute gap Within 1 std.
GSMS8K-CoT  0.842 0.8416 £ 0.0033 0.0004 Yes
MMLU-CoT 0.724 0.7236 + 0.0005 0.0004 Yes
BBH-CoT 0.693 0.6837 £+ 0.0039 0.0093 No
LongBench 0.431 0.4308 = 0.0008 0.0002 Yes
Table 9: Reasoning performance across five random seeds.
Benchmark Seed) Seedl Seed2 Seed3 Seed4 Mean =+ std.
GSMSK-CoT  0.8410 0.8450 0.8450 0.8380 0.8390  0.8416 4+ 0.0033
MMLU-CoT 0.7230  0.7240 0.7240 0.7240  0.7230  0.7236 4 0.0005
BBH-CoT 0.6820 0.6815 0.6810  0.6904  0.6835  0.6837 + 0.0039

Table 10: LongBench task-level mean and standard deviation over five random seeds.

Task Mean = std. Task Mean =+ std.
2WikiMQA 0.5195 + 0.0053 PassageCount 0.0890 + 0.0014
GovReport 0.3437 £ 0.0011 PassageRetrieval-en 1.0000 £ 0.0000
HotpotQA 0.5803 £ 0.0013 Qasper 0.4541 + 0.0021
LCC 0.1871 £ 0.0008 QMSum 0.2548 + 0.0020
MultiNews 0.2663 £ 0.0009 RepoBench-P 0.1745 £ 0.0012
MultiFieldQA-en  0.5717 + 0.0019 SAMSum 0.2187 £ 0.0019
MuSiQue 0.3166 £ 0.0025 TREC 0.6880 + 0.0057
NarrativeQA 0.3086 + 0.0028 TriviaQA 0.9194 + 0.0020
Average 0.4308 + 0.0008

Table 11: Matched-memory comparison using the empirically measured average KV-cache retention ratio on
GSMS8K-CoT. The reported ratio includes method-specific auxiliary storage.

Method Configuration KV-cache retention GSMS8K-CoT
MOB-KV M=4,r=512, re, =128, rq=384, K2V4, g=32, w=64 26.4% 0.842
KIVI (K2V2) K2V2, g=32, w=64 26.1% 0.750
GEAR-KCVT (K2V2)  K2V2, K4/V4 residual ranks, 3 power iterations, 2% sparse residual, w=47 26.1% 0.766
Palu Matched-memory configuration 26.1% 0.000
xKV R =128, Ry =150, layer-group size 2 26.1% 0.676

Table 14 compresses both prefill and decoding KV
caches. The online-SVD baseline performs SVD
once on the layer-wise pre-RoPE keys collected
from each request’s prefill prompt to construct an
input-specific basis. This basis is used to compress
the prefill cache and then remains fixed for the
duration of the request, being reused to compress
every subsequently generated decoding key. We
do not rerun SVD at each decoding step because
repeated decomposition during autoregressive de-
coding incurs prohibitive runtime overhead. This
prefill-once variant is used only for experimental
tractability, since the fully adaptive online-SVD
procedure would repeatedly update the basis during
decoding and was too time-consuming to evaluate.
Both the offline-basis and online-SVD settings use
K2V4, group size 32, and a recent full-precision
window of 64 tokens; the offline-basis setting uses
M =4 clusters.

This comparison highlights the trade-off be-
tween input-specific adaptivity and runtime cost.
Online SVD can fit its basis directly to the domi-
nant subspace of the current prompt, but incurs one
decomposition during prefill for every request. In
contrast, MOB-KYV eliminates this cost by reusing
a basis pool constructed during calibration, deliber-
ately sacrificing some input-specific adaptivity. At
r=>512, rg,=128, and rq=384 in Table 14, online
SVD achieves the highest score of 0.848, confirm-
ing that a per-input basis can be more accurate
when sufficient rank is available. This is a clear
limitation of the offline basis pool.

Conversely, at 7=128, rg,=32, and =96, on-
line SVD drops sharply to 0.594, while the offline
bases calibrated on different domains retain scores
of 0.747-0.787. This result suggests that under
aggressive low-rank compression, a reusable sub-
space learned from broad calibration data can be
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Table 12: RULER results at different context lengths. r, r,, and 7, denote the total key coefficient rank, FP16
leading rank, and quantized tail rank, respectively.

Method 16K 32K 64K

FP16 0.932 0.871 0.853
MOB-KYV (r=256, r¢{p=32, rq=224, K2V2) 0.918 0.859 0.838
MOB-KV (r=512, r¢{p, =128, rq=384, K2V2) 0.928 0.865 0.850
MOB-KV (r=512, r¢{, =128, rq=384, K2V4) 0.933 0.875 0.853

Table 13: Matched-scope comparison between MOB-KV and SVDq. Both methods compress only the prefill KV
cache and use closely matched memory budgets.

Method KV-cache retention =~ GSM8K-CoT = MMLU-CoT  BBH-CoT  LongBench
MOB-KYV (prefill-only) 26.40% 0.842 0.724 0.682 0.429
SVDq 26.12% 0.848 0.726 0.694 0.429

Table 14: Offline MOB-KYV bases and per-input online SVD across three rank configurations on GSM8K-CoT.
Unlike the prefill-only comparison in Table 13, this experiment compresses both prefill and decoding KV caches.
The online basis is computed once from the prefill prompt and reused throughout decoding. The headers report total
key coefficient rank 7, FP16 leading rank r¢,, and quantized tail rank r; all configurations use K2V4.

r=512 r=256 r=128

rp=128 rp=04 Tp=32

Basis construction rq=384 rq=192 rq=96
WikiText offline basis 0.835 0.818 0.747
Multilingual offline basis 0.837 0.821 0.787
Code offline basis 0.831 0.831 0.782
Online SVD 0.848 0.808 0.594

more stable than a basis fitted to a single input. L Extended Related Work
Overall, online SVD can provide a better input-
specific fit at high rank, whereas offline MOB-KV
is more robust at low rank and under calibration-
domain shift while avoiding decomposition latency.
The contribution of MOB-KYV is therefore not to
outperform online SVD in accuracy across every
regime, but to trade some adaptivity for more stable
low-rank behavior and practical serving efficiency.
This choice may degrade performance when the
offline basis pool does not sufficiently cover the de-
ployment workload; lightweight online adaptation
is an important direction for future work.

KV Cache Eviction. In addition to quantization
and low-rank approximation, token-level KV cache
eviction reduces memory by selectively preserv-
ing important tokens rather than retaining the KV
states of all context tokens. Existing methods iden-
tify such tokens using attention-based importance
signals, including heavy hitters, persistent token
importance, and attention sinks (Zhang et al., 2023;
Liu et al., 2023; Xiao et al., 2024). Recent work
further improves eviction through prompt-aware
selection, layer-wise budget allocation, or adap-
tive KV cache policies (Li et al., 2024; Cai et al.,
K MOB-KV Compression Configurations  2024; Feng et al., 2026). These methods are or-

thogonal to MOB-KV: eviction reduces the se-
Table 15 reports the MOB-KV configurations used quence dimension by removing tokens, whereas
in the Pareto figures. The table lists the memory  NMOB-KV retains all tokens and compresses their

ratio, number of basis clusters, total key coefficient  piqden-dimensional representations via offline ba-
rank, FP16 leading rank, quantized tail rank, and g projection and quantization.

key/value quantization bit-widths. These settings .
define the operating points used to evaluate the KV Cache Quantization. KV cache quantiza-

memory—accuracy and latency trade-offs of MOB- tion reduces memory usage by storing key/value
KV. states in low-bit representations without evicting

tokens. KIVI analyzes the distributional differences
between keys and values, and applies 2-bit quanti-
zation using per-channel quantization for keys and
per-token quantization for values (Liu et al., 2024b).
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Table 15: MOB-KV configurations used in the pareto figures (M = 4 clusters).

KV-cache Total key coefficient FP16 leading  Quantized tail

retention M rank 7 rank 7¢p rank rq KV bits
19.7% 4 128 32 96 K2v2
22.9% 4 512 32 480 K2v2
24.2% 4 256 128 128 K2v2
26.4% 4 512 128 384 K2v2
28.6% 4 512 32 480 K2v4
29.9% 4 256 128 128 K2v4
32.1% 4 512 128 384 K2v4

GEAR mitigates the quality degradation caused by
quantization by compensating for the error intro-
duced after low-bit quantization with low-rank and
sparse components (Kang et al., 2024). In addi-
tion, various KV cache quantization methods have
been proposed based on outlier-aware quantiza-
tion, mixed-precision quantization, and progressive
quantization (Hooper et al., 2024; Yang et al., 2024;
Su et al., 2025; Liu et al., 2025). These approaches
can reduce cache size while retaining all tokens,
but under aggressive low-bit settings, activation out-
liers and quantization error can degrade attention
quality.

KV Cache Low-Rank Approximation. Low-
rank approximation-based methods exploit hidden-
dimensional and cross-layer redundancy in the
KV cache or KV projections to store the cache
in a more compact representation. Palu compresses
KV projections into low-rank forms and caches
compact intermediate states (Chang et al., 2025b),
while LoRC applies low-rank approximation to KV
weight matrices with a progressive compression
strategy (Zhang et al., 2024). xKV further exploits
cross-layer redundancy through online SVD across
layer groups (Chang et al., 2025a). Other methods
have also explored calibration-based low-rank at-
tention and layer-wise KV merging (Saxena et al.,
2024; Liu et al., 2024a). These approaches can
reduce the representation dimension while preserv-
ing all tokens; however, relying solely on low-rank
approximation may discard residual information,
and the reconstruction process can introduce non-
negligible runtime overhead.

Existing KV cache compression methods mainly
focus on either quantization or low-rank approxima-
tion: the former reduces numerical precision, while
the latter exploits hidden-dimensional or cross-
layer redundancy. Although recent work combines
the two (Yankun et al., 2025), it does not separately
and jointly analyze how their errors affect the fi-
nal attention output. Moreover, such methods often
require input-dependent online SVD or decompo-

sition, incurring impractical runtime overhead for
LLM serving. We address these limitations by an-
alyzing the interaction between quantization and
low-rank approximation and deriving a practical
KV cache compression design that avoids online
SVD.
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