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Abstract

Large language models (LLM) have achieved remarkable per-
formance across a wide range of tasks. However, their sub-
stantial parameter sizes pose significant challenges for de-
ployment on edge devices with limited computational and
memory resources. Low-rank compression is a promising ap-
proach to address this issue, as it reduces both computational
and memory costs, making LLLM more suitable for resource-
constrained environments. Nonetheless, naive low-rank com-
pression methods require a significant reduction in the re-
tained rank to achieve meaningful memory and computation
savings. For a low-rank model, the ranks need to be reduced
by more than half to yield efficiency gains. Such aggres-
sive truncation, however, typically results in substantial per-
formance degradation. To address this trade-off, we propose
SkipCat, a novel low-rank compression framework that en-
ables the use of higher ranks while achieving the same com-
pression rates. First, we introduce an intra-layer shared low-
rank projection method, where multiple matrices that share
the same input use a common projection. This reduces re-
dundancy and improves compression efficiency. Second, we
propose a block skipping technique that omits computations
and memory transfers for selected sub-blocks within the low-
rank decomposition. These two techniques jointly enable our
compressed model to retain more effective ranks under the
same compression budget. Experimental results show that,
without any additional fine-tuning, our method outperforms
previous low-rank compression approaches by 7% accuracy
improvement on zero-shot tasks under the same compression
rate. These results highlight the effectiveness of our rank-
maximized compression strategy in preserving model perfor-
mance under tight resource constraints.

1 Introduction

Large language models (LLM) (Yang et al. 2025; Tou-
vron et al. 2023) have been employed in a wide range of
real-world scenarios, such as professional problem-solving
and intelligent home devices. However, deploying LLMs on
edge devices remains challenging. For instance, the large
number of parameters may exceed the limited memory ca-
pacity of such devices. In addition, their high computational
cost can lead to excessive latency and energy consumption,
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Figure 1: Computational cost (FLOPs) and memory foot-
print (MB) of the LLaMA2-7B attention module versus re-
tained rank r. The black dashed line represents the origi-
nal computational cost and memory footprint of the module.
The gray dash-dot line corresponds to a naive SVD com-
pression, which only achieves effective compression when
the retained rank is reduced to less than half of the full rank.
In contrast, SkipCat maximizes the ranks and reduces the
computational and memory cost, resulting in better trade-
offs between efficiency and performance.

which limits their practical use in resource-constrained en-
vironments. Consequently, substantial research (Yuan et al.
2024) efforts have been devoted to enhancing the efficiency
of LLM inference.

Model compression (Zhu et al. 2024) has become a
widely used strategy to reduce both model size and compu-
tational cost. Quantization techniques achieve this by lower-
ing the precision of both model parameters and activations



(Frantar et al. 2022; Liu et al. 2024), thereby reducing mem-
ory transfer overhead and potentially improving computa-
tional efficiency. Model pruning (Akhauri et al. 2024; Sun
et al. 2023) improves inference efficiency by removing re-
dundant or less important parameters.

In addition to the aforementioned techniques, low-rank
compression (Yuan et al. 2023; Wang et al. 2025b) has also
emerged as a promising research direction. By factorizing
a weight matrix into two matrices with a shared low rank,
we can reduce the number of parameters. Lowering the rank
increases the compression rate by reducing the number of
parameters and operations, but this may come at the cost
of reduced accuracy. Conversely, a higher rank allows the
model to better preserve its original performance, at the cost
of a larger model size. A well-known limitation of existing
low-rank compression methods often requires a substantial
decrease in ranks to obtain efficiency gains, which can sig-
nificantly impair model performance. As illustrated in Fig-
ure 1, taking the attention module of LLaMA2-7B as an ex-
ample, the existing methods only begin to reduce floating-
point operations (FLOPs) and memory below that of the
original module when the retained rank falls below half of
the original value (i.e., full rank). An excessive reduction
can result in a significant drop in accuracy. Motivated by this
observation, we aim to develop a method that increases the
number of retained ranks while achieve the same compres-
sion rates, thereby mitigating the loss in model performance.
To this end, we propose SkipCat, a low-rank compression
method that maximizes the preserved ranks than existing ap-
proaches under the same compression rate, thereby allowing
the model to retain better performance after compression.

Unlike naive SVD methods that decompose each weight
matrix separately, we propose Intra-Layer Shared Low-Rank
Projection using Matrix Concatenation (Cat), as illustrated
in Figure 2(c). This technique constitutes one of the core
components of our framework. In Cat, multiple matrices
with the same input share a single projection matrix, re-
ducing the number of projection components and enabling
the model to retain a greater number of ranks under the
same compression budget. Another key technique in our ap-
proach is Block Skipping (Skip). As illustrated in Figure 2(d),
Skip enables the omission of sub-block computations across
all low-rank projections, allowing additional ranks to be
preserved without increasing the compression budget. Our
method, SkipCat, substantially improves rank retention and
achieves highly effective compression rates, as shown in the
red curve in Figure 1.

We evaluate our method on both the LLaMA (Touvron
et al. 2023) and Qwen (Yang et al. 2025) models. At an
equivalent compression rate, SkipCat outperforms existing
low-rank compression methods in the training-free setting,
achieving lower perplexity and up to a 7% improvement in
zero-shot task accuracy. These results demonstrate that both
of our techniques (i.e., Skip and Cat) enable the maximiza-
tion of effective ranks while maintaining efficiency gains
and delivering superior model performance at higher com-
pression levels. We further evaluate SkipCat on larger-scale
models and in conjunction with LoRA fine-tuning tech-
niques. The consistently strong results underscore the gener-
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alizability of our approach. Our approach offers a practical
and effective solution for compressing LLMs, making them
more feasible for edge devices. Our findings open new pos-
sibilities for future work in efficient model compression and
deployment of large models in constrained environments.
Our main contributions are summarized as follows:

* We propose a novel low-rank compression framework
aimed at maximizing the number of effective ranks. The
framework introduces two key techniques: (1) Cat, which
enables multiple matrices to share a common low-rank
projection; and (2) Skip, which allows the model to skip
the computation of certain submatrices, while also ad-
dressing numerical instability issues that arise in half-
precision inference.

Experimental results show that our method consistently
outperforms existing low-rank compression approaches
in terms of compression performance.

2 Related Works

Numerous studies have explored techniques to reduce the
computational and memory overhead of large language
model inference. One major line of research focuses on low-
ering numerical precision, known as quantization. GPTQ
(Frantar et al. 2022) is a state-of-the-art weight-only quanti-
zation method that converts model weights to low-precision
formats, thereby reducing memory transfer costs during
inference. Other works address weight-activation quanti-
zation, where the main challenge lies in handling activa-
tion outliers, which can severely degrade quantization accu-
racy. To address this, methods such as SmoothQuant (Xiao
et al. 2023) and SpinQuant (Liu et al. 2024) apply differ-
ent scaling strategies to mitigate the impact of outliers, ef-
fectively preserving model performance after quantization.
When supported by hardware, activation quantization can
also lead to faster inference by enabling low-precision arith-
metic throughout the computation.

In addition to reducing bit-widths, another major line of
research focuses on minimizing the number of parameters to
improve both memory and computation efficiency. Pruning
techniques (Sun et al. 2023; Frantar and Alistarh 2023) aim
to remove redundant and less important parameters from the
model. While unstructured pruning can achieve high spar-
sity, it typically requires specialized hardware to realize per-
formance gains. As a result, structured pruning (Ma, Fang,
and Wang 2023), which removes entire units such as atten-
tion heads or channels, is more hardware-friendly.

Low-rank compression is another promising approach for
reducing the number of model parameters. A common ap-
proach employs singular value decomposition (SVD) to ap-
proximate weight matrices in a lower-dimensional space. In
the context of LLLMs, several works have explored SVD-
based techniques. LORD (Kaushal, Vaidhya, and Rish 2023)
applies SVD to compress code-focused LLMs, though di-
rectly applying naive SVD to LLMs can lead to significant
performance degradation. To mitigate such losses, FWSVD
(Hsu et al. 2022) leverages gradient information to assess
each parameter’s importance, thereby minimizing the im-
pact of compression on model accuracy. On the other hand,
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Figure 2: An illustration comparing our proposed method SkipCat with naive low-rank compression. (a) The original model
layer. (b) The model structure after applying naive SVD low-rank compression. (¢) Our Cat technique, which shares low-
rank projection matrices across modules, enabling more ranks to be preserved without changing the compression rate. (d) Our
Skip technique, applied on top of the Cat architecture, skips submatrix computations for all low-rank projections and further

increases the number of preserved ranks.

the presence of outliers in LLM activations not only hin-
ders the effectiveness of quantization, but also poses a sig-
nificant challenge for low-rank compression. ASVD (Yuan
et al. 2023) identifies this issue and proposes to mitigate
the impact of outliers by applying a scaling matrix, de-
rived from the activation distribution on calibration data. La-
tentLLM (Koike-Akino et al. 2025) enhances compression
performance through the use of junction matrices. However,
directly applying these matrices may lead to numerical in-
stability. SVD-LLM (Wang et al. 2025b,a) applies a whiten-
ing transformation to the parameter matrices as a prepro-
cessing step, making the performance degradation approx-
imately proportional to the discarded singular values. This
leads to better performance compared to directly applying
SVD without whitening. In contrast to prior methods, our
proposed approach aims to increase the number of retained
ranks without altering the overall compression rate, and si-
multaneously resolves the numerical instability that arises
during low-precision computation.

Low-rank compression is also compatible with other tech-
niques and can be integrated to achieve greater efficiency
gains. Dobi-SVD (Qinsi et al. 2025) integrates quantization
with low-rank compression to achieve higher compression
ratios without significant loss in model performance. Basis
Sharing (Wang et al. 2024) shares the basis matrix among
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low-rank modules of the same projection type in different
layers. While the above-mentioned method helps reduce the
model’s storage footprint in main memory, it brings no bene-
fit in terms of computational cost or memory transfer during
inference. In contrast, our method shares the projection ma-
trix within the same layer for matrices that operate on the
same input. This design not only reduces memory transfer
overhead but also alleviates computational cost.

3 Proposed Method

In this section, we first introduce the background of SVD-
based compression in Section 3.1. We then present the two
core components of our method in Sections 3.2 and 3.3. Fi-
nally, Section 3.4 integrates these components into a unified
framework and discusses the resulting benefits.

3.1 SVD-based Low-Rank Compression

The typical layer structure of LLM, comprising attention and
MLP modules, is illustrated in Figure 2(a). For LLM, re-
ducing the FLOPs of matrix computations and the size of
weight matrices can help decrease computation time (Ka-
plan et al. 2020) or memory transfer latency during both
the prefilling and decoding stages. Given a weight matrix
W € RéewXdin and an input vector € R%»*1 the out-
putis y = Wz € R%uX1 We assume a batch size of



1 for simplicity. Each of the d,, elements in y requires
di, multiplications and dj, additions, leading to a total of
2d;,doyt FLOPs. Additionally, storing the weight matrix re-
quires din doys. This setting corresponds to the baseline case,
as indicated by the black dashed line in Figure 1.

Low-rank compression approximates large weight matri-
ces with the product of smaller matrices, leading to reduc-
tions in both memory consumption and computation. The
naive approach is typically grounded in singular value de-
composition (SVD), which factorizes a matrix into a set of
orthogonal components. The weight matrix T € Rout X din
can be decomposed using SVD as follows:

W=UxV',

where U € Rout*dou and V' € R%n*din are orthogonal
matrices. The matrix ¥ € R%utXdin jg a rectangular diago-
nal matrix, i.e. the top-left R x R block is a diagonal matrix,
where R = rank(W) < min(diy, dout), and its nonzero di-
agonal entries 01,09, . ..,0R are the singular values of W,
arranged in non-increasing order:

o1 >09>:-->0r>0.

Each singular value indicates how much its associated com-
ponent contributes to reconstructing the original matrix.
Therefore, to achieve the best approximation at a given com-
pression rate, one can retain only the top-r singular val-
ues with » < R and their corresponding components from
the decomposition. This yields a truncated diagonal ma-
trix ¥, € R"™*" containing the leading singular values. Si-
multaneously, we retain only the first » columns of U and
V, resulting in the truncated matrices U, € Rout X7 and
V, € R%nX"_ respectively. The matrix W can then be ap-
proximated by a rank-r reconstruction:

WU V..

To reduce computational cost during LLM inference, the
weight-input multiplication can be approximated using the
rank-r decomposition. By absorbing the singular values into
the orthogonal matrices, the weight matrix can be expressed
as the product of two smaller matrices, without increasing
computational overhead, that is

Wz ~ BAxzx, )

where B = UrEi/Q € RouXT gnd A = Zi/z‘/f € R7xdn,
We define A as the projection matrix and B as the recon-
struction matrix in the low-rank decomposition, where A
projects the input into a lower-dimensional space and B re-
constructs the output. Existing low-rank compression meth-
ods (Wang et al. 2025b, 2024) typically decompose the ma-
jor weight matrices within each layer of the LLM, as illus-
trated in Figure 2(b).

After applying low-rank compression with rank r, the to-
tal number of parameters in matrices A and B is r(di, +
dout ), With a computational cost of 27(dj, + dout) FLOPs.
Consequently, low-rank compression leads to a computa-
tional gain only when the reduced FLOPs and parameters
are fewer than the original matrix multiplication. This con-
dition yields the constraint:

7 < dindout / (din + dout)- )
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Equation (2) highlights the limitation under which low-
rank compression begins to yield computational benefits.
For example, if the weight matrix W is a full-rank square
matrix, i.e. R = dj,, = doy¢. The naive low-rank compres-
sion becomes efficient only when the rank 7 is less than half
the full rank R, that is r < R/2, as illustrated by the gray
dash-dot line in Figure 1. This strong constraint motivates
our work, which explores alternative approaches to relax this
limitation and enable more efficient compression.

3.2 Cat: Intra-Layer Shared Low-Rank
Projection using Matrix Concatenation

As shown in the model architecture in Figure 2(b), we ob-
serve that in the attention module, ¢, k, and v matrices share
the same input, while in the MLP module, gate and up matri-
ces also receive the same input. Therefore, if we allow ma-
trices with identical inputs to share a single low-rank projec-
tion, as illustrated by the red components in Figure 2(c), we
can increase the number of retained ranks without changing
the overall compression ratio. To enable multiple modules
to share the same low-rank projection, we apply concate-
nated SVD, thereby obtaining a shared low-rank projection.
We illustrate the following examples using the three matri-
ces in the attention module, namely Wq, W, and Wy, each
in R%ut*din We first concatenate these matrices along the
output dimension, as follows:
Wakv = [Wg WI—{F WJ] i S RBdO‘“Xd‘“,
We then apply low-rank factorization to the concatenated
matrix Wqgy decomposing it into two low-rank matrices
Bqkv and Aqkyv as follows:

. . aT
Wakve = BorvAQkrve = {Wg Wi W\ﬂ Wsiz,

where Bqkv € R3dout X7 and AQKV € R™*din_ We then
slice Bqkv along the output dimension to recover the origi-
nal shapes corresponding to WQ, WK, and Wv which serve
as the reconstruction matrices in the attention module, as
shown in Figure 2(c). The Aqkv corresponds to the shared
projection Ws; € R"*9n_ This approach can also be applied
to gate and up matrices in MLP modules.

With low-rank compression via shared projection, the
amortized number of parameters per matrix is reduced to
7(din + Cdout)/C, and the corresponding FLOPs per ma-
trix become 27 (d;,, + C'doyt)/C, where C denotes the num-
ber of concatenated matrices. We refer to the above method
as Cat, as illustrated by the orange line in Figure 1. Com-
pared to the naive approach, Cat allows more ranks to be
enables the retention of more ranks under the same memory
and computational budget.

3.3 Skip: Block Skipping via Schur Complement
and Column Permutation

In this subsection, we introduce a novel technique termed
Block Skipping (Skip), inspired by the Schur complement.
Specifically, the multiplication of the weight matrix and the
input vector is approximated using two low-rank matrices,
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Figure 3: The output activation distribution of low-rank pro-
jections in LLaMA2-7B after applying block skipping. Left:
Without column permutation, activation outliers cause FP16
overflow. Right: Column permutation stabilizes the distribu-
tion, preventing overflow in low-precision inference.

a low-rank projection matrix and a reconstruction matrix, as
defined in Equation (1). We restructure the low-rank pro-
jection matrix into two subblocks and merge the first block
into the reconstruction matrix, reducing the overall compu-
tational complexity. The core idea behind block skipping is
to bypass a designated submatrix during computation, sig-
nificantly reducing cost while maintaining the stability of
the computation.

In detail, by analyzing the multiplication of the low-rank
projection matrix A € R"*%» with the input vector z €
R%n*1 We partition the matrix and vector as:

A=A A, o' =[] 7]
where A; € R™7", Ay € R7*(din=r) 7. ¢ R™! and 25 €
R(4n=7)x1 Then, by assuming A; is invertible, the low-
rank approximation can be rewritten as:

= B(Alxl + Agxg)
= BA; (351 + A1_1A2x2)
= B/(l'l + A/.TQ) (3)

by defining B’ = BA; € Réuw>" and A’ = A['Ay €
Rrx (dinfr)_

This reformulation eliminates the need to explicitly com-
pute products involving A; by absorbing it into the redefined
matrices B’ and A’. As a result, computing the expression in
Equation (3) requires 27 (diy, +dout —7) +7 FLOPs, account-
ing for the multiplication with A’, vector addition, and the
final projection via B’. The number of parameters is reduced
to r(din + dout — 7). As shown in Figure 1, Skip also retains
more ranks than the naive low-rank compression under the
same compression rate.

Despite the promising efficiency of Equation (3), the for-
mulation may suffer from numerical instability when A; is
ill-conditioned. In such cases, A;l can have large values,
which in turn amplify the magnitude of A’. This amplifica-
tion can lead to overflow issues when computing A’z under

FP16 precision. As shown in the left subfigure of Figure 3,
although most activation values remain small, some outliers
exceed the maximum representable value of FP16, resulting
in overflow. Consequently, this prevents inference from be-
ing performed reliably under low-precision settings.

To address this, we apply a column permutation P to the
matrix A, such that the leading r columns of the permuted
matrix A = AP = [A; Aj] form a well-conditioned sub-

matrix A; € R™", with the remaining columns denoted
by Ay € R7*(din=7) The Strong Rank-Revealing QR fac-
torization (Gu and Eisenstat 1996) provides an effective al-
gorithm to identify such well-conditioned column subsets,
with provable bounds on condition number. Incorporating
this permutation, the original formulation is rewritten as:

Wz ~ BAx = BAPP "z = BA%
_Bli ill™
=B [A; 4] [m]
= BA, (7 + AT Ayiy)
= B'(#, + A'Zy) 4)

where # = Pz, B’ = BA;,and A’ = A" A,.

The permutation enhances numerical stability by avoid-
ing inversion of poorly conditioned matrices and improves
robustness in low-rank approximation. As shown in the
right subfigure of Figure 3, our preprocessing step applies
a column permutation to the weight matrix, which signifi-
cantly stabilizes the activation values after computing A’Zs.
Compared to the left subfigure, the resulting activations are
nearly two orders of magnitude smaller and more uniformly
distributed. This contribution enables block skipping to be
stably executed under FP16 inference without incurring per-
formance degradation.

3.4 SkipCat: Efficient Shared Projection with
Block Skipping

In our work, our primary objective is to increase the num-
ber of retained ranks without changing the overall compres-
sion ratio. In the preceding subsections, we proposed two
methods that individually enhance rank retention under the
same budget. Building on these, we further integrate both
techniques, as shown in Figure 2(d), where all low-rank pro-
jections are equipped with block skipping. The benefit of
combining both methods can be observed in Figure 1. The
green curve corresponds to applying the Skip technique to
the low-rank modules. Compared to the standard approach
(gray dash-dot line), our method substantially increases the
number of retained ranks in the low-compression regime
(i.e., within the 0.75 ~ 1 x 108 FLOPs or 75 ~ 100 MB
range). While the advantage of preserving more ranks di-
minishes under higher compression rates, we address this
limitation by integrating the Skip and Cat techniques into
a unified approach, referred to as SkipCat, as illustrated by
the red line in Figure 1. Our proposed method successfully
addresses the limitations of conventional low-rank compres-
sion. As illustrated by the blue line in Figure 1, SkipCat con-
sistently operates within the effective compression region,



Perplexity | Zero-shot Task Accuracy (%) 1 Avg. (%) Drop (%)
Model | Comp.Rate | Method | yutr ™ "4 | ARC.e ARC-c Hella OBQA Wino MathQA PIQA 1 1
\ - |  Dense | 547 726 | 7630 4334 57.14 3140 69.14 2817 7807  54.79 -
ASVD 9.06 11.66 | 67.80 3456 4825 29.60 63.77 2549 7220  48.81 5.98
Basis Sharing | 9.39 2330 | 59.18  27.82 3822 2420 6654 2389 6654  43.77 11.02
20% Dobi-SVD 939 1946 | 5425 2329 38.80 2280 5856 2275 6534  40.83 13.97
LLaMA2-7B SVD-LLM 8.82 1342 | 58.67 27.65 43.10 2620 6425 2385  70.18  44.84 9.95
SkipCat 629 895 | 7323  40.02 5190 31.00 6843 2771 7584  52.59 2.20
ASVD 208.55 - 3489  23.12 2989 1340 51.62 2208 56.86  33.12 21.67
30% Basis Sharing | 12.47 3881 | 5122 2295 3425 19.60 5943 2382 6192  39.03 15.77
° SVD-LLM | 11.75 1937 | 5290 24.06 3801 2200 61.72 2288 67.19 41.25 13.54
SkipCat 7.65 11.57 | 6831 35.67 4595 2620 6598 24.66 7242  48.46 6.34
\ - |  Dense | 972 1542 | 8354 5597 57.13 3100 67.80 49.61 7688  60.28 -
ASVD 2210 3542 | 73.99 4172 4202 2640 6330 3142 7209  50.13 10.14
388 20% SVD-LLM | 1433 2321 | 7138 4454 4729 2880 6646 3099  72.14  51.66 8.62
Qwen3- SkipCat 11.68  19.09 | 78.96 49.49 5247 29.60 69.38 4037  74.65  56.42 3.86
ASVD 108.80 138.07 | 47.98 23.89 3057 17.60 50.99 23.08 61.64  36.54 23.74
30% SVD-LLM | 19.17 32.69 | 58.08 3328 40.18 23.60 61.72 2533 6823 4435 15.93
SkipCat 13.81 2370 7428 4241 4657 2880 6543 3216 7231 5171 8.57

Table 1: Perplexity and zero-shot accuracy of low-rank compression methods.

demonstrating that the retained ranks contribute proportion-
ally to compression efficiency. This indicates that, under our
approach, increasing the number of preserved ranks directly
translates into meaningful compression gains. SkipCat ef-
fectively maximizes the number of effective ranks within a
given computational and memory budget.

4 Experiments

4.1 Experimental Setup

Models and Datasets We evaluate SkipCat and previous
low-rank compression methods on models from the LLaMA
(Touvron et al. 2023) and Qwen (Yang et al. 2025) families.
Since most previous compression methods have been evalu-
ated on LLaMA?2, we compare performance using both the
7B and 13B variants. To assess the generalizability of our
approach beyond LLaMA-based models, we further evalu-
ate it on Qwen3-8B and Qwen3-14B. We evaluate perplex-
ity on the WikiText-2 (Merity et al. 2016) and C4 (Raf-
fel et al. 2020) datasets. In addition, we assess zero-shot
task accuracy using the LM-Evaluation-Harness framework
(Gao et al. 2021) on a set of benchmark tasks, including
ARC-Easy, ARC-Challenge (Clark et al. 2018), HellaSwag
(Zellers et al. 2019), OpenBookQA (Mihaylov et al. 2018),
WinoGrande (Sakaguchi et al. 2019), MathQA (Amini et al.
2019) and PIQA (Bisk et al. 2020).

Experimental Details We compare SkipCat against sev-
eral well-known low-rank compression approaches, includ-
ing ASVD (Yuan et al. 2023), Basis Sharing (Wang et al.
2024), Dobi-SVD (Qinsi et al. 2025), and SVD-LLM (Wang
et al. 2025b). Following previous works, our reported com-
pression rates are based on the memory transfer cost asso-
ciated with the core weight matrices: g, k, v, o, gate, up,
and down. We use the official codebases of ASVD and Basis
Sharing', and follow their original settings to reproduce the

!Compression rate for Basis Sharing is recalculated using our
standard, differing from their original setup.
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results. We evaluate Dobi-SVD using its officially released
“noremapping” model checkpoints without further modifi-
cation. For SVD-LLM and SkipCat, we perform whitening
(Wang et al. 2025b) on the models using samples from the
training splits of WikiText-2 and C4.

. Zero-shot Task Accuracy
Model Comp. Rate Method Ave. (%) 1 Drop (%) |
| - | Dense | 5807 -
SVD-LLM |  50.09 7.98
LLaMA2-13B | 20% SkipCat 54.15 3.92
30% SVD-LLM | 46.15 11.93
¢ SkipCat 49.29 8.78
| - | Dense | 64.01 -
SVD-LLM | 55.11 8.89
Qwen3-14B 20% SkipCat 60.15 3.85
30% SVD-LLM | 50.19 13.82
¢ SkipCat 56.04 7.97

Table 2: Zero-short accuracy of compressed larger models.

4.2 Performance Comparison

To assess overall performance, we compare SkipCat with ex-
isting low-rank compression methods in terms of perplex-
ity and zero-shot task accuracy, as shown in Table 1. All
approaches are evaluated without any additional training or
the use of quantization techniques. SkipCat outperforms all
other methods when evaluated under the same compression
rate. On LLaMA2-7B with a 30% compression rate, our ex-
periments show that existing low-rank compression meth-
ods fail to close the performance gap, increasing perplex-
ity on WikiText-2 by 2.1x compared to the uncompressed
model, whereas SkipCat incurs only a 1.4x increase. No-
tably, SkipCat at 30% compression achieves lower perplex-
ity than all other methods compressed at just 20%. More-
over, in a training-free setting, our method achieves only a



Ablation Settings Perplexity |
Comp. Rate | " gip Ovant. | Wikiz 4
X X X 8.82 13.42
v X X 7.84 11.99
20% X v X 6.71 9.32
v v X 6.29 8.95
v v v 6.29 8.96

Table 3: Ablation study results on LLaMA2-7B.

2.2% average accuracy drop at 20% compression. When the
compression rate increases to 30%, other methods exhibit a
degradation of at least 13.54%, whereas SkipCat limits the
drop to 6.34%, representing a relative improvement of 7%.
The experiments on Qwen3-8B also show substantial im-
provements in both perplexity and zero-shot task accuracy,
further confirming the effectiveness of our approach in com-
pressing models.

To further assess the generalization capability of our
method, we extend our experiments to larger models, in-
cluding LLaMA2-13B and Qwen3-14B. As shown in Ta-
ble 2, despite the increased model scale, SkipCat consis-
tently achieves the most effective compression across all
methods under the same compression rates.

4.3 Ablation Study

Our proposed method consists of two core techniques: Cat
and Skip. These two components together form the founda-
tion of SkipCat. To examine the individual effectiveness of
each technique, we conduct an ablation study on LLaMA2-
7B under a 20% compression rate. As shown in Table 3,
using naive SVD low-rank compression alone increases the
perplexity on WikiText-2 from 5.47 to 8.82. When only the
Cat technique is applied, the perplexity decreases to 7.84.
When only Skip is applied, it further reduces to 6.71. These
results support our claim in Figure 1 that both techniques
help increase the number of effective ranks, which in turn
reduces performance degradation. When both Cat and Skip
are applied together, the model achieves the lowest perplex-
ity, demonstrating the complementary benefits of combining
the two.

We evaluate the compatibility of our approach with quan-
tization. Specifically, we apply HQQ (Badri and Shaji
2023) with rescaling to quantize the compressed model
to 8-bit precision. The experimental results show that our
parameter-level compression can be effectively combined
with precision-level quantization. This enables even greater
compression without introducing performance loss.

4.4 Improving Compression with Fine-Tuning

Our method already shows strong performance compared to
existing low-rank compression approaches in a training-free
setting. However, in many real-world applications such as
domain-specific adaptation or deployment on edge devices,
additional fine-tuning can offer further benefits. By combin-
ing low-rank compression with task-specific fine-tuning, it is
possible not only to improve accuracy on downstream tasks,
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but also to achieve higher compression rates. To investigate
this potential, we fine-tune the low-rank compressed models
at various compression levels. Following the setup in SVD-
LLM, we apply LoRA-based fine-tuning (Hu et al. 2022) on
the Alpaca (Taori et al. 2023) dataset to adapt the models.
In this experiment, we use LLaMA2-7B as the base
model. The model is first compressed to a target compres-
sion ratio, followed by fine-tuning using LoRA. The hy-
perparameters are set according to the configuration used
in SVD-LLM (Wang et al. 2025b). As shown in Table 4,
we fine-tune both the SkipCat-compressed and SVD-LLM-
compressed models and evaluate them on zero-shot tasks. At
a 20% compression rate, we observe that after fine-tuning,
the model compressed with SkipCat shows only a 0.39%
drop in average accuracy compared to the dense model. In
contrast, the model compressed with SVD-LLM still ex-
hibits a 3.78% accuracy gap. This improvement can be at-
tributed to our method’s ability to maximize the number of
effectively utilized ranks through architectural design. By
enabling richer capacity within the same compression bud-
get, our approach allows the fine-tuned model to recover
performance more effectively than naive low-rank meth-
ods. Even at more aggressive compression rates, our method
maintains consistently higher accuracy than SVD-LLM.

| Zero-shot Task Accuracy
| Avg. (%) 1  Drop (%) |

Comp. Rate | Method

- | Dense | 5479
20% SVD-LLM 51.02 3.78
SkipCat 54.41 0.39
40% SVD-LLM 46.91 7.88
SkipCat 48.65 6.15
60% SVD-LLM 39.50 15.29
SkipCat 41.16 13.64
80% SVD-LLM 32.33 22.47
SkipCat 32.82 21.97

Table 4: Zero-shot accuracy of fine-tuned compressed mod-
els based on LLaMA2-7B.

5 Conclusion

In this work, we propose SkipCat, a novel low-rank com-
pression framework for large language models. Our method
integrates two key techniques: Cat and Skip. The former al-
lows multiple matrices within a single layer to share a com-
mon low-rank projection, while the latter, block skipping,
reduces computation by omitting calculations in certain sub-
blocks of the matrices. These components allow the model
to increase the number of effectively utilized ranks without
changing the overall compression ratio, which helps maxi-
mize performance. We conduct evaluations on downstream
tasks and compare SkipCat with existing low-rank com-
pression methods. Our method consistently achieves signif-
icantly higher accuracy under the same compression rates.
These results demonstrate that increasing the number of ef-
fective ranks is a highly effective strategy for improving the
quality of compressed models.
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