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Abstract

As the parameter size of language models con-
tinues to grow, effective model compression
is required to reduce their computational and
memory overhead. Existing compression meth-
ods suffer from bottleneck issues: when the
compression ratio is increased, performance
degrades significantly. Low-rank decomposi-
tion and quantization are two prominent com-
pression methods that have been proven to sig-
nificantly reduce the computational and mem-
ory requirements of Large Language Models
(LLMs) while maintaining model accuracy. Ev-
idently, combining these two methods will
break through the existing compression bottle-
neck. However, how these two methods interact
when combined remains a critical question for
developers, as many assume they are orthogo-
nal, meaning their combination would not in-
troduce additional errors beyond those indepen-
dently introduced by each method. This paper
provides the first mathematical proof that low-
rank decomposition and quantization are non-
orthogonal. We validate these findings through
a series of experiments on large language mod-
els. Our results demonstrate that these meth-
ods are non-orthogonal, and their combination
leads to significant performance degradation.
Importantly, we propose a novel approach Di-
agonal Adhesive Method (DAM), which can
effectively combine the two methods and mit-
igate the performance loss. Our research pro-
vides deep insights into model compression
and lays a solid theoretical and experimental
foundation for future related studies.

1 Introduction

In recent years, Large Language Models (LLMs)
have demonstrated excellent performance in numer-
ous natural language processing tasks, thanks to
their increasing parameter counts (Huang et al.,
2021, 2022). However, this growth in parame-
ter size comes at the cost of significantly higher
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computational and storage demands (Meng et al.,
2022). Consequently, efficient and low-cost de-
ployment of LLMs has become a critical area of
research (Gupta et al., 2023). Prior work in this
field can be broadly categorized into two main
approaches: Architecture-modifying techniques
and Architecture-agnostic techniques (Ding et al.,
2023).

Architecture-modifying techniques include dis-
tillation and pruning (Hwang et al., 2021). Distil-
lation explicitly extracts knowledge from a large
model and utilizes it to train a smaller one (Porada
et al., 2021). Pruning, on the other hand, removes
less important parameters to reduce computational
and storage overhead. However, both distillation
and pruning are often impractical for LLMs due
to their substantial requirements for training data
and compute resources. Architecture-agnostic tech-
niques include quantization and low-rank decompo-
sition (Levy et al., 2017). Quantization reduces the
precision of model weights or activations, typically
from 32-bit floating-point to lower bit represen-
tations like 8-bit or 4-bit integers, or even binary
(Ashkboos et al., 2025). Low-rank decomposition
approximates weight matrices with lower-rank ma-
trices, reducing parameter count while keeping the
weights in floating-point format (Yuan et al., 2023).
Quantization and low-rank decomposition are pop-
ular choices for deploying LLMs practically be-
cause they are low-cost, architecture-agnostic, and
generally perform well.

Existing quantization and low-rank decomposi-
tion methods both face performance bottlenecks
(Sun et al., 2025; Yuan et al., 2023). For example,
quantization can maintain good performance at pre-
cisions above W4A4KV4, but when the model is
further compressed to lower bit-widths, there is a
significant and unacceptable drop in accuracy (Hu
et al., 2025). Similarly, low-rank decomposition
suffers a notable decline in performance when the
compression ratio exceeds 50% (Wang et al., 2024).

31125

Findings of the Association for Computational Linguistics: ACL 2026, pages 31125-31142
July 2-7, 2026 ©2026 Association for Computational Linguistics



Extensive experiments indicate that W4A4KV4
and a 50% compression ratio represent the current
bottlenecks for model compression techniques, lim-
iting the potential for further high-fidelity compres-
sion. An inspiring idea is to effectively combine
these two architecture-agnostic techniques.

It is natural to expect that directly combining
quantization and low-rank decomposition can yield
significant benefits in terms of computation and
storage costs. However, the potential drawbacks
remain unclear. Previous studies have assumed that
these two methods are orthogonal, meaning their
combination would not introduce additional errors
beyond those of each individual method (Wang
et al., 2024). However, these studies have primarily
focused on quantizing weights only, making extra
error from combining quantization and low-rank
decomposition less noticeable, and overlooking the
widespread presence of outliers when quantifying
activation values. These studies have failed to prop-
erly investigate the overall impact of utilizing both
methods together or to provide effective strategies
for their integration. This poses a major challenge
for further low-cost deployment of LLM:s.

To address these challenges, we first conduct
a theoretical analysis from both the tensor and
dot-product perspectives, demonstrating that quan-
tization and low-rank decomposition are non-
orthogonal and thus introduce additional error. In
addition, we find that the order in which these two
methods are applied significantly affects model per-
formance, and we derive the theoretically optimal
sequence—applying low-rank decomposition be-
fore quantization. Finally, we identify outliers of
activation as a key factor impacting compressed
model performance, and propose a Diagonal Adhe-
sive Method (DAM) that can significantly reduce
the extra losses caused by the combination of quan-
tization and low-rank decomposition.

To the best of our knowledge, we are the first
to theoretically demonstrate that quantization and
low-rank decomposition are non-orthogonal and
provide the correct compression order. Based on
the outliers issue inherent in low-rank decompo-
sition, we propose the DAM method. Extensive
experiments have shown that the DAM method sig-
nificantly improves the performance of compressed
models. Our research provides deep insights into
model compression, and lays a solid theoretical and
experimental foundation for future related studies.
Our contributions are summarized below:

* We mathematically prove that quantiza-
tion and low-rank decomposition are non-
orthogonal operations. Based on compression
error analysis, their combination introduces
compound errors and leads to performance
degradation. Our findings provide a theoreti-
cal foundation and challenge the conventional
belief that combining quantization and low-
rank decomposition does not significantly im-
pact performance.

* To improve the performance of combin-
ing quantization and low-rank decomposi-
tion, we are the first to derive the optimal
order—applying low-rank decomposition be-
fore quantization. This finding is further sup-
ported by extensive experimental results.

* We propose a Diagonal Adhesive Method
(DAM) to address the performance degrada-
tion caused by the combination of quantiza-
tion and low-rank decomposition. Extensive
experiments demonstrate that while maintain-
ing low cost and high speed, DAM signifi-
cantly improves performance.

2 Related Work

Quantization. Post-training quantization (PTQ)
has emerged as a prominent technique for large lan-
guage models (LLMs) due to its efficiency. Current
PTQ methods can generally be categorized into
weight-only and weight-activation quantization. To
minimize memory usage, some strategies concen-
trate on weight-only quantization. GPTQ employs
Hessian-based error compensation to achieve sig-
nificant compression rates by reducing quantiza-
tion errors (Frantar et al., 2022). AWQ (Lin et al.,
2024) enhances performance by tackling the ef-
fects of activation outliers on weight quantiza-
tion (Lee et al., 2023). QulP (Chee et al., 2023)
and QuIP# (Tseng et al., 2024) utilize random
Hadamard matrices for incoherent processing and
apply vector quantization to weights, resulting in
improved performance compared to reduced pre-
cision quantization. SmoothQuant (Xiao et al.,
2023) shifts the difficulty of quantization from ac-
tivations to weights through a mathematical trans-
formation. OmniQuant (Shao et al., 2023) further
boosts performance by training quantization param-
eters and transformation coefficients. Additionally,
I-LLM (Hu et al., 2024) proposes a strategy for
integer-only quantization and inference through
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fully-smooth block reconstruction and fully inte-
ger operators. Recently, QuaRot (Ashkboos et al.,
2025) employs random rotation matrices to facili-
tate 4-bit quantization of weights and activations,
while SpinQuant (Liu et al., 2024) learns these ma-
trices to refine the 4-bit quantization process.

Low-Rank Decomposition. Singular Value De-
composition (SVD) is a common technique for re-
ducing matrix size by approximating a matrix with
two smaller low-rank matrices (Golub et al., 1987).
In the realm of LLM compression, only a limited
number of SVD-based methods have been sug-
gested. Specifically, standard SVD focuses solely
on compressing the original weight matrix with-
out accounting for the significance of the param-
eters, which may result in a higher compression
error. To tackle this issue, FWSVD method was
introduced that incorporates Fisher information to
assess parameter importance (Hsu et al.). How-
ever, this approach necessitates a complex gradi-
ent calculation, requiring significant resources for
LLM compression. Another challenge with stan-
dard SVD is the distribution of activation, which
can influence compression accuracy. To address
this, ASVD method was proposed that scales the
weight matrix utilizing a diagonal matrix to reflect
the impact of input channels on the weights (Yuan
et al., 2023). Nonetheless, both methods do not es-
tablish a clear relationship between singular values
and compression loss.

Combining Quantization and Low-rank Decom-
position. Previous studies have explored the com-
bination of quantization and low-rank decomposi-
tion for model compression. SVD-LLM only com-
presses the model’s weights without addressing
the activation values and neglects their existence
(Wang et al., 2024). Prior research has not pro-
vided clear conclusions regarding the optimal order
of these two methods, nor has it offered solutions
to the problem of outliers. These issues pose sig-
nificant challenges for further high-quality model
compression.

3 Non-orthogonality of Quantization and
Low-rank Decomposition

Definition 3.1 (Quantization Method). The ex-
isting quantization method is a block based quanti-
zation method that divides the weight matrix into
multiple blocks and quantizes each block indepen-
dently. For each block, utilize the maximum abso-

lute value within that block as the scaling factor.

Q(W) = Round( 20

max(|W])
among them, (W) represents the quantized
block, W represents the original weight block,
max(|W]) represents the maximum absolute value
of the elements in block W, b represents the quan-
tization bit width, Round(-) represents rounding
operation. The inverse quantification formula is

D(Q(W)) = QW)  max([W])/(2" - 1) (2)

Definition 3.2 (Quantization Error). We for-
malize the quantification error and theoretical error
boundary as follows

EWz) =[Wz - DQW))z|, [E(Wz)|

3
< max(W])/(25 @~ 1)r

where E(Wx) is the quantization error and
|E(Wz)| is the maximum error boundary, x is the
input for weight . The detailed proof process is
provided in Appendix A.

Definition 3.3 (Low-Rank Decomposition
Method). For any matrix W € R™*™ its
Singular Value Decomposition (SVD) can be
expressed as

w=uxvT 4)

where U € R"*™ is a left singular vector matrix
(orthogonal matrix), 3 € R™*™ is a singular value
diagonal matrix, V' € R"*" is the transpose (or-
thogonal matrix) of the right singular vector matrix.
Appendix B shows the Low-Rank Decomposition
Error.

3.1 Tensor-level Analysis

Definition 3.5 (Compression Error). Previous
studies did not consider the optimal application
order of quantization and low-rank decomposition,
and we provided compression errors for different
orders. For the compression error of [ o ¢, we have:

E =|W—-Ux%, V||,

B, = 1QU;) * Q(%,) * Q(‘/’FT) —Up * Xy % VTTHFv

Eloq = HQ(UT) * Q(Er) * Q(VFT) - WHF

®
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where [ o g represents utilizing low-rank decom-
position first, and then utilizing quantization meth-
ods, r represents the compression ratio of low-rank
decomposition. Q(-) represents the utilize of quan-
titative methods. For the compression error of g o,
we have:

Ey =lQ(W) = W||F,
Ey = [|SVD(Q(W)) = Q(W)]|r

6
Byt = ISV, QW) - W]r  ©

Definition 3.6 (Tensor-level Orthogonality). If
any combination order of ¢ and / does not introduce
additional errors, we define the two compression
methods as orthogonal, satisfying the following
inequality:

YW € R, [ Eiog(W)|| < Et(W) + Eq(W)
and || Egol (W) < Eq (W) + Ep (W)
(7N

Theorem 3.7. According to the Appendix C,
we prove that low-rank decomposition followed
by quantization does not introduce additional com-
pression errors, satisfying the following inequality:

VIV € R™, || EBog(W)|| < Ei(W) + E,(W) (8)

Eq.8 states that after low-rank decomposition,
the maximum error in the matrix has a specific
limit and is strongly correlated with the singular
values o;, ensuring the determinacy of the scale
quantization parameter. Therefore, the quantization
error of non-zero vectors before and after low-rank
decomposition remains unchanged.

Theorem 3.8. According to the Appendix D,
we demonstrate that quantization before low-rank
decomposition introduces additional errors:

W € R, | Ega(W)|| > Eg (W) + Ey(W)
9)

Eq.9 states that the quantization operation Q(-)
introduces rounding errors, which can alter the sin-
gular value distribution of the matrix, affecting the
accuracy of SV D decomposition and ultimately
leading to a cumulative effect of errors greater
than simple superposition. This indicates that the
compression strategy of quantization first and then

SV D will lead to larger errors, and it is better to
adopt the strategy of SV D first and then quantiza-
tion.

3.2 Dot-product Level Analysis

In this section, we delve into the combined ef-
fects of quantification and low-rank decomposition
at the dot product level. Our analysis focuses on the
application of quantization and low-rank decom-
position to weight, while activation only applies
quantization operations. We first extend the defini-
tion of compression error to the dot-product level.

Definition 3.9 (Compression Error on Dot-
product Level). Letz,w € R" denote the inputs
of a compression [/q : R™ = R" and the dot prod-
uct operation < .,. >: R™ x R"™ = R. We define
E(fl(x, w) = (x,w)—(q(x), gol(w)) as the com-
pression error on dot-product level. Meanwhile, we
define Eﬁz(x,w) = (x,w) — (q(x),l o q(w)) as
the compression error when utilizing another order
to compress weight.

Definition 3.10 (Dot-product Level Orthogonal-
ity). Let f denote a composition of ¢ and [ in any
order, f := qolor f := [ oq. We assume that
if the combination of quantization and low-rank
decomposition does not introduce additional errors,
then they are orthogonal, defined as follows:

Vx,w € R”, |E17Dq(X,W)| = |E£I(X7W)| (10)

Theorem 3.11. Let g be the quantization, s be
low-rank decomposition. We demonstrate that any
order of quantization and low-rank decomposition
will result in additional compression errors:

Ix, w € R, |Bf (x,w)| < | B (x,w)] (1)

The Appendix E provides a detailed proof pro-
cess. We have demonstrated that quantization and
low-rank decomposition are non orthogonal at the
dot-product level.

4 Diagonal Adhesive Method

The theory in Section 3 suggests that utilizing
low-rank decomposition before quantization is the
optimal compression strategy. However, these two
compression methods have been utilized indepen-
dently in the past, and existing research has not
yet explored the problems and solutions when com-
bined.
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3D Visualization of ACtivation Value (L = Q)

anjeA Z

3D Visualization of ACtivation Value (L = Q + DAM)

anjeA 2

2000

Fig. 1: Visualization of activation values < 3,.V,T >, the left and right images respectively show the 3D visualization
of activation values before and after utilizing DAM. The X and Y axes represent the dimensions of the activation
matrix, while the Z axis indicates the magnitude of the values. The left figure shows that before applying the DAM
method, the activation values are steeply distributed with clear outliers, resulting in a Z-axis maximum of 32, which
significantly increases compression error. The right figure demonstrates that the DAM method effectively eliminates

outliers, reducing the Z-axis maximum to 3.0.

After undergoing low-rank decomposition, the
weight is decomposed into the form of UTE,,V;T,
where U, and VI are relatively smooth states. In
the quantization process, we choose to quantize
Q(U,) and Q(%,V,T'). However, due to the pres-
ence of Y., there is a significant quantization er-
ror when quantizing Q(X,V,T). This is because
< ETV;T > contains outliers (As shown in the left
image of Figure 1), which poses a huge challenge
for quantifying LLM. Outliers refer to a small num-
ber of elements that are significantly larger than
the mean of the entire matrix. They reduce the
effective utilization of the quantization space and
increase quantization error.

4.1 Problem Modeling

To address this issue, we propose a Diagonal Ad-
hesive Method (DAM). Introduce diagonal matrix
a and rewrite the decomposition as:

US V= (Ua) - (@'5V,1) - (12)

where the diagonal elements a; > 0 of a are
used to scale the columns of U,. and rows of ZTVTT.
DAM shifts the burden of outlier removal from
< %, V.I' > to < U, >. While eliminating outliers,
DAM has no impact on the model’s inference speed
or storage cost. The quantized product is:

QUya) - Qa1 V1) (13)

The objective is to choose a to minimize the
quantization error, that is to minimize:

1Q(Ura) - Q(a™ %, V) = U, S VI (14)

4.2 Quantization Error Analysis

Assume the quantization error is additive noise,
that is:

QW)=W+E (15)

where each element of E' is independent with
zero mean, and the variance is related to the quan-
tization step size. For the scaled matrices U,a and
a~'%, VT, their quantization error variances are

2
proportional to a7 and — respectively, where o;

is the -th diagonal element of Y,. The quantized
product error can be approximated as:

QUa) - Q <1ETVTT) U,V
¢ (16)

1
~ U,aBy + B -%, V.1
a

where F; and F» are quantization error matrices.

4.3 Error Decomposition and Optimization

For each rank ¢, analyze independently where u;
and v; are the ¢-th columns of U, and V. respec-
tively, and o; is the ¢-th diagonal element of X,.
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The squared Frobenius norm of the quantization
erTor is:

2
gi T 2
ajuiez; + —e1v; || = E |:||aiuz'e2,i| F}
a; F
o; 2
i, T
+E ‘ —e1,iv;
a; F

(17)
where e1; and e ; are quantization error vec-
tors. Assuming quantization error variances are

2
Var(ey ;) = clag and Var(ep;) = 022—;, the total

error is:

020'1-271 + clagm (18)
To balance both terms, choose a; such that:

2

CQO’?TL = cla?m —_ — = — (19)
C1 n

This shows there exists an a; that balances both

terms, thus minimizing the total error.

4.4 Existence of Optimal Diagonal Matrix

For each rank ¢, choose a; to balance the variance
terms of quantization error, that is:

2
a; < || ——
cam

Then, the diagonal elements of diagonal matrix

a are:
1/4
620'1277, /
a; =
c1m

Since the objective function is continuous and
has a lower bound, according to the extreme value
theorem, there exists such a diagonal matrix a that
minimizes the quantization error. We constructed
an error reconstruction loss to optimize the diago-
nal matrix a:

(20)

2

Lrecon = ”W:C - Q(UTQ)Q(EETV;’T):UH%‘ (22)

S Experiments

Models and Datasets. We apply our method to
the entire LLaMA family, including LLaMA-1 (7B-
30B) (Touvron et al., 2023a), LLaMA-2 (7B-13B)
(Touvron et al., 2023b), and LLaMA-3-8B. We
report perplexity (PPL) scores on the WikiText2
(Merity et al., 2016) test set. In addition, we also

evaluate the models on up to nine zero-shot tasks
utilizing the 1m-evaluation-harness (Gao et al.,
2024) , including BoolQ (Clark et al., 2019), Hel-
laSwag (Zellers et al., 2019), LAMBADA (Ope-
nAl) (Radford et al., 2019), OpenBookQA (OBQA)
(Mihaylov et al., 2018), PIQA (Bisk et al., 2020),
SIQA (Sap et al., 2019), WinoGrande (Sakaguchi
et al., 2021), ARC-Easy, and ARC-Challenge (Bo-
ratko et al., 2018).

Experiments Setup. In all experiments, quanti-
zation and low-rank decomposition will be applied
to weights, while activation will only utilize quan-
tization. For low-rank decomposition, we adopt
the state-of-the-art SVD-LLM (Wang et al., 2024)
approach. For quantization, we leverage the com-
monly utilized GPTQ (Frantar et al., 2022) tech-
nique. The experiment mainly includes three parts:
(1) verification of compression order, (2) verifi-
cation of non orthogonality of quantization and
low-rank decomposition, and (3) verification of di-
agonal adhesive method. Appendix F offers more
experimental results.

5.1 Verification of Compression Order

To verify the optimal compression order, we per-
formed order validation experiments. This sec-
tion offers empirical evidence that applying low-
rank decomposition before quantization achieves
superior model performance compared to the op-
posite sequence. These findings align with the
conclusions presented in Section 3.1. Table 1 de-
tails the performance across different quantization
bit-widths and low-rank decomposition ratios, ex-
amining both compression orders. For instance,
“4-16-16" signifies that the weights in the quan-
tized model are 4-bit, while activations and the KV
cache maintain full precision. “40%” represents a
40% compression ratio for low-rank decomposition.
Optimal results are displayed in bold.

We experimentally validated two different or-
derings: (Q=-L)—Quantization then Low-rank de-
composition, and (L=-Q)—Low-rank decomposi-
tion then Quantization. As shown in Table 1, the
L=-Q configuration demonstrates significantly bet-
ter model performance than Q=-L. Furthermore,
the performance gap favoring L=-Q widens with
increasing compression ratios. Consistent with the
discussion in Section 3.1, SVD Low-rank decom-
position bounds the maximum error in the matrix,
ensuring effective control over the accumulated
error in the L=-Q approach.
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Model Method (Ratio) ARC_C ARC_E HellaSwag LAMBADA PIQA Winogrande BoolQ OBQA SIQA Avg.
Original 46.16 74.54 75.98 73.92 79.05 69.06 7771 4420 4591 65.21

2-7B Q = L(50%) 22.46 35.67 34.68 30.55 39.96 27.43 3543 2055 36.57 30.57

L = Q(50%) 35.67 47.43 48.66 31.05 50.57 38.74 4890 3197 4793 4243

Original 49.15 77.44 79.39 76.73 80.47 72.14 80.58 4520 4749 67.61

2-13B Q= L(50%) 34.65 38.99 38.57 35.26 44.79 30.57 39.08 2449 38.75 35.59
L = Q(50%) 39.27 51.26 52.43 35.67 54.29 42.77 53.09 3596 5143 46.63

Original 57.17 81.02 83.81 79.60 82.70 77.98 83.81 4880 49.18 71.59

2-70B Q= L(50%) 39.67 43.27 41.09 38.94 48.36 33.63 4257 2899 4382 3997
L = Q(50%) 44.73 56.24 56.78 3942 57.77 47.08 59.03 3943 55.62 51.42

Original 53.50 71.57 79.12 75.51 80.74 72.93 81.10 4480 47.08 68.09

3-8B Q= L(50%) 37.43 41.35 39.07 36.68 46.52 31.30 39.67 2587 4126 37.26

L = Q(50%) 40.39 52.26 51.30 34.79 52.89 44.09 5646 3538 51.72 4743

Original 64.25 85.94 84.93 79.37 84.44 80.74 85.14 4846  50.82 73.81

3-70B Q= L(50%) 43.36 46.62 45.76 40.33 49.37 37.65 4354  29.87 4598 4247
L = Q(50%) 46.32 56.94 57.43 37.48 58.36 48.79 6142 41.78 56.55 5243

Table 1: The results of validating the compression order, we highlight the superior metrics, with the quantization set
to W4A4KV4.The compression ratio of the low-rank decomposition is 50%.

Ratio 2-7B 2-13B 2-70B 3-8B 3-70B

o O-shot  THo | O-shot THo | O-shot THo | O-shot THo | O-shot THo

Original 6521 - 16761 - 17159 - 16809 - 17381 -
10% 5571 5845, 5743 59.65 | 6235 65.41 , 5898 60.34 , 62.48 65.63
20% 5263 5237 ' 5286 57.39 ! 55.13 59.78 | 5456 58.75 ' 57.46 62.92
40% 4476 47341 4858 53.66 ' 53.82 55.14 1 4953 5343 1 54.64 58.77
50% 4243 4479 |, 46.63 5134 , 51.47 5139, 4743 50.77 , 52.43 56.41

Table 2: The results of the orthogonality verification experiment: 0-shot refers to the average performance across
the nine downstream tasks in Table 1, and THo represents the orthogonality threshold. When 0-shot is lower than
THo, it demonstrates that quantization and low-rank decomposition are non-orthogonal.

5.2 Non-orthogonality Verification of
Quantization and Low-Rank
Decomposition

Orthogonality Threshold: Following Equation
11, we introduce an orthogonality threshold, 7' H o.
Let P, represent the performance of the original
model. The performance of the quantized model
(e.g., accuracy) is denoted as Py, and the resulting
quantization loss is L,y = P, — FP,4. Similarly, the
low-rank decomposition loss is Ly, = P, — P,;.
The orthogonality threshold, T'H o, is then defined
as:

THo=PF, — Log — Ly (23)

For accuracy, where higher values indicate bet-
ter performance, T'Ho will be less than P,. Con-
versely, for perplexity, where lower values are bet-
ter, T'H o will be greater than P,.

This section aims to validate our conclusion
from Section 3.2: combining quantization and spar-
sity introduces additional error, indicating non-
orthogonality. We present results for the L-Q
(Low-rank decomposition followed by Quantiza-

tion) order only. As shown in Table 2, when utiliz-
ing accuracy as the metric, the combined model’s
performance significantly below the orthogonality
threshold T'Ho. These empirical findings support
the validity of Equation 11, confirming the non-
orthogonal nature of quantization and low-rank de-
composition.

Intriguingly, despite the substantial difference in
parameter layer count between LLaMA-2-7B and
LLaMA-2-70B, the performance deviation from
T Ho remains comparable. This contradicts our
expectation, as we would typically anticipate a sig-
nificant increase in accumulated compression er-
ror with more layers. We posit that this is due
to the smaller outlier magnitudes across layers
in LLaMA-2-70B. Consequently, quantizing after
low-rank decomposition does not introduce a pro-
portionally larger additional error. To explore this,
we performed ablation studies.

Ablation Experiment. In Figure 2, the experi-
mental results indicate that the L2 error on LLaMA-
2-7B and LLaMA-2-70B is similar. Compared
to Q=L, L=Q exhibits lower L2 error. In addi-
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. Method(Rati LLaMA-3-88 | LLaMA-3-70B LLaMA-2-78 | LLaMA-2-13B | LLaMA-2-70B LLaMA-7B
wikigy MethodRatio) - m—gnr TOshot(1) Wiki() | O-shot() _Wiki()) | 0-shot()) Wiki(1) | 0-shot(1) Wiki(1) | 0-shot()) Wiki(\)
"16-16-16 FP16 (0%) 6809  6.14 1 7381 286 | 6521 547 1 6761 488 1 7159 332 | 6445 568
T Q=L @0%) 423 438 | 477 279 | 364 374 | 412 397 | 453 299 | 354 318
L = Q (40%) 52.8 284 | 583 22.8 47.8 276 | 517 264 | 562 24.5 47.0 27.8
4-16-16 Ours. (0% 577 214 | 647 153 | 544 205 | 573 205 | 623 178 | 532 213
Q=L (20%) 473 369 | 524 247 454 3570 472 343 493 305 445 354
L = Q (20%) 57.9 234 | 604 136 55.6 212 ' 563 205 | 584 226 55.4 25.1
Ours  (20%) 63.6 165 | 6638 71 60.4 154 | 624 134 | 644 11.3 59.4 16.4
Q=L (40%) 404 451 1 457 289 342 389 1 301 40 1 431 310 332 393
L = Q (40%) 50.4 302 | 565 25.0 459 29.1 | 496 283 | 549 26.8 449 29.7
441 Ouwrs (40%) 555 233 | 628 175 | S21 225 | 551 231 | 601 198 | SLO 243
Q=L (20%) 450 387 1499 268 437 376 1 451 364 1 478 33.0 419 375
L = Q (20%) 55.8 255 | 584 15.2 533 235 | 544 23 | 562 248 53.1 277
Ours  (20%) 61.7 188 | 645 10.4 58.9 178 | 60.1 155 | 623 138 572 18.5
Q= L (40%) 392 462 | 4438 298 333 397 1 379 a9 422 321 323 40.1
L = Q (40%) 495 31 1 546 26.1 447 299 | 485 294 1 538 277 438 30.5
4qq Ours (40%) 546 245 | 6.7 188 | 512 233 | 542 243 | 593 207 | 501 254
Q=L (20%) 033 397 7488 277 425 385440 378 7490 35.0 408 38.6
L = Q (20%) 545 266 1 574 17.3 52.1 246 1 528 235 1 551 257 52.1 29.0
Ours  (20%) 60.3 196 | 634 11.5 57.6 188 | 59.0 168 | 614 15.0 56.1 19.8

Table 3: Results of the diagonal adhesive method. The compression ratios of the low-rank decomposition are 20%
and 40%, respectively.
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(a) The result on LLaMA-2-7B model. (b) The result on LLaMA-2-70B model.

Fig. 2: Compression errors (L2) and outliers (Anomaly Values) across different layers. The models utilized include
LLaMA-2-7B (32 layers) and LLaMA-2-70B (80 layers).

tion, LLaMA-2-70B exhibits smaller Outlier on
per-layer and reduced accumulated compression
error compared to LLaMA-2-7B. This also sup-
ports the rationale behind our DAM method, which
addresses outlier mitigation.

6 Conclusion

In this paper, we provide theoretical and practical
guidance for future model compression methods.
Firstly, we conduct theoretical analysis from the
perspectives of tensors and dot products, demon-
strating that quantization and low-rank decompo-

5.3 Verification of the Diagonal Adhesive sition are non-orthogonal and will introduce ad-

Method

This section serves to verify the effectiveness of
the Diagonal Adhesive Method. As presented in
the Table 3, our method demonstrably enhances the
performance of the L=-Q compression approach.
Compared to L=Q, DAM narrows the perfor-
mance gap of the LLaMA3-8B model by 42.6%
under the 4-4-4 (20%) setting. In addition, com-
pared to Q=L, DAM improves the performance
of the LLaMA3-8B model by 39.28% in the 4-4-4
(40%) setting. Appendix H offers more discussion
on different compression orders.

ditional errors. Additionally, we find that the or-
der in which these two methods are applied sig-
nificantly affects model performance, and we de-
rive the theoretically optimal sequence—applying
low-rank decomposition before quantization. Fi-
nally, we propose a learnable Diagonal Adhesive
Method (DAM), which will significantly reduce
the additional losses caused by quantization and
low-rank decomposition. Extensive experiments
demonstrate that while maintaining low cost and
high speed, DAM significantly improves perfor-
mance and breaks through the existing compression
bottleneck.
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Limitations

Firstly, due to limitations in computing re-
sources, we did not conduct relevant experiments
on larger language models. Secondly, due to lim-
ited experimental resources, there is a lack of ex-
periments conducted on different types of GPUs to
verify the widespread practicality of the verification
method.
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A Proof Process of Theorem 3.2

To better understand the maximum error bound
of Eq. 3, it is necessary to combine the definition of
quantization and dequantization, the mathematical
expression of error, and the extreme value analysis.
The detailed derivation process is as follows:

Step 1: Definition of Quantization Error

The quantization error E(W x) represents the
output difference when the original weight W and
the dequantized weight D(Q(W)) are multiplied
by the input z, that is:

E(Wz) =Wz —D(Q(W))z (24)

Among them, D(Q(W)) is the dequantized
weight.

Step 2: Mathematical Expression of
Dequantization

According to Eq. 3, the expression of the de-
quantization operation D(Q(W)) is:

max(|W|)

b1 (25)

D@QW)) =Q(W)-
Among them:

. Q(W

 max(|W]|) is the maximum absolute value of
the elements in the weight block,

) is the quantized weight,

* b is the quantization bit width.

Step 3: Expansion of Output Error

Substitute the dequantization expression into the
error definition, and expand to get:

max(|W|)

E(Wzx) 51

—wa - (Quv).
(26)
Extract the common factor =, which can be sim-

plified as:

max(|W|)

Bva) = (w - qon) - 25

> x (27)

Step 4: Upper Bound Analysis of Quantization
Error

During the quantization process, the quantization
error of each parameter satisfies:

max(|W|)
20 1

max(|W|)
—2-(20-1)

W—-QW)- (28)

The derivation of this inequality is based on the

property of the quantization step size: the quantiza-

tion step size is mZ’,{,(lvlv‘) , and the absolute value of

the rounding error does not exceed half of the step
max \W\))

© 2(26-1)

size (i.e.

Step 5: Boundary Derivation of Output Error
Substitute the upper bound of the quantization

error into the output error expression, and get:

max(]W\)

(V)| < 3 s

(29)

Final Conclusion
Through the above steps, the theoretical upper
bound of the quantization error can be derived as:
max(]W\)
2-(20—1)

B Low-Rank Decomposition Error

[E(Wz)| < (30)

In SVD decomposition, U = [u1, ug, us, ..., Uy,
Y = diag(o1,09,08,...,0.), and V =
[v1,v2, V3, ..., v:]. Then, the smallest singular val-
ues in X are truncated to obtain the compressed
weight matrix W’ = U x Trunc.(X) x VT x S~
Inspired by SVD-LLM (Wang et al., 2024), The
Frobenius norm of matrix W with dimension m xn
can be deduced into the square root of the trace of
its gram matrix, which is:

n m

Wile 2 (DD fwyl?
j=11

—1

= [trace(WTW)]%

€1y

Given an input X, we obtain the compression

loss L; when truncating the i*" singular value of
S~1X to reduce its rank for compression:

= |(W = W)X||r = llosuiv] ST X||r

= aitrace(uiviTsleXT(Sfl)TviuiT)%
(32)
Since U and V are orthogonal matrices, we have

U;‘Fvi:u;fruz I,v v; = =0,Vi # j;

trace(v;v] ) = trace(uiuiT) =1
(33)
we set the whitening matrix S is the Cholesky
decomposition of X X7, and SST = X X7 . We

can obtain:
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5
I

T o—1
losuivy S~ X||F
1
= gytrace(uvl STEXXT(S™H T wul)2
1
= Uitrace(uiviTviuiT)i =0
(34)
Therefore, L; of truncating o; equals to the sin-
gular value o; itself.

C Proof Process of Theorem 3.7

To simplify the proof process, all formulas omit
the input x. We rewrite £, as

Eioq = |QU)QENQVE) = W|p (35

Insert the middle term UTETVTT:

Eloq :|H|[Q(UT)Q(ZT>Q(VTT) - UTETV;T]—{—
U2, V," = W]|llr
(36)
For the Frobenius norm, the triangle inequality
holds:

1A+ Bllr <[lAllr +[IBllr (37

‘We obtain:

Eioq <INIQUNQENQV,) — U V||| ¢

+ U2 V,E = Wlir
(38)
Then, we have

Eoq < Eq+ E (39)

Strict proof. To prove the strictness of this in-
equality, we need to consider the properties of the
Frobenius norm:

Definition of Frobenius norm:

NAIE = /> i, jlay]? (40)

Meanwhile, for matrices A and B:

|A+ Bl = [|Al|% + || Bl|F + 2tr(A" B)
41
In our case:

A=QU)QENQVS) - U,z V!

42
B=UXx VI -Ww 2

B = A+ Bl[%
= | Al + IB[I% + 2tr(A" B)
= E2 + Ef +2tr(A"B)

(43)

Since tr(A” B) may be negative, this ensures
the validity of the inequality.

Considering the upper bound of quantization er-
ror:

[E(W)] < maz(W))/(2(2" - 1))

and the SVD decomposition error Es is deter-
mined by the truncated singular values:

(44)

(45)

This ensures that |[E(W)| and L; is bounded,
thereby ensuring an upper bound on the overall
error Fjoq.

LZ'ZUZ'

D Proof Process of Theorem 3.8

To simplify the proof process, all formulas omit
the input x. The upper bound of quantization error:

[E(W)] < maz(|W))/(2(2" - 1))

The quantization operation Q (W) introduces
nonlinear errors, which can: (1)Changing the Sin-
gular Value Distribution of a Matrix. (2)The low-
rank structure of the influence matrix. Perform
SVD decomposition on the quantized matrix Q
(W):

(40)

L;=SVD,.(QW)) =o0; 47)
D.1 Proof of Error Amplification Effect

Error propagation analysis.
tion introduces errors:

Firstly, quantiza-

QW) =W+ E, (48)

Among them, F, is the quantization error matrix.
Then, perform SVD decomposition on Q(W):

SVD.(QW)) = SVD.(W +E,)  (49)

Due to SVD’s sensitivity to disturbances, the
presence of I, can lead to:

SVD.(W + E,) # SVD,(W) + SVD,(E,)
(50)
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Nonlinear amplification effect. Considering ma-
trix perturbation theory, for small perturbations F:

Uz'(W—i-Eq) :Ji(W>+(5(Ti (51)

Among them, do; not only depends on the size
of E4, but also on the singular value distribution of
W. This leads to:

1SV D (Q(W)) = Wl >[SVDr (W) = W{lp+

QW) = Wik
(52)

Strict proof. We assume:

Egor = |SVD(QW)) = Wlr  (53)
Insert middle item Q(W):
Eqgor =[|[SVDr(Q(W)) — QW)]+ (54)

QW) = W]|r

The properties of Frobenius norm:

1A+ Blf& = | A% + [ BIE + 2tr(ATB) (55)

Applied to our situation:

El,=E;+Ey+
2tr([SVD(QV)) = Q)T [Q(W) — W)
(56)
The key point lies in the cross item:

2tr([SV D (Q(W)) = QUV)IT[Q(W) - W])
(57
This item is usually positive because: (1) The
quantization error changes the singular value struc-
ture of the matrix. (2) SVD decomposition is per-
formed on the quantized matrix, preserving the
main structure distorted by quantization. (3) This
structural distortion is related to the direction of the
original quantization error. So we obtain:

E2, > (By + Ey)? (58)

q

This means:

Eu > Ey + Ey 59)

Numerical stability analysis. The error amplifi-
cation of SVD after quantization can also be ana-
lyzed from the perspective of numerical stability:
(1) The quantization operation Q (-) will introduce
rounding errors. (2) These rounding errors will
affect the condition numbers of the matrix. (3) The
variation of the condition number will affect the ac-
curacy of SVD decomposition. (4) The cumulative
effect that ultimately leads to errors is greater than
a simple superposition.

E Proof Process of Theorem 3.11

To prove the optimal quantization order at the
dot product level, we need to analyze the error
sources, structures, and propagation mechanisms
of both orders, and compare their error magnitudes
through rigorous mathematical derivation.

E.1 Core Definitions and Notations

Let the original weight matrix be w € R™*™

and the activation value be z € R"™. The original
Dot-product is:

(z,w) = zTw (60)

E.1.1 Low-Rank Decomposition:

Any matrix w can be decomposed into a product
of low-rank matrices w ~ AB, where A € R"*F
and B € RF*™ with k < min(n, m) (low-rank
dimension). The decomposition error is r = w —
AB (usually small, as low-rank decomposition is
an optimal approximation).

E.1.2 Quantization:

The quantization function Q(-) converts a high-
precision matrix into a low-precision one, introduc-
ing quantization error:

* For a quantized matrix M, Q(M) = M +eyy,
where e is the quantization error (satisfying
lear| < |M], since quantization error is usu-
ally much smaller than the original value).

E.2 Error Derivation for Both Orders

We need to calculate the error between the Dot-
product under each order and the original value
(x,w), and compare their magnitudes.

E.2.1 Low-Rank Decomposition Followed by
Quantization (Order 1)

Steps:
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1. Perform low-rank decomposition on w: w =
AB + r (where r is the decomposition error,
negligible, approximately w ~ AB).

2. Quantize A and B respectively: A, =
Q(A) = A+ey, By = Q(B) = B+ep
(where ey and ep are quantization errors of
A and B).

3. The quantized weight matrix is:

Wq1 = Aqu =(A+es)(B+ep) (61)

Expanding and ignoring second-order small er-
rors (e gep, as the product of quantization errors is
even smaller):

wq1 = AB + Aep +eaB (62)

The Dot-product in this case is:

(x,wq1) = (x, AB) + (x, Aep) + (x,eaB)
(63)
Since w ~ AB, the original Dot-product
(x,w) ~ (x, AB). Thus, the error E; for Order 1

182

Ey =~ (x, Aep) + (x,e4B) (64)
E.2.2 Quantization Followed by Low-Rank
Decomposition (Order 2)
Steps:

1. Directly quantize w: wy = Q(w) = w + ey,
(where e, is the quantization error of w).

2. Perform low-rank decomposition on wy:
wy, = A'B' + 1’ (where A’ € Rk B’ ¢
RF¥*m and 7/ is the decomposition error).

The low-rank approximation of the quantized

weight is A’'B" = wy —r' = w + e, — ’. The
Dot-product is:

(2, A'B’Y = (z,w) + (z,ey) — (x,7")  (65)
Thus, the error F5 for Order 2 is:
Ey = (z,e4) — (z,7") (66)

E.3 Error Comparison and Proof

We need to prove |Ej| < |Es| (smaller error
norm), focusing on the scale of error sources and
the ability of low-rank decomposition to suppress
erTors.

E.3.1 Difference in Quantization Error Scale

The total energy (squared norm) of quantization
error is positively correlated with the number of
elements in the quantized matrix (assuming the
variance of quantization error for each element is
the same):

¢ In Order 1, the quantized objects are A and
B, with a total number of elements k(n 4+ m)
(since A€ nxkand B € k xm).

* In Order 2, the quantized object is w, with
a total number of elements nm (since w €
n X m).

Since k < min(n, m), it is obvious that:

kE(n+m) < nm (67)

Therefore, the total energy of quantization error
in Order 1 is much smaller than that in Order 2:

leal? + |eB]? < |ew|? (68)

E.3.2 Structural Difference in Error
Propagation
* Error F; in Order 1: The error terms
(x, Aep) and (z,e4 B) are products of low-
rank matrices and quantization errors, con-
strained by the low-rank dimension k. For
example:

|Aep| < |A] - |epl,leaB| < |eal - |B|
(69)

Since A and B are results of low-rank de-
composition, their norms |A| and |B| are not
excessively large, so F is “constrained" by
the low-rank structure.

e Error F5 in Order 2: The core of the error is
(x, eq), Where e,, is a high-rank matrix (since
w itself is high-rank, and the quantization er-
ror retains the high-rank property). The low-
rank decomposition error 7’ cannot offset the
high-rank components of e,, (low-rank ma-
trices cannot approximate high-rank errors).
Thus, (z, e,,) dominates the error, and due to
the large |e,,| (see Eq.68), F is significantly
larger.

E.3.3 Rigorous Inequality Derivation

Combining the above analysis and using the
Cauchy-Schwarz inequality:
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e For Fy:

|Ex| < || - (|Aes| +[eaB])

(70)
< || - (|Alles| + leal| B)
Since |e4| and |ep| are small (Eq.68), |E1| is
small.
e For Fsy:

|Ba| 2 |[(z, ew)| = [z, 7] = [2] - (lew| — 7'])

(71

Since |e,,| > |r’| (high-rank errors cannot
be eliminated by low-rank decomposition),
|E2| =~ |z| - |ew]|, which is much larger than
|EY .

At the Dot-product level, the error E; of low-
rank decomposition followed by quantization is
significantly smaller than the error E» of quantiza-
tion followed by low-rank decomposition because
the quantized objects are smaller in scale (low-rank
matrices) and the error is constrained by the low-
rank structure. That is:

[En| < | B (72)

F Speedup Experiments

We conducted prefilling and decoding tests
across several models. Prefilling acceleration im-
proved by 4.8x while ratio is 50%, and decoding
acceleration improved by 3.2x while ratio is 50%.

G Supplementary experimental results

Our work mainly theoretically proves the non-
orthogonality between quantization and low-rank
decomposition and provides the optimal compres-
sion order. Our compression process consists of
two steps: first quantization, then compression.
To verify our theoretical analysis, the traditional
GPTQ method was used for quantization in the
paper, but this quantization method has large quan-
tization errors. Since our method is compatible
with existing quantization methods, we replaced
the quantization method with the popular QuaRot
method, and the experimental results are as follows:

G.1 Experimental results of other models

We conducted experiments on the Qwen2-7B
and Mistral-7B models with the same setup as those
in the paper, and the results in W4-A4-KV4 are as
follows:

Speedup

Speedup
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Fig. 3: Prefill and decoding speedup across different
models. We decode 256 tokens after the prefill on a
sequence length of 2048. The quantization setting is
w4adkv4. The left figure represents the Prefilling stage,
and the right figure represents the Decoding stage.

The experimental results show that our method
achieves significant compression performance on
the Qwen model.

Furthermore, we replaced the traditional quanti-
zation method with QuaRot and conducted similar
experiments, with the results as follows:

The experimental results indicate that our
method is not only compatible with other PTQ
methods but also achieves superior performance.

H Discussion on different compression
orders

On the premise of achieving a compressed model
with a small compression error, in this paper, we
prove the superiority of performing low-rank de-
composition first and then quantization. However,
the compression order of performing quantization
first and then low-rank decomposition is still mean-
ingful.

The following is a detailed analysis of its advan-
tages from both technical principles and practical
effects:
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Qwen2-7B

MMLU HumanEval

GSMS8K MATH

FP16 (0%) 70.3 512 79.9 44.2
Q=L (20%) 422 275 45.9 16.9
L=Q20%) 613 425 61.0 36.3
Ours (20%) 65.6 46.1 73.6 39.8
Mistral-7B. MMLU HumanEval GSMSK MATH
FP16 (0%) 64.2 293 52.2 13.1
Q=L (20%) 375 11.8 22.4 2.9
L=Q (20%) 563 21.1 41.2 7.3
Ours (20%) 59.5 24.4 47.1 8.9

Table 4: Experimental results on Qwen2-7B and Mistral-7B (W4-A4-KV4 setup)

Qwen2-7B MMLU HumanEval GSMSK MATH
FP16 (0%) 70.3 51.2 79.9 44.2
Q=L (20%) 42.3 274 45.5 16.5
L= Q (20%) 62.6 44.8 63.3 39.7
Ours (20%) 68.5 48.3 77.9 41.7

Mistral-7B MMLU HumanEval GSMS8K MATH
FP16 (0%) 64.2 29.3 52.2 13.1
Q=L (20%) 37.3 11.6 22.5 2.3
L=Q (20%) 58.7 235 43.7 8.6
Ours (20%) 61.7 26.8 50.1 11.4

Table 5: Experimental results with QuaRot quantization

I. Quantization Provides a “Simplified Input"'
for Low-Rank Decomposition, Reducing
Decomposition Difficulty and Retaining
Redundancy

The core of quantization is to compress the
model by reducing the numerical precision of pa-
rameters (e.g., from 32-bit floating-point — 16-bit
floating-point — 8-bit integer). Essentially, it elim-
inates redundant precision information in param-
eters (i.e., subtle numerical differences that have
minimal impact on model performance). This pre-
processing significantly benefits subsequent low-
rank decomposition:

1. Reducing “Noise Interference'' in Parame-
ters and Enhancing Core Information Capture

in Low-Rank Decomposition Low-rank decom-
position (e.g., SVD singular value decomposition,
matrix factorization) aims to decompose high-rank
matrices (such as convolution kernels or fully con-
nected layer weights) into products of low-rank
matrices (e.g., W = A x B, where the ranks of A
and B are much smaller than that of W), preserv-
ing the “principal components" critical to model
performance.

However, original high-precision parameters
may contain numerous subtle numerical fluctua-
tions (which can be regarded as “noise"). These
fluctuations are not core to the model’s decision-
making but interfere with the identification of
principal components in low-rank decomposition
(e.g., singular value decomposition may misclas-
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sify noise as components needing retention).

Quantization first filters out this “noise'' from
redundant precision, making the numerical dis-
tribution of parameters more regular (e.g., quan-
tized parameters concentrate on limited discrete
values). This allows low-rank decomposition to fo-
cus more on the core numerical patterns that truly
affect model outputs, thereby retaining key infor-
mation more efficiently and reducing information
loss during decomposition.

2. Reducing the Dynamic Range of Parameters
and Improving the Stability of Low-Rank De-
composition The dynamic range of original high-
precision parameters can be large (e.g., floating-
point parameters may span multiple orders of mag-
nitude). When processing data with a large dy-
namic range, the numerical stability of low-rank
decomposition may decline (e.g., when singular
values differ significantly in magnitude, compo-
nents corresponding to small singular values are
easily ignored, leading to loss of useful informa-
tion).

Quantization maps parameters to a smaller dy-
namic range (e.g., the range of 8-bit integers is
typically [—128,127]), narrowing the numerical
span of parameters. This enhances the numer-
ical stability of low-rank decomposition during
calculations (such as singular value sorting and
low-rank matrix reconstruction) and reduces de-
composition errors caused by an excessively large
dynamic range.

II. Reducing Computational Costs of
Low-Rank Decomposition and Improving
Compression Efficiency

Low-rank decomposition has high computa-
tional complexity (e.g., the time complexity of
SVD decomposition for an M x N matrix is
O(M?N + M N?)), but quantization can signifi-
cantly reduce resource consumption in this process:

Reducing Parameter Storage and Computation
to Accelerate Decomposition After quantiza-
tion, the bit-width of parameters decreases (e.g.,
from 32-bit to 8-bit, reducing storage by 75%).
During low-rank decomposition, memory usage
and computation time for matrix operations
(such as matrix multiplication and singular value
solving) decrease significantly.

For example, decomposing a quantized 8-bit in-
teger weight matrix is several times faster on the
same hardware compared to the original 32-bit

floating-point matrix, with lower memory usage
(especially for large-scale models like Transform-
ers and ResNets, the effect is more pronounced).

To validate this, we conducted experiments: we
used INTS8 SpinQuant quantization + 20% Low-
rank decomposition (Q =- L) compression, com-
paring it against standalone 20% Low-rank decom-
position (Only-L).

The Table 6 and Table 7 show that com-
pared with standalone low-rank decomposition, the
“quantization first, then low-rank decomposition”
approach achieves comparable performance and
outperforms the standalone low-rank decomposi-
tion method in some metrics. Moreover, it im-
proves the compression speed by 2.2x, which is a
significant advantage of this approach. It is worth
noting that previous works often regarded quanti-
zation and low-rank decomposition as orthogonal.

The above indicates that quantization followed
by low-rank decomposition is also a valuable com-
pression method. In particular, existing low-bit
quantization methods can retain approximately
98% of model performance, making their gains
for low-rank decomposition increasingly valuable.
Previous work did not explore reasonable compres-
sion orders, assuming the two orders are orthogonal.
We theoretically propose the optimal compression
order, providing a theoretical foundation for future
research in the field of compression.
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Qwen2-7B 20%) MMLU HumanEval GSMSK MATH Time

FP16 (0%) 70.3 51.2 79.9 44.2 - - min
Only-L 48.0 29.7 479 19.2 132 min
Q=1L 48.3 29.3 47.8 19.6 63 min

Table 6: Results for Qwen2-7B (20% compression)

Mistral-7B (20%) MMLU HumanEval GSMS8K MATH  Time

FP16 (0%) 64.2 29.3 52.2 13.1 - - min
Only-L 46.3 18.7 29.9 4.7 136 min
Q=1L 46.5 18.3 293 4.8 62 min

Table 7: Results for Mistral-7B (20% compression)
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