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Abstract

Fine-tuning large language models (LLMs) us-
ing low-rank adaptation (LoRA) has become a
highly efficient approach for downstream tasks,
particularly in scenarios with limited computa-
tional resources. However, applying LoRA tech-
niques to quantized LLMs poses unique chal-
lenges due to the reduced representational pre-
cision of quantized weights. In this paper, we
introduce CLoQ (Calibrated LoRA initialization
for Quantized LLMs), a simplistic initialization
strategy designed to overcome these challenges.
Our approach focuses on minimizing the layer-
wise discrepancy between the original LLM and
its quantized counterpart with LORA components
during initialization. By leveraging a small cal-
ibration dataset, CLoQ quantizes a pre-trained
LLM and determines the optimal LoRA compo-
nents for each layer, ensuring a strong foundation
for subsequent fine-tuning. A key contribution of
this work is a novel theoretical result that enables
the accurate and closed-form construction of these
optimal LoRA components. We validate the effi-
cacy of CLoQ across multiple tasks such as lan-
guage generation, arithmetic reasoning, and com-
monsense reasoning, demonstrating that it con-
sistently outperforms existing LoRA fine-tuning
methods for quantized LLMs, especially at ultra
low-bit widths. The code is available at https:
//github.com/AoczhongZhang/CLoQ

1. Introduction

Large language models (LLMs) (Achiam et al., 2023; Tou-
vron et al., 2023; Jiang et al., 2023; Guo et al., 2024a)
have achieved remarkable success across a wide range of
domains and applications. With ongoing advancements,
the size and complexity of LLMs have grown exponen-
tially, with some models now exceeding billions or even
trillions of parameters. Although this scaling has unlocked
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unprecedented capabilities, it also introduces significant
challenges, particularly in efficiently adapting these models
to downstream tasks. Traditionally, full fine-tuning has been
the dominant approach for adapting pre-trained models,
involving updates to all model parameters. While effec-
tive in achieving state-of-the-art results, full fine-tuning is
resource-intensive, requiring substantial GPU memory to
store both model weights and optimizer states. These mem-
ory demands grow with the size of the model, making full
fine-tuning increasingly impractical for large-scale models
in resource-constrained settings.

To address these challenges, parameter-efficient fine-tuning
(PEFT) (Houlsby et al., 2019), such as Low-Rank Adapta-
tion (LoRA) (Hu et al., 2021) , has emerged as a promising
approach. PEFT updates only a small subset of parame-
ters while keeping the majority of the model unchanged,
enabling resource-efficient fine-tuning of large-scale mod-
els. LoRA, for instance, introduces small, learnable low-
rank matrices into the model’s architecture. These matrices
are optimized during fine-tuning while the original model
weights remain frozen, significantly reducing memory and
computational requirements. This design leverages the in-
sight that weight updates often reside in a low dimensional
subspace, allowing LoRA to achieve efficient adaptation
with minimal overhead.

In an orthogonal direction, model compression techniques ,
notably quantization (Rastegari et al., 2016; Hubara et al.,
2018; Choi et al., 2018; Wang et al., 2018; Shao et al., 2023;
Frantar et al., 2022a; Zhang et al., 2024a), have been de-
veloped to minimize GPU memory usage by converting
high-precision weights into low-precision representations.
Initially designed for inference in memory-limited envi-
ronments, quantization methods have since been adapted
to support fine-tuning. A notable advancement in this re-
gard is QLoRA (Dettmers et al., 2023) , which combines
LoRA with quantization techniques to reduce GPU memory
requirements for fine-tuning significantly. By leveraging
low-rank adaptation and quantized weights, QLoRA enables
resource-efficient fine-tuning of LLMs without compromis-
ing performance, making it a powerful tool for adapting
large-scale models to downstream tasks. However, extend-
ing LoRA to quantized LLMs introduces additional chal-
lenges, as the reduced representational precision of quan-
tized weights can disrupt standard initialization strategies,
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impacting task performance. Recent works (Li et al., 2023;
Yao et al., 2023; Liao et al., 2024; Guo et al., 2024b) pro-
posed minimizing quantization error through strategic ini-
tialization of the low-rank components in LoRA, to align
with the original weight states of the model. This strategy
has demonstrated success in fine-tuning lower-bit quantized
LLMs.

Contributions. In this paper, we introduce CLoQ
(Calibrated LoRA for Quantized LLMs), an efficient layer-
wise, data-driven initialization strategy specifically designed
for quantized LLMs by leveraging a small calibration
dataset. CLoQ consists of two main steps: a post-training
quantization phase to obtain quantized weights and a gener-
alized low-rank approximation phase under a linear transfor-
mation to compute the corresponding optimal adapters. We
derive a novel closed-form solution to the low-rank approxi-
mation problem, which can be efficiently computed using
just two singular value decompositions (SVDs).

Our CLoQ method requires no back-propagation, making it
a highly efficient approach for fine-tuning quantized models.
We demonstrate the effectiveness of CLoQ through exten-
sive validation on multiple benchmark datasets. Our results
show that CLoQ consistently outperforms existing LoORA
methods for quantized LLMs, particularly at ultra-low bit-
widths. For instance, the fine-tuning accuracy of INT2
CLoQ on the Llama2-13B model (Touvron et al., 2023) sur-
passes that of INT4 QLoRA (Dettmers et al., 2023) in the
arithmetic reasoning tasks, as shown in Table 1.

Notations. We clarify the mathematical notations that will
be used throughout this paper: we denote vectors by bold
small letters and matrices by bold capital ones. For any
matrix X € R™*", XT € R"™ ™ is the transpose of
X, and Tr(X) := >", X;, denotes the trace of X
when m = n. For any two matrices X Y € R™x7,
(X,Y) :=Te(X'Y) =" 1 2 =1 XijYi,j is the in-
ner product. We denote the Frobemus norm of X by

X[ = /Tr(XX) ST Y, X2, Tn ad-

dition, for any diagonal matrlx E dlang(al7 ey Op), WE
1

denote its square root by X2 2 = dlaug(a1 ey OB ).

2. Background

Integer Quantizer. Given a set of m weights w €
R™, the widely-used b-bit uniform integer (INT) quan-
tizer (Choi et al., 2018) determines the float scaling fac-

tor § =

max(w)—min(w)
20—1

where |-] is nearest-to-round operation. The quantizer
projects w onto the equally spaced grids Q = {z-6, (z+1)-
8,...,(z+ (2" = 1)) - 6}™ to obtain the quantized weights

q=3- (clip(gw +z,0,2b—1) —z).

and zero-point z = — L%(w)—‘ ,

For channel-wise (or group-wise) quantization, the scaling
factor ¢ is shared by the quantized weights within the same
channel (or group, respecitively).

Post-Training Quantization. Post-training quantization
(PTQ) has been a cornerstone technique for compressing
LLMs. PTQ methods directly identify low-precision repre-
sentations of a model without requiring retraining, making
them particularly well-suited for extremely large-scale Al
models including LLMs. The simplest approach in this cate-
gory is data-free quantization, commonly referred to as RTN,
which involves rounding the pre-trained model weights to
their nearest quantized states. More advanced PTQ algo-
rithms, such as OPTQ (Frantar et al., 2022b), leverage a
small calibration dataset to solve a least-squares problem
under discrete constraints:

in | XQ - XW|32, 1
min 1 XQ % (1)

to calibrate the quantization layer by layer. In this formula-
tion, X denotes the activation or feature matrix correspond-
ing to a batch of calibration data for a fixed layer. This
approach ensures that the quantization process preserves
the layer’s output by minimizing the discrepancy between
the original and quantized representations on the calibration
dataset. Several efficient back-propagation-free algorithms
(Behdin et al., 2023; Zhang et al., 2024b) have been pro-
posed to address (1).

Low-Rank Adaptation. LoRA (Hu et al., 2021) enables
efficient fine-tuning of large pre-trained models by intro-
ducing two small, trainable matrices, A and B, which are
added to the frozen weight matrix W. The weights of the
fine-tuned model are then expressed as W + AB T, where
A e R™" B € R"™", and r < min(m,n). During
fine-tuning, only A and B are updated, while W remains
fixed, significantly reducing the number of trainable pa-
rameters and computational overhead. LoRA initializes its
parameters as follows:

A~ N(0,0%), B=0,

ensuring that the initialization maintains perfect alignment
with the pre-trained weights W. Recent research has fo-
cused on developing variants of LoRA aimed at enhancing
its performance (Liu et al., 2024; Wang et al., 2024a;b).

3. Method

CLoQ is designed to enhance the fine-tuning of quantized
LLMs by incorporating calibration data, building upon
OPTQ (Frantar et al., 2022a) with a specific focus on the
initialization of LoRA adapters. It utilizes second-order
information derived from input activations X to ensure that
the low-rank adapter matrices A and B are initialized in
a manner that minimizes quantization error, particularly
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Figure 1. Fine-tuning results of Llama2-7B and Llama2-13B across various tasks. Left: the perplexity measured on WikiText-2. Middle:
the accuracy achieved on GSM8K. Right: the average accuracy across multiple arithmetic reasoning tasks.
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Figure 2. The discrepancy | X (Q + ABT — W)|| between the LoRA initialization and the original pre-trained weight matrix, computed
using the spectral norm and the Frobenius norm, respectively. The layer shown in the figures above is randomly selected from the
Llama2-7B model. The initialization is derived using both CLoQ and LoftQ under INT2 quantization. Notably, CLoQ significantly

reduces this discrepancy, demonstrating its effectiveness.

in relation to the data distribution. This alignment allows
CLoQ to improve the fine-tuning process by making the low-
rank adaptation more responsive to the model’s behavior
during calibration, thereby reducing the mismatch between
the quantized model and its full-precision counterpart. Im-
portantly, CLoQ uses the same calibration data as OPTQ,
ensuring that the initialization of LoRA adapters is both uni-
versal and effective across various downstream tasks. In our
experiments, we use the Wikitext dataset for calibration, of-

fering a robust and generalizable foundation for fine-tuning
across a range of task domains.

3.1. Calibrated Quantization and Low-Rank
Initialization

Given the activation matrix X associated with the calibra-
tion data, CLoQ aims to solve the following optimization
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problem for LoRA initialization:

IX(Q+ABT —W)|%, (2

min

QcQ,ACR™ X" BERnX"
where X € R("D*™ jg the activation matrix associated
with a calibration data set of b samples, each represented as
an ! x m sub-matrix and stacked along the row dimension.
Q < R™*™ is an appropriate set of all feasible quantized
weights. The objective of (2) is to ensure that the initialized
weights for the LoRA model, Q + AB", closely approx-
imate the pre-trained model weights W € R™*™ when
applied to the activation matrix.

This problem can, in theory, be solved using an alternating
minimization method, whose ¢-th iteration reads:

Q' = arg min | X(Q + A'(BY) - W)

AL B = argmin [ X(ABT + Q™ - W)

In practice, we observe that it suffices to just perform a sin-
gle iteration with the initialization A°(B°)T = 0. There-
fore, the proposed CLoQ method comprises two steps: a
quantization step and a low-rank approximation step under
a linear transformation, which we detail in the rest of this
section.

After solving the above problem and obtaining Q, A, B, we
fix the quantized weights @ and update only the low-rank
components A, B during the subsequent fine-tuning stage,
as per the LoRA approach.

3.1.1. POST-TRAINING QUANTIZATION

With AB " initialized to zero, the problem of finding € sim-
plifies to the standard layer-wise post-training quantization
(PTQ): ,
min || X (Q — W)||z, 3
min | X(Q W)l )

an optimization problem that has been extensively studied
in recent literature (Frantar et al., 2022b; Chee et al., 2023;
Xiao et al., 2023; Zhang et al., 2024b). For this, we adopt
the widely-used OPTQ method (Frantar et al., 2022a). To
further enhance OPTQ’s performance, we incorporate a pre-
processing technique called weight magnitude reduction
(MagR) (Zhang et al., 2024a), which modifies W by re-
moving outliers prior to quantization. MagR preprocessing
significantly improves OPTQ’s effectiveness in the low-bit
regime while introducing minimal additional time beyond
the OPTQ process and incurring no computational or mem-
ory overhead during inference time.

3.1.2. GENERALIZED LOW-RANK APPROXIMATION

After obtaining @ in the quantization step, we denote by

AW =W - Q

the residual of the quantized weights. To determine A and
B, we solve the following low-rank approximation problem
under the linear transformation induced by X:

IX(ABT — AW)]f. Q)

min

AeR™xT, BERn X"
It is important to note that problem (4) is non-trivial due to
the presence of the matrix X, and its optimal solution is
not given by directly computing the low-rank approxima-
tion (or SVD) of AW. However, we demonstrate in the
following result that the problem can be solved accurately
by performing just two SVDs:

Theorem 3.1. Suppose the activation matrix X € R(-Dxm
(b -1 > m)is of full-rank. Suppose the Gram (or
Hessian) matrix H = X' X € R™ ™ has the SVD
H = UHEHUE and denote by R = E?{UE the non-
symmetric root of H. Then any pair (A, B) satisfying

AB'" = R7'LR,(RAW). 5)

permits an optimal solution to problem (4). Here
LR, (RAW) = argmin.,.k(z)<r||Z — RAW|} de-
notes the best rank-r approximation of RAW..

Proof. Firstly, we observe that the objective in (4) has the
following equivalent expression:

IX(AB'T — AW)|[3
=Tr((AB' - W)TXT (AB" — AW))
=Tr((AB' - W)TH(ABT AW))
=Tr((AB" — AW)'R'R(AB" — AW))
= |R(AB' - AW)IIF
= |RAB' - RAW|f3,

where in the third equality, we used the identity: H =
R'R. Moreover, since X is full rank, H is invertible, and
sois R.

Based on these facts, we interpret problem (4) as find-
ing the standard best rank-r approximation of RAW,
LR, (RAW), which can be obtained by performing the
SVD of RAW and extracting the top-r principal compo-
nents. Then, (A, B) is an optimal solution to

min |IRABT — RAW |2
AERMXT BERnXT
if and only if
RAB' = LR, (RAW).

Consequently, since R is invertible, any (A, B) fulfilling
AB'" = R7'LR,(RAW).

permits an optimal solution to problem (4). O
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To apply Theorem 3.1 to solve problem (4), we make the
following observations:

* One SVD is required to compute R and another is
needed to determine LR, (RAW). Given that R €
R™*™ and RAW € R™X" while X € R®Dxm,
the computational complexity of SVDs required for
solving (4) is independent of b - [, which is significantly
larger than m or n in practice. Here [ represents the
context length, and b denotes the size of the calibration
dataset.

e Indeed, (5) admits infinitely many optimal solu-
tions. Suppose LR,.(RAW) has the form U:,.Z]:TV:TT.
In our experiments, we consistently take A =
R_IU:TE:,« and B = V.., which empirically per-
forms well. However, it is clear that if (A, B)
is an optimal solution, then for any invertible
C € R™, the pair (AC, B(C™")") also sat-
isfies (5) and thus provides an optimal solution to
(4). For example, (A, B) = (R_lU:T, V.X.) or

1

(RflU"«Z]%n7 V..X2). In Section 5, our ablation
study shows that the combination (RflU 72, Vi)
gives the best practical performance during the sub-
sequent LoRA fine-tuning process. A more compre-
hensive theoretical analysis of different initialization
schemes (Hayou et al., 2024) will be addressed in fu-
ture work.

* When H is not invertible or poorly conditioned, we
propose adding a small constant A to the diagonal ele-
ments. Specifically, we typically set A = 0.01%,
following a strategy similar to that used in the prior
works (Frantar et al., 2022b; Chee et al., 2023). This
adjustment has consistently proven effective in miti-
gating numerical issues and ensuring stability during

computations.

To summarize, our proposed CLoQ method is detailed in
Algorithm 1.

4. Experiment

In this section, we evaluate the effectiveness of CLoQ on
language modeling, arithmetic reasoning, and commonsense
reasoning tasks. The fine-tuning through CLoQ consists of
two key stages: the initialization step and the fine-tuning
step. In the initialization step, we quantize the full-precision
weight W into low-precision weight @ and find optimal
low-rank matrices A and B that minimize the residual error.
In the finetuning step, the quantized weight matrix Q is
fixed in low-precision, while A and B are trained through
back-propagation. The detailed hyperparameter settings for
all our experiments are presented in the Appendix A.

Algorithm 1 CLoQ for initializing one linear layer

Input: Gram matrix of activations H = X "X e Rmxm,

Pre-trained weight matrix W € R™*", Rank
r < min(m,n).

Output: Quantized weight matrix @ € R™ ",
Low-rank components A IS R™*" B S
RTLXT'.

1: Solve (3) to obtain the quantized weights Q.

2: Compute the residual of quantized weights AW =
W —Q e Rm™*n

3: Perform SVD: H = UHZHUL

4: Evaluate: R = E,%{U,TI

5: Perform the SVD of RAW to find its best rank-r ap-
proximation: LR,.(RAW) = UZTE:TVI

6: Compute the low-rank components:

A=R'U.,x,

B = V:T
Return: Q, A, B

Models and Datasets. We test CLoQ on Llama2-7b and
Llama2-13b (Touvron et al., 2023) models. Following prior
works (Frantar et al., 2022a), we randomly sample 128 in-
stances, each with a context length of 2048 tokens, from
the WikiText-2 dataset (Merity et al., 2016) to serve as the
calibration set for quantization. Then, we fine-tune and eval-
uate the models on WikiText-2 for language modeling. For
single arithmetic reasoning tasks, we fine-tune and evaluate
on the GSMS8K (Cobbe et al., 2021). For multi arithmetic
reasoning, we fine-tune the models on Math10K (Hu et al.,
2023) and then evaluate the test sets of AQuA (Ling et al.,
2017), GSMS8K, MAWPS (Koncel-Kedziorski et al., 2016)
and SVAMP (Patel et al., 2021). For commonsense reason-
ing tasks, we fine-tune the models on Commonsensel70K
(Hu et al., 2023) and evaluate on eight representative tasks:
BoolQ (Clark et al., 2019), PIQA (Bisk et al., 2020), SIQA
(Sap et al., 2019), HellaSwag (Zellers et al., 2019), Wino-
Grande (Sakaguchi et al., 2021), ARC-e, ARC-c (Clark
et al., 2018) and OBQA (Mihaylov et al., 2018).

Baselines. We compare with LoRA (Hu et al., 2021),
QLoRA (Dettmers et al., 2023), GPTQ-LoRA (GPT, 2023)
and LoftQ (Li et al., 2023). LoRA is often considered as
the benchmark for fine-tuning performance. QLoORA in-
corporates NF-quantization, with its low-rank initialization
aligning with the standard LoRA method. GPTQ-LoRA in-
tegrates OPTQ for the base weights and fine-tunes the LoRA
component while preserving its low-rank initialization as in
the standard LoRA, with the quantized weights kept frozen.
In contrast, LoftQ and LQ-LoRA carefully initialize the
quantized weight and low-rank matrices by solving some
optimization problems to minimize the approximation error.
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Table 1. Accuracy on four arithmetic reasoning tasks. The LoRA rank r is 64 for all methods.

Llama2-7B Llama2-13B
Method Bit | GSMSK SVAMP MAWPS AQuA | Avg. T | GSMSK SVAMP MAWPS AQuA | Avg. 7
LoRA 16 | 436 59.4 85.0 270 | 537 | 553 67.7 87.4 244 | 587
QLoRA 4 427 58.7 873 26.4 53.7 54.8 69.4 87.0 26.8 59.5
GPTQ-LoRA 4 43.0 58.4 86.1 243 52.9 532 67.5 85.3 25.6 57.9
LoftQ 4 417 56.0 86.3 253 523 54.9 66.5 87.7 239 583
CLoQ 4 43.6 60.3 87.0 27.6 54.6 55.4 66.9 88.7 272 59.5
QLoRA 3 1.4 1.4 0.7 34 1.7 0.8 25 03 6.2 24
GPTQ-LoRA 3 389 55.7 84.9 232 50.7 50.6 65.2 88.0 22.6 56.6
LoftQ 3 39.9 56.3 86.3 26.4 522 53.9 66.1 87.0 23.6 577
CLoQ 3 422 58.9 89.1 24.0 53.6 525 66.1 89.1 28.0 58.9
QLoRA 2 0.9 L5 0.8 5.1 2.1 0.5 0.7 0.1 0.9 0.6
GPTQ-LoRA 2 21.7 39.0 76.6 22.1 39.9 319 49.6 82.5 236 46.9
LoftQ 2 29.5 458 83.6 232 45.6 37.0 55.9 87.7 21.7 50.6
CLoQ 2 347 52.0 86.1 24.1 49.2 4.6 57.6 88.7 28.4 54.8

Table 2. Finetuning results of WikiText and GSM8K on Llama2-
7B and Llama2-13B.

Llama2-7B Llama2-13B
Method Bit | Wiki (ppl]) GSMS8K (acct) | Wiki (ppl]) GSMSK (acct)
LoRA 16 |  5.08 36.9 | 512 453
QLoRA 4 5.70 35.1 5.22 39.9
LoftQ 4 5.24 35.0 5.16 45.0
CLoQ 4 5.25 40.6 4.78 493
QLoRA 3 573 32.1 5.22 40.7
LoftQ 3 5.63 329 5.13 44.4
CLoQ 3 5.45 39.9 4.92 48.1
QLoRA 2 NA. NA. NA. NA.
LoftQ 2 7.85 209 7.69 254
CLoQ 2 6.51 337 5.73 417

4.1. Implementation details

Quantization. We quantize the weights of all linear layers
in the base model using MagR preprocessing (Zhang et al.,
2024a) followed by OPTQ (Frantar et al., 2022a). The
quantization scheme employs uniform (a.k.a. INT) and
asymmetric quantization, with a default group size of 64.
After quantization, we compute the LoRA components A
and B, which are maintained in FP 16 precision.

Fine-tuning. Following prior works (Dettmers et al., 2023;
Liet al., 2023; Liao et al., 2024), we fine-tune the models
using the standard LoRA configuration, with modifications
to the LoRA initialization and learning rates. The quan-
tized weights remain fixed, and only the LoRA adapter
matrices are trainable during fine-tuning. The rank of the
LoRA adapters is consistently set to 64 across all methods.
For optimization, we use AdamW (Loshchilov, 2017). All
experiments are conducted on NVIDIA A100 GPUs with
80GB of memory.

4.2. Fine-tuning Results

Language modeling. We evaluate the models by reporting
the perplexity of language generation on WikiText-2. As
shown in Table 2, CLoQ consistently delivers the best per-

formance across the majority of bit levels when compared
to other methods. Notably, at INT2, CLoQ demonstrates its
effectiveness by achieving a perplexity improvement of 1.34
on Llama2-7B over LoftQ. This result highlights CLoQ’s
ability to maintain superior performance even under ultra-
low bit quantization constraints.

Arithmetic reasoning (single task). To evaluate the models
on GSM8K, we extract numerical answers from the gener-
ated solutions and determine accuracy by analyzing these
extracted values. As shown in Table 2, CLoQ achieves better
performance across different model sizes and quantization
bit levels. CLoQ reaches an accuracy of 33.7% at INT2 on
Llama2-7B, which surpasses that of LoRA at INT4 across
all model sizes. More remarkably, the accuracy of INT2
CLoQ on the Llama2-13B model outperforms that of INT4
QLoRA. On the Llama2-7B model, the accuracy of INT2
CLoQ is better than that of INT3 QLoRA and is comparable
with INT4 QLoRA.

Arithmetic reasoning. To evaluate CLoQ’s effectiveness
across multiple arithmetic reasoning tasks, we fine-tuned
models on the Math10K dataset and assessed their per-
formance on four separate math reasoning benchmarks,
demonstrating their adaptability to diverse mathematical
challenges. As shown in Table 1, CLoQ consistently outper-
forms other methods across various model sizes and quanti-
zation levels, achieving superior accuracy both on average
and on individual datasets. Notably, at INT2 quantization,
CLoQ delivers substantial gains, improving accuracy by
3.6% and 4.8% over LoftQ on Llama2-7B and Llama2-13B,
respectively. Even at INT4, CLoQ surpasses both LoRA
and QLoRA on Llama2-7B. Moreover, for complex rea-
soning tasks such as GSM8K and SVAMP, CLoQ achieves
5.2% and 6.2% higher accuracy than LoftQ on Llama2-7B,
highlighting its robustness in challenging problem settings.
These results underscore CLoQ’s remarkable potential in
handling intricate reasoning tasks with enhanced accuracy,
even under ultra-low-bit quantization.
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Table 3. Accuracy on eight commonsense reasoning tasks. The LoRA rank r = 64 for all methods.

Model Method Bit | BoolQ PIQA SIQA  HellaS. WinoG. ARC-e ARC-c OBQA | Avg. 1
LoRA 16 | 736 86.5 81.8 95.2 86.9 89.4 76.7 86.7 | 846
QLoRA 4 73.9 84.4 79.7 93.3 84.6 86.1 73.0 85.1 825
GPTQ-LoRA 4 73.4 83.6 79.3 93.3 84.5 86.5 72.8 83.3 82.1
LoftQ 4 73.7 86.0 81.1 94.6 86.3 88.1 75.5 86.2 83.9
CLoQ 4 74.2 86.3 81.6 95.1 85.9 88.7 75.7 86.4 84.2

Llama2-7B GPTQ-LoRA 3 71.8 82.7 79.3 92.1 82.8 84.2 70.6 83.4 80.8
LoftQ 3 74.0 85.6 81.0 94.3 85.6 88.1 75.4 85.5 83.7
CLoQ 3 735 86.1 81.2 94.8 85.4 88.6 75.1 85.0 83.7
GPTQ-LoRA 2 62.2 49.5 333 25.1 494 25.0 22.6 27.6 36.8
LoftQ 2 62.4 70.5 73.4 78.8 71.0 66.5 50.8 62.3 67.0
CLoQ 2 70.2 82.2 78.9 91.7 82.2 83.6 70.7 81.4 80.1
LoRA 16 ‘ 76.3 88.5 83.4 96.5 89.6 92.8 81.7 89.6 ‘ 87.3
QLoRA 4 74.9 86.6 81.5 94.9 86.9 89.1 77.1 87.2 84.8
GPTQ-LoRA 4 74.5 86.1 81.8 94.7 86.8 89.0 77.1 84.5 84.3
LoftQ 4 76.0 87.9 82.8 95.8 88.9 91.2 80.8 88.8 86.5
CLoQ 4 75.7 88.4 82.9 96.3 89.4 91.1 81.9 90.0 87.0

Llama2-13B GPTQ-LoRA 3 73.5 85.2 81.1 94.1 85.7 87.9 75.5 85.3 83.5
LoftQ 3 75.2 87.8 82.8 96.3 89.5 91.1 81.4 88.0 86.5
CLoQ 3 75.3 88.1 82.8 95.9 90.1 91.2 80.7 90.6 86.8
GPTQ-LoRA 2 62.2 50.1 34.0 25.1 49.6 25.0 22.7 27.6 37.1
LoftQ 2 65.9 76.4 78.0 84.4 76.1 75.1 60.1 72.7 73.6
CLoQ 2 73.9 85.5 81.6 94.8 87.3 89.5 774 84.8 84.4

Table 4. Finetuning results of WikiText and GSM8K for g128 and
per-channel quantization.

Llama2-7B Llama2-13B

Method  Bit | Wiki (ppll) GSMSK (acct) | Wiki (ppl}) GSMSK (acct)
LoRA 16 | 508 36.9 | 512 453
LoftQ 4 5.24 35.0 5.16 45.0
CLoQ 4 528 39.5 479 493
LoftQ 3 5.63 329 513 444

3 555 38.7 4.99 46.9
CLoQ 3,008 | 548 390 4.94 486
LoftQ 2 7.85 209 7.69 254

2 6.95 316 6.07 40.0
CLoQ  ho128 | 677 321 5.90 40.4

Commonsense reasoning. We further evaluate the effec-
tiveness of CLoQ on commonsense reasoning tasks by fine-
tuning the models on the Commonsense170K dataset and
testing their performance across eight reasoning bench-
marks, as presented in Table 3. Consistent with its per-
formance on arithmetic reasoning tasks, CLoQ outperforms
other methods across different model sizes and quantization
levels, achieving notable improvements both on average and
within each dataset.

At INT2, CLoQ delivers a substantial performance boost
over LoftQ, with an average accuracy improvement exceed-
ing 10%, even approaching the performance levels typically
observed with INT4 QLoRA. For instance, INT2 CLoQ
exhibits only a minimal average accuracy drop of 0.04%
compared to INT4 QLoRA. Additionally, at INT4, CLoQ
attains impressive accuracy, reducing the gap to FP16 LoRA
to just 0.4%. These results indicate that CLoQ significantly
enhances LoRA’s learning capacity, enabling it to better

adapt to a diverse range of tasks.

4.3. Ablation study

Quantization with different group sizes. We examine
the performance of CLoQ for group-wise-128 (g128) and
per-channel quantization. Table 4 shows the results for
Wikitext-2 and GSMS8K. Table 5 shows the result on multi-
ple arithmetic reasoning tasks. CLoQ demonstrates superior
performance even under per-channel quantization, achiev-
ing results remarkably close to those of g64 quantization.
Moreover, it consistently outperforms LoftQ in these set-
tings, demonstrating its effectiveness across all quantization
bit levels.

LoRA initialization with different (A, B) combinations.
Furthermore, we investigate the performance of various
combinations of (A, B) in Algorithm 1, as shown in Ta-
ble 6. We tried four different combinations of (A, B),
including (R™'U.,, V., %), (R"'U,%%, V.55,
(R'U.,S2H g, VS5 Hy) with Hpg being the
order-r (r = 64) Hadamard matrix, and the default choice
(R_lU;TEJ:T7 V .). Table 6 shows that the default combi-
nation of initialized adapters gives the best performance in
the subsequent fine-tuning phase.

5. Related Work

When quantizing pre-trained models, QLoRA (Dettmers
et al., 2023) primarily emphasizes the quantization pro-
cess, often overlooking the critical importance of subsequent
LoRA fine-tuning. It adopts the fixup initialization strategy
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Table 5. Accuracy on four arithmetic reasoning tasks for g128 and per-channel quantization. The LoRA rank is r = 64.

Llama2-7B
Bit GSMSK  SVAMP

AQuA ‘ Avg. T ‘ GSMSK  SVAMP

Llama2-13B

Method MAWPS MAWPS ~ AQuA | Avg T
LoRA 16 | 436 59.4 85.0 270 | 537 | 553 67.7 87.4 244 | 587
CLoQ 4 | 428 59.5 88.2 252 | 539 | 537 67.2 89.1 268 | 592
CL0Q 3 41.4 58.5 86.6 24.4 52.7 51.4 65.2 88.2 27.6 58.1
3g128 422 58.9 89.1 24.0 53.6 52.8 64.7 89.5 272 583
CL0Q 2 34.0 49.1 87.0 24.8 48.7 40.5 55.2 88.7 28.0 53.1
2g128 339 46.9 85.7 264 489 414 58.0 89.1 252 534

Table 6. Fine-tuning results of different combinations of (A, B)
on WikiText-2 and GSM8K. The LoRA rank is r = 64.

Llama2-7B
Method Bit | Wiki (ppl]) GSMSK (acc?)
LoRA 16 | 508 36.9
(RT'U.,, V.,2.,) 2| 8806 1.6
(R'U, 3%, V,5%) 2| 668 129
(R'U.S3Hy, V.35 Hw) 2 | 651 29.0
(R'U.,=.,., V) 2 | 65l 33.7

used in LoRA, attaching zero-initialized low-rank adapters
to the quantized pre-trained model. However, the discrep-
ancies introduced by quantization, especially in extremely
low-bit regimes, can significantly impact the initialization
of LoRA fine-tuning, ultimately affecting the overall fine-
tuning performance. LoftQ (Li et al., 2023) jointly optimizes
the quantized weights @ and the low-rank adapter matrices
A and B by solving the following optimization problem:

: T 2
Jun_ |Q+AB" — Wi (6)
This approach ensures that @, A, and B are initialized to
minimize the reconstruction error between the quantized
and pre-trained weights. By aligning the quantized model’s
initial state more closely with its pre-trained counterpart,
LoftQ enhances fine-tuning performance without requiring
calibration data.

LQ-LoRA (Guo et al., 2024b) assigns importance weights
to each parameter by evaluating its sensitivity to output vari-
ations, thereby guiding the decomposition process toward
critical regions. Specifically, the Fisher matrix is used to
weight the reconstruction objective during decomposition.
To solve the resulting weighted SVD problem, LQ-LoRA
assumes row and column homogeneity in the Fisher ma-
trix, allowing the use of standard SVD techniques at the
cost of theoretical precision. However, this approach has
limitations. It relies on approximations rather than solv-
ing the weighted SVD problem exactly, which may lead
to suboptimal results. Furthermore, computing the Fisher
matrix requires back-propagation through the pre-trained
model, introducing additional computational overhead. Sim-
ilar to our work, ApiQ (Liao et al., 2024) also employs an

activation-aware initialization strategy utilizing calibration
data. However, it relies on two activation matrices—one
obtained from the pre-trained model and the other from the
quantized model, whereas CLoQ uses only a single pre-
trained activation matrix. ApiQ optimizes the discrepancy
using standard back-propagation, whereas CLoQ adopts a
fully gradient-free approach. By avoiding the computational
overhead of back-propagation, CLoQ enables faster adap-
tation while maintaining high performance across various
tasks.

6. Concluding Remarks

In this work, we introduced CLoQ, an efficient and scalable
method for fine-tuning quantized LLMs. By leveraging a
small calibration dataset, CLoQ optimally initializes LoRA
adapters through a novel layer-wise, data-driven approach,
significantly improving the fine-tuning process without the
need for back-propagation. The use of a closed-form solu-
tion for low-rank approximation, computed via two SVDs,
ensures that CLoQ is both computationally efficient and
highly effective, particularly at ultra-low bit-widths. Our ex-
tensive experiments on multiple benchmark datasets demon-
strate that CLoQ consistently outperforms existing LoRA-
based methods for quantized models, such as QLoRA, in
tasks requiring fine-grained precision. The results under-
score the potential of CLoQ to enhance the performance
of quantized models across a variety of downstream appli-
cations, including those that demand high accuracy, like
arithmetic reasoning tasks. The simplicity and efficiency of
CLoQ make it a promising approach for fine-tuning large-
scale quantized LLMs in resource-constrained environments.
Future work could further investigate the theoretical implica-
tions of different decompositions of the adapter matrices in
CLoQ, and how these variations influence the performance
of subsequent fine-tuning.
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A. Experimental Details
A.1. Language modeling

To study the capability of CLoQ, we fine-tune quantized models on the WikiText-2 training set and measure perplexity on
the validation set. The hyper-parameters used for fine-tuning are provided in Table 7 and Table 8. We evaluate the models
on the validation set at each epoch and report the lowest achieved perplexity.

A.2. Arithmetic reasoning
Single task (GSMS8K)

To assess CL0oQ’s arithmetic reasoning capability, we fine-tune quantized models using the GSM8K training set and evaluate
their accuracy on the test set. The hyperparameters used for fine-tuning are detailed in Table 7 and Table 8. Model
performance is evaluated at each epoch on the test set, and we report the highest recorded accuracy.

Multiple task

Following the framework proposed by (Hu et al., 2023), we adopt a more integrated approach by training a single model
across multiple tasks. Specifically, we fine-tune Llama2-7B and Llama2-13B on Math10K, a dataset that aggregates training
samples from GSM8K, MAWPS, MAWPS-single, and AQuA. After finetuning, the models are tested on the evaluation sets
of AQuA, GSM8K, MAWPS, and SVAMP. The hyper-parameters used for fine-tuning are detailed in Table 7 and Table 8.
Moreover, instead of conducting evaluations at every epoch, we assess model performance only after the final epoch.

A.3. Commonsense reasoning

To evaluate the commonsense reasoning capabilities of CLoQ, we consider eight key benchmark tasks: BoolQ, PIQA, SIQA,
HellaSwag, WinoGrande, ARC-e, ARC-c, and OBQA. We adopt the framework proposed by (Hu et al., 2023) and fine-tune
a single model across all these tasks instead of training separate models. We fine-tune Llama2-7B and Llama2-13B on
the merged training set and measure accuracy on the corresponding test sets. The hyper-parameters used for fine-tuning
are detailed in Table 7 and Table 8. For evaluation, we forgo per-epoch assessments and instead report the final model’s
performance after the last epoch.

Table 7. Hyper-parameter for the finetuning of Llama2.

Hyper-parameter | WikiText-2 ~GSMSK | Arithmetic reasoning ~ Commonsense reasoning
Optimizer AdamW AdamW

Weight decay 0.1 1.0

LR scheduler cosine linear

Warmup ratio 3% 10%

Epochs 3 6 3

Batch size 64 32 16

Max sequence length 1024 512 512

Table 8. Best learning rate for Llama2-7B and Llama2-13B on the WikiText-2, GSM8K, and multiple Arithmetic Reasoning tasks.

Llama2-7B Llama2-13B

Group size Task 4Bits 3Bits 2Bits | 4Bits 3 Bits 2 Bits
WikiText-2 Te-4 Te-4 6e-4 2e-4 4e-4 4e-4

64 GSMS8K 3e-4 3e-4 3e-4 4e-4 4e-4 3e-4
Arithmetic reasoning Se-4 9e-4 4e-4 2e-4 4e-4 Se-4

Commonsense reasoning 8e-5 le-4 4e-5 Se-5 Te-5 Se-5

WikiText-2 - Te-4 Se-4 - 2e-4 Se-4

128 GSM8K - Te-4 Se-4 - Se-4 4e-4
Arithmetic reasoning - Te-4 6e-4 - 3e-4 Se-4

WikiText-2 Te-4 4e-4 4e-4 2e-4 2e-4 Se-4

er-channel GSMS8K 4e-4 4e-4 4e-4 4e-4 Se-4 Se-4
P Arithmetic reasoning 6e-4 8e-4 3e-4 2e-4 4e-4 Se-4
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