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Abstract

Low-rank adaptation (LoRA) has become the dominant
method for parameter-efficient LLM fine-tuning, with LoRA-
based quantization error compensation (LQEC) emerging
as a powerful tool for recovering accuracy in compressed
LLMs. However, LQEC has underperformed in sub-4-bit
scenarios, with no prior investigation into understanding
this limitation. We propose RILQ (Rank-Insensitive LoRA-
based Quantization Error Compensation) to understand fun-
damental limitation and boost 2-bit LLM accuracy. Based
on rank analysis revealing model-wise activation discrep-
ancy loss’s rank-insensitive nature, RILQ employs this loss to
adjust adapters cooperatively across layers, enabling robust
error compensation with low-rank adapters. Evaluations on
LLaMA-2 and LLaMA-3 demonstrate RILQ’s consistent im-
provements in 2-bit quantized inference across various state-
of-the-art quantizers and enhanced accuracy in task-specific
fine-tuning. RILQ maintains computational efficiency com-
parable to existing LoRA methods, enabling adapter-merged
weight-quantized LLM inference with significantly enhanced
accuracy, making it a promising approach for boosting 2-bit
LLM performance.

Appendix — https://arxiv.org/pdf/2412.01129

Introduction

Large language models (LLMs) like GPT-4 (OpenAl 2023)
and LLaMA-3 (Meta 2024) have revolutionized various do-
mains, demonstrating human-level performance in complex
tasks such as question answering (Kamalloo et al. 2023),
code auto-completion (Roziere et al. 2024), and summariza-
tion (Zhang et al. 2024b). However, adapting these models
to specialized domains requires efficient fine-tuning tech-
niques (Wei et al. 2022a; Wang et al. 2023). Low-rank
adaptation (LoRA) (Hu et al. 2022) has emerged as a
leading solution, efficiently reparameterizing weight matri-
ces with low-rank adapters to incorporate task-specific in-
formation. By fine-tuning only a small, adaptable exten-
sion to the frozen base model, LoRA significantly reduces
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Figure 1: LoRA-based quantization error compensation
(LQEC): (a) direct error correction, (b) initialization for
task-specific fine-tuning.

the memory footprint while effectively specializing LLMs.
This cost-effective fine-tuning approach has expanded to en-
able autonomous module composition (Huang et al. 2023),
multiple-task adaptation (Sheng et al. 2023), and long-
context inference (Chen et al. 2024). LoRA has emerged
as a powerful tool for quantization error compensation in
large language models (LLMs), addressing the challenges
of reduced inference and fine-tuning costs (Dettmers et al.
2023). While weight quantization techniques (Frantar et al.
2023; Lee et al. 2023; Yao et al. 2022; Lin et al. 2023)
mitigate LLMs’ memory footprint, they introduce errors
due to reduced-precision representation. Therefore, LoRA
has been adopted to help compensate quantization error.
Fig. 1 illustrates two LoRA-based quantization error com-
pensation (LQEC) approaches: (1) Direct error correction,
where adapters offset quantization errors in weights. For in-
stance, ZeroQuant-v2 (Yao et al. 2023) employs a low-rank
adapter per linear module, which can be merged into quan-
tized weights (Xu et al. 2024; Liu et al. 2024) for efficient
inference (Fig. 1(a)). (2) Task-specific fine-tuning, exem-
plified by LoftQ (Li et al. 2024), which combines LoRA



with the base model quantized and frozen for memory-
efficient fine-tuning, using LQEC-tuned adapters as initial-
ization (Fig. 1(b)). Notably, LQEC integrates into existing
structures without requiring additional adapters, offering a
promising method to address LLM’s memory bottleneck
while preserving accuracy.

Despite advances in LQEC, achieving high compres-
sion rates, such as 2-bit quantization, without com-
promising model accuracy remains challenging. Aggres-
sive quantization, particularly at sub-4-bit precision, often
leads to significant accuracy degradation. Various initia-
tives have attempted to bridge this accuracy gap by min-
imizing quantization-induced discrepancies. Weight-level
approaches like LQ-LoRA (Guo et al. 2024), LoftQ,
LQER (Zhang et al. 2024a), RA-LoRA (Kim et al. 2024),
and RoLoRA (Huang et al. 2024b) address discrepancies
at each weight quantization by factorizing errors into low-
rank adapters via singular value decomposition (SVD).
ApiQ (Liao and Monz 2024) compensates for quantization
error via gradient updates based on losses at each linear
module’s output, while QLLM (Liu et al. 2024) and Re-
ALLM (Leconte et al. 2024) use losses at the output of
Transformer decoder layers. While these approaches have
partially mitigated quantization errors through various ad-
hoc techniques, they still suffer significant accuracy losses at
2-bit levels. Moreover, there remains a lack of fundamental
understanding as to why LQEC struggles to compensate for
aggressive bit-precision quantization, highlighting the need
for in-depth analysis.

In this work, we explore the challenges of LQEC under 2-
bit weight quantization, highlighting that lower bit-precision
necessitates higher ranks for effective error compensation,
which contradicts LoRA’s low-rank premise. We introduce
rank sensitivity analysis to assess the rank requirements for
error compensation and find that rank sensitivity decreases
as discrepancy scope increases. Leveraging this insight, we
propose RILQO (Rank-Insensitive LoRA-based Quantization
Error Compensation), which employs a model-wise dis-
crepancy loss at the output of the last Transformer layer.
This approach enables cooperative adjustment of both rank-
redundant and rank-critical linear modules during LoRA
tuning, facilitating flexible signal propagation and quantiza-
tion error compensation at the model output. Our method de-
livers robust LQEC even with small ranks (e.g., 16-rank), re-
covering accuracy while preserving the efficiency of existing
LQEC techniques. Evaluations on LLaMA-2 and LLaMA-3
demonstrate consistent improvements in 2-bit quantized in-
ference across state-of-the-art quantizers (OmniQuant (Shao
et al. 2024), QulP (Chee et al. 2023; Tseng et al. 2024),
QuaRot (Ashkboos et al. 2024)) and enhanced accuracy in
task-specific fine-tuning without additional inference cost,
enabling efficient adapter-merged weight-quantized LLM
inference of QA-LoRA (Xu et al. 2024) with significant ac-
curacy boosts. These results suggest that our method effec-
tively repositions LQEC as a promising accuracy enhancer
for 2-bit LLM inference.
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Related Work

LLM Weight Quantization. Weight quantization is a
promising technique to reduce the memory footprint of
LLMs by lowering the bit-precision of weight values (Fran-
tar et al. 2023; Lee et al. 2023; Yao et al. 2022; Lin et al.
2023; Wei et al. 2022b, 2023). Activation-aware weight
quantization methods (Lin et al. 2023; Lee et al. 2024; Kim
et al. 2023b; Guo et al. 2023; Heo et al. 2023) have suc-
cessfully reduced weight precision to 4-bit or lower, but
these approaches incur mixed-precision overhead and strug-
gle with poor accuracy at 2-bit precision. Parallel efforts
have focused on developing advanced quantizers for 2-bit
LLMs (Yao et al. 2022; Shao et al. 2024; Chee et al. 2023;
Tseng et al. 2024; Guan et al. 2024; Egiazarian et al. 2024).
For instance, OmniQuant introduced learnable quantization
parameters to adjust weight ranges and transformations,
QulP employed grouped vector quantization with a shared
codebook for non-uniform weight group representation, and
QuaRot rotated the weight matrix to redistribute outliers.
While these non-uniform quantization schemes achieve ro-
bust 3~4-bit LLM inference accuracy, they still face chal-
lenges in closing the accuracy gap for 2-bit LLM inference.

LoRA for Fine-tuning and Compensation. Low-rank
adaptation (LoRA) has emerged as the leading parameter-
efficient fine-tuning technique to enhance the capabilities of
foundational large language models (LLMs) (Hu et al. 2022;
Huang et al. 2023; Xia, Qin, and Hazan 2024; Hu et al.
2023; Ding et al. 2022; Han et al. 2024; Chen et al. 2023a;
Sheng et al. 2023). LoraHub (Huang et al. 2023) aggregates
LoRA modules trained on different tasks to autonomously
compose compatible modules, while SLoRA (Sheng et al.
2023) facilitates multiple-LoRA blocks for various tasks,
and LonglLoRA (Chen et al. 2024) enables context exten-
sion for long-context LLM inference. LoRA has also been
adapted for error compensation, with ZeroQuant-v2 em-
ploying a low-rank adapter to compensate for weight quan-
tization errors and similar approaches used for pruning error
compensation (Li, Tang, and Zhang 2024; Zhang et al. 2023;
Chen et al. 2023b). Despite these advances, LoRA-based er-
ror compensation methods still face challenges in achieving
high compression rates, such as 2-bit quantization, without
compromising model accuracy.

Quantization Error Compensation. Quantization error
compensation (QEC) has been extensively explored in the
context of quantization-aware training (QAT), which sup-
ports aggressive sub-4bit quantization while preserving task-
specific fine-tuned accuracy (Kim et al. 2023a; Liu et al.
2023). For example, TSLD (Kim et al. 2023a) uses full-
parameter tuning combined with token-wise scaled knowl-
edge distillation to enable robust 2-bit LLM inference,
though it requires significant memory for full-parameter ad-
justments, similar to pre-training. To reduce the memory de-
mands of QAT, LoRA-based parameter-efficient QEC have
been developed (Dettmers et al. 2023; Xu et al. 2024; Kim
et al. 2024; Guo et al. 2024; Li et al. 2024; Liao and Monz
2024; Chai et al. 2023). Notably, QLoRA (Dettmers et al.
2023) applies LoRA on top of frozen quantized weights
to minimize memory usage, while QA-LoRA integrates
adapters into quantized weights to enhance LLM inference
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Figure 2: (a) Structure of the Transformer decoder model. (b-e) Four optimization approaches for fine-tuning LoRA for quan-

tization error compensation.

efficiency. Despite these advancements, significant accuracy
losses still occur with extremely low-bit quantization. Re-
cent quantization-aware LoRA methods, such as LoftQ as
well as (Guo et al. 2024; Zhang et al. 2024a; Kim et al.
2024; Huang et al. 2024b) tackle these challenges by using
singular value decomposition (SVD) to factorize quantiza-
tion errors into low-rank adapters. (Liao and Monz 2024;
Liu et al. 2024; Leconte et al. 2024) address quantization er-
rors through gradient updates based on losses at each linear
module or Transformer decoder layer’s output. Despite these
efforts, maintaining accuracy at 2-bit precision remains a
significant challenge with no understanding about why.

Background and Challenges
LoRA-based Quantization Error Compensation

LLMs typically comprise multiple Transformer decoder lay-
ers, an Embedding layer for token-to-activation conver-
sion, and an LM-Head for converting Transformer out-
puts into vocabulary logits (Fig.2(a)). Each Transformer
layer contains several linear modules with weight param-
eters (Worv, Wout, Wrrn1, WrrpN2) for matrix multi-
plication with input (X) to compute output activation (Y").
Since the number of parameters exceeds billions, weight
quantization, a prominent model compression technique,
represents a pre-trained weight matrix W € R X% ysing
a limited bit width b. The quantized weight Q) is formulated
by Eq. 1:

Qy = s-clamp({ .

~ ymax(W) — Bmin(WW)
o 21 ’

-‘—2,072]\7—1)—1—2

al

where |-] indicates the rounding function. The choice of ~
and f3 varies depending on the quantizers; they can be a con-
stant (Y = 1, 8 = 1) for the round-to-nearest quantization
(RTN) or represent the learnable clipping strengths for the

Bmin(W) M

S
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upper and lower bounds of quantized weights as in Omni-
Quant.

LoRA introduces learnable low-rank adapter modules,
Ly € R"X" and Ly € Re*" (r <« max(dy,ds)), with
frozen pre-trained W, formulating the forward operation for
a linear module in the Transformer layer as Y = X (W +
Ly LQT). For LoRA-based QEC, rank-r adapters are updated
to compensate for the impact of weight quantization. For ex-
ample, LoftQ updates the adapters to minimize the weight
discrepancy (Weight-SVD, Fig. 2(b)):

argmin ||[W — (Qy + L1 Ly )| r,
Ly,L2

2

where Q, = Quant(W — L;LJ ), and Ly L] is iteratively
updated via SVD. However, weight discrepancy optimiza-
tion does not consider the combined impact of W and X to
the matrix multiplication output Y. Thus, (Liao and Monz
2024) proposed the discrepancy optimization on the output
of linear modules (Linear-Loss, Fig. 2(c)):

argmin [|[Y — Y| g,
Ly,Ly

3)

where Y = WX and Y7 = (Qp+ L1 LJ ) X. QLLM further
extended the optimization scope to a Transformer layer by
updating L, and Lo parameters within it via gradient from
the loss between Y,, and Y, defined as :

Yn = G(Ynfla {Wn,l}lL:l)

}/7(3 = G(K?_lv {Qb,n,,la Ll,n,ly LQ,n,l}l:l);
where 7 is a layer index and G represents a group of L linear
modules within a Transformer layer which are sequentially
processed according to the Transformer structure. As de-
scribed in Fig. 2(d), this layer-wise discrepancy loss (Layer-
Loss) asserts the alignment of quantized output activation to
the FP16 output at each Transformer layer.
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Figure 3: (a) Average CSQA accuracy across optimization
granularity and the rank of LoRA (LLaMA-2-7B). (b) Nor-
malized weight discrepancy (||W — Q||r) across models
(LLaMA-2-7B and LLaMA-3-8B) and every linear module,
normalized to 1 for 4-bit quantization discrepancy. (c) Min-
imum rank required for each quantization bit-precision to
closely achieve the weight discrepancy of 4-bit quantization.

LQEC’s Challenge for 2-bit LLM

Despite efforts to compensate for quantization errors at var-
ious scopes, LQEC has shown limited success with aggres-
sive sub-4-bit quantization. Fig. 3(a) demonstrates that ex-
isting discrepancy minimization approaches (Weight-SVD,
Linear-Loss, Layer-Loss) suffer growing accuracy loss as
rank decreases when LLaMA-2-7B is quantized to 2-bit,
contradicting LoRA’s fundamental assumption of low-rank
fine-tuning updates. To understand these limitations for 2-
bit LLM inference, we investigate quantization error char-
acteristics. Fig. 3(b) reveals that weight discrepancy be-
tween full-precision and quantized weights increases signif-
icantly as bit-precision decreases from 4-bit to 2-bit, with
a notable jump at 2-bit. This pattern is consistent across
weight types and models (LLaMA-2 and LLaMA-3), per-
sisting even with LoftQ adapter initialization. These find-
ings suggest that quantization errors are substantially exac-
erbated at 2-bit precision, challenging the effectiveness of
current LQEC methods.
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Relative Error (LM-Head output)
Method =16 =32 =64 =128
Linear-Loss 454 449 421 3.85
Layer-Loss 4.14 406 3.82 3.77
Model-Loss (Ours) | 2.85 2.59 246 2.59

Table 1: Relative error of the LM-head output activation
compared to the baseline inference across error compensa-
tion strategies (weights are quantized using OmniQuant).
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Figure 4: (a) Relative error of intermediate activations and
head output compared to baseline inference. (b) Comparison
of average magnitudes of left singular vectors between linear
and model level optimization.

We further investigate why previous LQEC methods like
Weight-SVD of LoftQ (which assume low-rank quantization
errors) failed to mitigate the significant discrepancies at 2-bit
quantization. While this assumption holds for 3-4-bit quanti-
zation, as supported by LQER and SqueezeLLM (Kim et al.
2023b), its validity for 2-bit quantization remained unex-
plored. Fig. 3(c) illustrates the minimum rank required to
suppress weight discrepancy across different bit-precisions.
Notably, 3-bit quantization needs only a small adapter rank,
but 2-bit quantization demands a much higher rank. This
finding suggests that 2-bit quantization errors are inher-
ently high-rank, challenging the effectiveness of typical
SVD-based low-rank adaptation techniques used in existing
LQEC methods.

Methodology

In this section, we first propose the rank sensitivity analy-
sis to reveal the impact of the discrepancy scope on LQEC
performance. Based on this intriguing finding, we propose
a simple yet effective loss, model-level discrepancy loss
(Model-Loss), as a new objective for LQEC that overcomes



the rank sensitivity of 2-bit quantization errors.

Rank Sensitivity Analysis

The main limitation of existing LQEC methods is their in-
discriminate use of low-rank adapters for QEC without con-
sidering quantization error characteristics. To address this,
we introduce a new metric called rank sensitivity, which
measures the relative error (E = |[(Y — Y?)/Y) of log-
its at the LM-Head output. Lower rank sensitivity (smaller
relative error) indicates more accurate inference, as logits di-
rectly influence token prediction accuracy. Using this metric,
we analyze how the discrepancy scope affects LQEC per-
formance. We extend the discrepancy scope to encompass
all Transformer layers, proposing a new discrepancy loss at
the output activation of the final (/V’th) Transformer layer
(Model-Loss, Fig. 2(e)):

argmin [|[Yy — Y| p.
1,L2

&)

Table 1 compares the rank sensitivity of LQEC methods
with varying discrepancy scopes and ranks on LLaMA-2-
7B. Two key observations emerge: 1) Rank sensitivity de-
creases as the discrepancy scope expands from a single lin-
ear module to the entire model. 2) With Model-Loss, rank
sensitivity remains low even at very small ranks (e.g., rank
16). This suggests that Model-Loss mitigates the high-rank
requirements typically associated with 2-bit quantization er-
rors.

To elucidate the rank-insensitive nature of Model-Loss,
we compare layer-wise relative errors across three scopes of
discrepancy loss in LLaMA-2 (Fig. 4(a)). Linear-Loss shows
higher relative errors at each Transformer layer compared
to Layer-Loss, which is expected given the latter’s objec-
tive of minimizing layer-wise discrepancy. Notably, Model-
Loss exhibits even higher relative errors in intermediate lay-
ers, but significantly lower error at the LM-Head. This sug-
gests that internal activation drift may facilitate closer align-
ment of the final activation with error-free full-precision ac-
tivation, crucial for accurate token generation insensitive to
rank. This insight into enhanced signal propagation flex-
ibility aligns with observations in (Kim et al. 2023a) for
full-parameter QAT. However, our Model-Loss incorporates
low-rank aspects, necessitating a deeper understanding of
parameter-efficient error compensation.

We hypothesize that the rank-insensitivity of Model-Loss
stems from its wider discrepancy scope, enabling global
adapter adjustment to balance compensation between rank-
critical and rank-redundant linear modules during LoRA
tuning. This concept builds on RA-LoRA’s finding that lin-
ear modules have varying rank demands for QEC (e.g.,
Query-projection (Q-Proj) as low-rank, FFN1 as high-rank
(Kim et al. 2024)). Unlike RA-LoRA’s complex rank adjust-
ment method, Model-Loss implicitly balance this skewed
rank sensitivity during adapter tuning. To support this hy-
pothesis, we compare the average magnitude of each ele-
ment of LoRA’s singular vectors between Linear-Loss and
Model-Loss (Fig. 4(b)). Model-Loss significantly increases
the overall magnitudes of FFN1’s singular vectors compared
to Q-Proj’s singular vectors. This suggests that Model-Loss
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enhances the contribution of singular vectors in rank-critical
modules (FFN1) while activating previously idle singular
vectors in rank-redundant modules (Q-Proj), fostering coop-
erative quantization error compensation across Transformer
layers. More results corresponding to Fig. 4(b) are provided
in the Appendix.

Rank-Insensitive LQEC

Building on insights from the rank-insensitive characteris-
tics of Model-Loss, we introduce Rank-Insensitive LoRA-
based Quantization error compensation (RILQ), a novel
method for compensating quantization errors in 2-bit LLM:s.
RILQ significantly improves accuracy by implementing
Model-Loss and optimizing LoRA adapters in Transformer
layers’ linear modules using a Model-Loss. As shown in
Eq. 5, RILQ uses gradient descent to collectively tune all
adapters, minimizing the discrepancy between full-precision
and quantized activation outputs (Y —Y3) of the final layer.
This approach effectively addresses inter-weight inconsis-
tencies arising from 2-bit quantization by learning global
discrepancy loss from a holistic model perspective. Notably,
RILQ is particularly advantageous when adapter shapes are
constrained to merge with quantized weights for efficient in-
ference (like QA-LoRA), offering a comprehensive solution
to LQEC challenges.

To further enhance the language modeling capabilities of
LLMs during autoregressive token generation, RILQ incor-
porates a causal language modeling objective with Ground
Truth (GT), in the optimization of low-rank adapters (GT-
Loss):

T

arg max E
{L1,L2}€6 =1

P (x| w<4;0), (6)
where x represents a token and 7" the sequence length. While
this approach has been utilized in previous QAT meth-
ods (Kim et al. 2023a), we found it particularly effective in
guiding low-rank adapters to improve the model’s genera-
tion of coherent and contextually appropriate text sequences.
This enhancement further aligns 2-bit quantization adjust-
ments with the calibration data. The additional benefits of
this method are demonstrated in Table 8 through an ablation
study, and the entire procedure for RILQ is detailed in the
Appendix.

Experiments
Experimental Setup

Tasks and Models. We evaluate our proposed method
for common-sense QA tasks (WinoGrande (Sakaguchi
et al. 2019), PIQA (Bisk et al. 2019), Hellaswag (Zellers
et al. 2019), ARC_challenge (ARC-C) (Clark et al. 2018),
ARC _easy (ARC-E) (Clark et al. 2018)) and arithmetic rea-
soning task (GSM8K (Cobbe et al. 2021)). We focus on two
recent open-source pre-trained LLMs, LLaMA-2-7B (Tou-
vron et al. 2023) and LLaMA-3-8B, for evaluating RILQ.
Additional model scales are in Table 10 in the ablation study.

Quantization Methods. For a comprehensive perfor-
mance comparison, we employ RILQ alongside state-of-
the-art weight quantization techniques, including Omni-



. Zero-Shot CSQA Accuracy T Perplexity |

Model Method | Bitwidth | RILQ | ~wo—plOoA HS — Aroc  Arce Avg. WikTexts " Ca
T6-bit Baseline 0006 78.07 5714 4343 7630 06480 547 697
Lo T T5L14 5397 2781 2125 3L14 3706 | 107824  728.63
v | 5738 6632 4151 2747 5501 49.54 13.28 14.12
OmmiQuant 15912 7018 43.14 2884 58.12 51.88 17.19 12.42
WoAle | ¥ | 6283 7247 4666 3166 6397 5552 9.18 1070
QuiP 16251 7160 4384 3148 6246 5438 8.0 11.25
v | 66.61 7503 51.68 3729 69.99 60.12 6.94 8.69
LLaMA-2-7B [ o o 135572 6251 3642 2244 4996 4541 11.83 19.56
v | 6212 7247 4741 3038 6481 5544 7.57 1021
OmmiQuant 16764 7775 5497 4078 7449 63.13 6.07 754
/| 6835 78.02 5519 4198 7420 63.55 6.02 7.51
6701 7622 5445 4002 7513 6257 6.0 7.60
QuIp# W3AI6 | | 6764 7693 5580 40.61 7576 63.35 5.85 7.40
Quaor 16772 7699 5412 4078 7479 62.88 501 768
v | 67.88 7720 5552 4181 7462 63.41 5.81 7.53
T6-bit Baseline 7261 7971 6019 5043 8000 68.61 6.14 %88
Lo 14775 5381 2591 2039 2614 3480 | 56163.18 15016.89
v | 5564 6502 3711 2244 4731 4550 27.37 29.22
OmniQuant 5185 5903 3286 1928 3607 39.82 61.79 5201
LLaMA-3-8B Woale ¥ | S817 6948 4266 2799 5690 5104 17.42 20.40
utp 16235 6746 4466 3080 57011 524% 1274 16.84
v | 6654 7454 5248 3823 7125 60.61 9.39 12.96
QuaRor 16062 6523 3677 2457 5701 49.02 14.95 3777
v | 6803 7312 4859 3370 6869 58.43 10.13 15.48

Table 2: Direct error compensation results. Following the original work, we apply GPTQ (Frantar et al. 2023) on QuaRot.
End-to-end fine-tuning is not applied to QuIP#. Results for QuIP# with fine-tuning are presented in Table 9.

Method RILQ PIQng:rziSkSZm_e GSMSK?
T6-bit LoRA Fine-Tuning | 79.05 47.70 79.25 | 38.07
OmniQuant - 7731 3831 69.95 | 28.66
v 7791 40.61 7170 | 30.86
QuIP# - 7807 4462 7475 | 3536
v 7845 4599 76.01 | 36.32

Table 3: Task-specific fine-tuning results for CSQA tasks
and GSM8K on LLaMA-2-7B.

Inference RILO Error Compensation Fine-Tuning

Bit-width CSQAT Wiki2] C4] | GSMSK?T
- 47.42 1292 9.23 17.89

W2AI6 || 5451 1065 814 | 2373

Table 4: QA-LoRA implementation of 2-bit LLaMA-2-7B
with RILQ. Weights are quantized with OmniQuant (Cali-
bration set: WikiText-2), evaluated with accuracy (CSQA,
GSMSK) and perplexity (WikiText-2, C4).

Quant, QulP#, QuaRot, as well as LoftQ (Weight-SVD
based LQEC). Each method is sourced from its respective
repository. For OmniQuant and QuaRot, we set the group
size to 64 (QulP# employs a codebook). Other implementa-
tion details of each quantization method are specified in the
Appendix.

RILQO Implementation Details. The RILQ implementa-
tion includes a calibration process for initializing LoRA
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adapters on quantized models using the C4 dataset (Raffel
et al., 2019). Perplexity is evaluated on both the WikiText-
2 (Merity et al., 2016) and C4 datasets. For this purpose,
a sequence length 512 is employed, and 256 sentences are
randomly sampled from the C4 training dataset. During opti-
mization, the Model-Loss and the GT-Loss are applied, with
gradient-based optimization performed using the Adam op-
timizer. The learning rate is fixed at 1e-4, and the batch size
is 8. Additional details, including the overall procedure of
RILQ, the fine-tuning settings, and an analysis of memory
costs, are provided in the Appendix.

Experimental Results

Direct Error Correction Results. We evaluate the quanti-
zation error compensation capability of RILQ on LLaMA-2-
7B and LLaMA-3-8B for LoftQ and advanced weight quan-
tization techniques. Table 2 presents CSQA tasks’ accuracy
and the perplexity of WikiText-2 and C4.

Our key observations are as follows:

* LoftQ (based on Weight-SVD) is inadequate for 2-bit
quantization, as it experiences over 19% average accu-
racy loss, making it unsuitable for deployment. On the
other hand, advanced weight quantization methods (Om-
niQuant, QuIP#, and QuaRot) help recover accuracy.

* RILQ significantly enhances the accuracy of weight
quantization methods. OmniQuant, QuIP#, and QuaRot
experience a 10-19% average accuracy loss, but RILQ re-
covers this by a significant margin.

* RILQ is more effective on LLaMA-3-8B than on



Quantization . Zero-Shot Accurac Perplexity |
Method Bit-width | Rank | LQEC | 6 pioa Hs Arc-chrc-e Avg. WikiTen2  C4
6 | SVD [5107 3533 2819 1080 3085 3705 | 131130 77104
RILO | 5501 6659 3959 25.60 5332 48.02 1492 1534
5 | SVD [4996 5397 27.02 2133 2020 3633 | 137942 87247
RILO | 57.62 6610 39.83 2432 50.55 46.97 1391 1479
NormalFloat e | SVD [ 5114 5397 2781 2125 3114 3706 | 107824 72863
(Dettmers et al 2023) RILO | 5738 6632 4151 2747 5501 49.54 1328 1412
1os | SVD [ 4907 5631 2082 2261 3367 38.8 43765 347.13
RILO | 57.46 69.80 4312 2824 5673 5107 1159 1296
»se | SVD [ 4925 5441 2850 2082 2992 36.60 I71.68 23901
WIALG RILO | 6014 7035 44.65 2995 59.55 5293 1038 11.98
6 | SVD [5935 7013 4246 2799 5821 5163 145 1271
RILO | 6196 73.01 4677 3183 6414 5554 924 1079
3 | SVD [ 5896 7035 4201 2858 5842 5184 134 1250
RILO | 6259 73.07 4724 3191 6410 5578 929  10.83
R o | SVD [ 5848 7062 4343 2875 5871 5201 1096 12.19
RILQ | 62.83 7247 46.66 31.66 63.97 5552 9.18  10.70
s | SVD [ 5991 7062 4411 2927 3972 5273 1047 11,70
RILO | 6235 7285 4629 3114 63.89 5530 9.17  10.70
»sc | SVD [ 6180 7165 4500 3166 6216 54.63 956 1099
RILQ | 6148 7301 4631 31.66 6359 5521 9.17 1072

Table 5: Ablation study on rank sensitivity comparison between SVD and RILQ. Accuracy and PPL are measured right after
the quantization error compensation, not after task-specific fine-tuning. (NF2 & SVD = LoftQ) (Model: LLaMA-2-7B).

. Rank Zero-Shot Accurac
LQEC | Bit 16 32 64 128 256 | ° Method PIQA ARC-C ARC-E f Avg.
SVD W3A16 | 7.56 755 753 750 7.45 |0.04 QA-LoRA (Baseline) | 73.83 34.56 65.53 57.97
W2A16 | 1271 1250 12.19 11.70 10.99 | 0.69 RA-LoRA 74.54 36.18 66.33 59.02
RILQ W3Al16 | 752 750 750 7.50 7.50 |0.01 RILO 76.39 36.86 68.98 60.74
W2A16 | 10.79 10.83 10.87 10.70 10.72 | 0.07
Table 7: Comparison of RA-LoRA and RILQ under QA-
Table 6: C4 PPL| with different LQEC and bit-width (Om- LoRA setting for task-specific fine-tuning for CSQA. RTN is

niQuant, LLaMA-2-7B).

LLaMA-2-7B. Existing LoftQ and weight quantization
methods suffer greater accuracy loss on LLaMA-3-8B,
consistent with recent observations (Huang et al. 2024a)
that LLaMA-3 is more sensitive to quantization. For ex-
ample, QulP#, the best-performing quantizer in our ex-
periments, experiences higher accuracy degradation on
LLaMA-3. In this case, RILQ improves the average ac-
curacy of QulP# by 8.1%, a significant boost.

For 3-bit weight quantization, the accuracy improvement
by RILQ is less noticeable since QulP# and other weight
quantization methods already approach FP16 accuracy,
leaving less room for improvement.

Task-Specific Fine-Tuning Results. We further evaluate
the task-specific fine-tuning accuracy of RILQ on LLaMA-
2-7B. LoRA without RILQ indicates a default LoRA initial-
ization; one of the adapter pairs is initialized in Gaussian dis-
tribution, and the other is zero-initialized. For OmniQuant
and QuIP#, weights are first quantized, and then the LoRA
or RILQ is further fine-tuned with CSQA and GSMS8K task-
specific datasets. Table 3 shows that RILQ consistently im-
proves diverse task-specific fine-tuning performances.
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used for 2-bit weight quantization (LLaMA-2-7B, rank=16).

Integrating LoRA into Linear Modules. QA-LoRA re-
duces overhead by merging adapter parameters into quan-
tized weights via shortening the input activation dimen-
sion. However, this shortened input dimension can impair
error compensation in aggressive quantization scenarios.
We demonstrate that RILQ’s rank-insensitive nature syner-
gistically enhances LQEC performance. To validate RILQ
within the QA-LoRA framework, we evaluate OmniQuant-
quantized models before and after fine-tuning. Table 4 shows
RILQ improves perplexity and CSQA accuracy through er-
ror compensation. This enables RILQ to match the efficiency
of adapter-less quantized LLM inference while significantly
boosting accuracy.

Ablation Study

Rank Sensitivity. Table 5 compares RILQ with SVD for
NormalFloat (NF) (Dettmers et al. 2023) and OmniQuant
methods. RILQ outperforms SVD at all rank levels in both
quantization method, notably achieving better perplexity
and accuracy with 16 ranks than SVD with 256 ranks in
OmniQuant. This demonstrates RILQ’s efficiency, deliver-
ing superior performance with smaller adapter sizes. Ta-
ble 6 presents the C4 perplexity of SVD and RILQ under



Scope Loss Zero-Shot Accuracy 1
Act GT| WG PIQA HS Arcc Arce Avg.
Linear | v - |55.56 6529 36.58 21.50 46.17 45.02
Layer | vv - [5825 68.72 4335 29.78 56.62 51.34
v - 6117 69.59 4374 30.29 59.05 52.77
Model | - v |62.04 71.16 45.13 2995 58.12 53.28
v v 6259 70.89 45.51 32.85 61.70 54.71

Table 8: Ablation study on expansion of ApiQ with different
discrepancy loss scope: GT, Linear, Layer, Model-Loss (GT
& Model-Loss=RILQ) (Model: LLaMA-2-7B).

Model | QuIP#FT | RILQ C?(V)%i 1 Wikfzpu c4
- - 525 2.7 168

LLaMA - v 60.6 94 130
3-8B v - 59.3 94 128
v v 61.3 91 124

Table 9: Comparison with QuIP#-FT (W2A16).

2~-3-bit quantization across varying ranks. We adjust the
rank from 16 to 256 and measure the standard deviation
(o) of the perplexity. With SVD initialization, the perplex-
ity of W3A16 remains stable across different ranks due to
the minimal quantization error. However, the reconstruction
of the significant 2-bit quantization error is highly sensitive
to rank variation, aligning with our observation in Fig. 3
that higher ranks are required for handling 2-bit errors. In
contrast, RILQ initialization exhibits rank-insensitive results
across both bit widths.

To further validate RILQ’s rank-insensitive nature, we
compare it with standard QA-LoRA (uniform rank for all
adapters) and RA-LoRA (rank-adjusted based on sensitiv-
ity). As shown in Table 7, RILQ outperforms both at low
rank (rank=16), suggesting effective internal rank manage-
ment despite using uniform ranks like standard QA-LoRA.

Impact of Scope for Discrepancy Loss. Table 8 presents
an ablation study on LLaMA-2-7B, examining how loss
types and optimization granularities affect quantization er-
ror compensation. Increasing scope from linear module to
model level improves accuracy, highlighting the importance
of inter-layer interactions within model. Incorporating GT-
Loss with Model-Loss, which provides richer information
compared to using either loss individually, further enhances
performance, surpassing the effectiveness of GT-Loss alone
and serving as an effective optimization guide. This im-
provement in accuracy aligns with findings of QAT (Kim
et al. 2023a). The proposed RILQ method, which combines
these loss objectives at the model level, achieves the best
overall performance, highlighting the benefits of global op-
timization and diverse loss functions for robust error com-
pensation.

QuIP# end-to-end FT with RILQO. We additionally eval-
uate the cross effects of end-to-end fine-tuning in QulP#
(QulP#-FT) and RILQ on LLaMA-3-8B in Table 9. As
shown in Table 9, RILQ improves QuIP#-FT CSQA accu-
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— Perplexity |
#Params | Bit-width | RILQ | o mo 0” 7~ oy
- . 107824  728.63
v 13.28 14.12
- 59.95 7271
13B W2A16 v 9.56 11.21
- 12.69 16.36
70B v 6.42 8.38

Table 10: Error compensation results using RILQ across dif-
ferent model sizes in the LLaMA-2 families. The quantiza-
tion method used in this experiment is LoftQ.

#of | Sequence PPL .
LQEC gamples | Length | Wikiz  c4 | 1me
- - - 33 474 | Om
SVD | - T [176.17 22123 3Im
756 28 [ 1135 1320 | 10m
256 512 | 1004 1179 | 37m
256 1024 | 986 1151 | 1h39m
256 | 2048 | 961 1125 | 3h52m
RILO |\ 556 | 4006 | 942 11.07 | 9h6m
64 512 | 1091 1278 | 26m
512 512 | 983 1150 | 1h
2048 512 | 934 1098 | 3h7m

Table 11: Perplexity and required time for SVD and RILQ
(LLaMA-2-7B, 2-bit RTN, rank=16). The default setting is
highlighted in bold.

racy by 2%, highlighting RILQ ’s ability to enhance fine-
tuning beyond standard end-to-end approaches.

Experiments on Large Models. To evaluate the scalabil-
ity of RILQ, we conduct experiments across the LLaMA-
2 family, scaling from 7B to 70B parameters. As shown
in Table 10, RILQ consistently enhances the perplexity of
the quantized models across all sizes, demonstrating the ef-
fectiveness of the proposed quantization error compensation
technique, even in larger models.

Convergence Time of RILQ Based on Calibset. As
shown in Table 11, RILQ with default setting (256 samples
and sequence length of 512) converges in under 40 minutes,
matching SVD in speed while achieving lower PPL. Extend-
ing the calibration sequence length or number of samples
can reduce PPL to 9.34, but requires more than 3 hours, sup-
porting our default choice as sufficient.

Conclusion

In this work, we propose RILQ, a novel LoRA-based quanti-
zation error compensation method that effectively addresses
the challenges of 2-bit weight quantization in large language
models. By explicitly employing LoRA for quantization er-
ror compensation and utilizing a model-wise activation dis-
crepancy loss, RILQ enables robust quantization-error com-
pensation while maintaining computational efficiency. Ex-
periments on LLaMA-2 and LLaMA-3 demonstrate the su-
periority of RILQ in improving 2-bit quantized LLM infer-
ence accuracy and fine-tuning performance.
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