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Abstract—Large Language Models (LLMs) have achieved
remarkable success but face significant deployment challenges in
cloud and edge environments due to their massive computational
and storage requirements. Model quantization serves as a key
solution to enhance the scalability and efficiency of LLMs within
distributed cloud platforms. Existing Post-Training Quantization
(PTQ) methods often exhibit suboptimal performance in low-
bit settings. To further improve their precision, Quantization-
Aware Training (QAT) combined with Low-Rank Adaptation
(LoRA) has been explored for error correction. However, a
critical issue is that the quantized base model and full-precision
LoRA parameters suffer from precision mismatch, introducing
additional errors during weight merging. To address these chal-
lenges, we propose a Quantized Low-rank Error Reconstructor
(QER) for LLM low-bitwidth quantization. QER first enables
lossless merging in low-bitwidth format by aligning the bitwidth
of its low-rank parameters with the quantized base parameters,
eliminating dequantization and requantization steps. Through
this process, QER reconstructs original errors into two compo-
nents: the quantization errors of QER parameters (i.e., quantized
low-rank parameters) and potential overflow errors during low-
bitwidth merging. These two errors are directly related to QER
parameters, making them easier to optimize via gradient-based
updates within an error-aware training framework. Requiring
only 128 samples and 1 training epoch, QER demonstrates supe-
rior performance on LLaMA-1/2 families. In 4-bit quantization,
compared to QLLM with error correction, QER reduces average
perplexity by 13.8% (from 10.97 to 9.45) and improves average
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accuracy by 3.01 percentage points (from 51.84% to 54.85%)
on LLaMA-1-7B. QER bridges the gap between quantization
and low-rank adaptation, enabling efficient and accurate low-
precision LLM deployment.

Index Terms—Large language model, efficient computing,
quantization-aware training, error correction.

I. INTRODUCTION

Large Language Models (LLM) have achieved great suc-
cess [1]–[5], but this accomplishment has been accompanied
by a large number of parameters and huge computational
requirements. As a result, LLM inference needs significant
computational resources and extensive GPU memory, which
leads to high power consumption and sluggish inference
speeds. These challenges are particularly critical in cloud
and edge computing environments, where efficient resource
utilization are essential for sustainable service delivery. To
improve the scalability and efficiency of large language models
when implementing LLM inference, model quantization is an
important solution.

Quantization operations can be performed on both weights
and activations. Activation quantization has a greater nega-
tive impact compared with weight quantization, which can
inevitably lead to obvious performance degradation. In order to
avoid severe performance degradation, two kinds of strategies
have been exploited in early LLM quantization methods: one
is to quantize the weight but not to quantize the activation [6],
[7], and the other is to quantize both the weight and the ac-
tivation value to 8-bit without considering lower bitwidth [8],
[9]. However, if the activations are not quantified, the weights
still need to be restored to FP16 for calculation in inference,
which greatly reduces the calculation efficiency. Therefore, it
is a challenging problem to realize the low bitwidth weight-
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Fig. 1: Comparison of weight merging processes between traditional LoRA-based error correction and our QER. Traditional
approach: Quantized base weights (4-bit) are dequantized to FP16, merged with full-precision (FP16/32) LoRA matrices
(AB), and requantized to 4-bit. This lossy merging process introduces new quantization errors. Our QER: Both quantized base
weights (4-bit) and quantized low-rank adapter weights (AB)q (4-bit) are merged directly in low-bitwidth format, avoiding
dequantization and requantization. This enables lossless merging during training the weights (AB)q .

activation quantization and ensure that the quantized LLM is
within the acceptable performance degradation range.

Currently, some new works are tackling this problem. Post-
training quantization (PTQ) methods [10], [11] address this
by mitigating activation outliers, thereby reducing quanti-
zation errors and enhancing the performance of quantized
models. The quantization-aware training (QAT) methods [12],
[13] optimize model parameters through targeted training to
achieve activation quantization with minimal accuracy loss.
QAT essentially functions as an error correction mechanism,
demonstrating significant capability in recovering model per-
formance compromised by quantization processes. At present,
performing error correction after post-training quantization has
emerged as a notable trend [14]–[17]. This methodology has
shown promising results in restoring model accuracy. Due to
excessive memory and processing requirements, full-parameter
fine-tuning of LLMs remains computationally prohibitive.
Consequently, quantization with error correction frameworks
frequently employ Low-Rank Adaptation (LoRA) for parame-
ter updates, capitalizing on its efficiency advantages in training
acceleration and resource conservation.

However, when applying LoRA for error correction in quan-
tized LLMs, an additional new error is inevitably introduced,
negatively impacting the final training outcomes. Specifically,
the current implementation of LoRA uses full-precision (FP32)
or half-precision (FP16) parameters, while the base model
weights are quantized to low precision (e.g., INT4/INT8).
When merging the quantized base weights with the full-
precision LoRA adaptation matrices, the quantized weights
must first be dequantized to full precision, and then the merg-
ing operation is performed in the floating-point domain. This
results in merged weights in floating-point format. To produce
a quantized model for deployment, these merged weights must
undergo requantization, i.e., an additional PTQ processing.
The bitwidth mismatch between the quantized base model and
the full-precision LoRA parameters introduces significant new
errors during weight merging. This dequantization-merging-
requantization process is illustrated in Figure 1.

To address this problem, we propose a Quantized Low-
rank Error Reconstructor (QER) to facilitate the performance
recovery for the quantized LLM. Firstly, our QER performs

a lossless merging in low-bitwidth format. Specifically, we
modify LoRA to operate directly in the quantized domain,
ensuring that both the base model and low-rank adaptation
parameters share the same bitwidth. The quantized low-rank
adaptation parameters are called QER parameters. Then we
merge the QER parameters into the base weights directly in
the low bitwidth format. By aligning the bitwidth, we eliminate
dequantization and requantization operations, thereby avoiding
errors introduced during these processes. Through QER, we
ensure lossless merging after error correction.

Secondly, we propose an error-aware training for QER
weights. QER reconstructs the original dequantization and
requantization errors into two components: quantization errors
of QER parameters and potential overflow errors during low-
bitwidth merging. These two errors are directly related to
QER parameters, making them easier to optimize. Crucially,
as fine-tuning parameters designed for error correction, QER
parameters serve multiple purposes. During training, we freeze
the weights of the base model and only train the quantized
weights of the QER. Our contributions are as follows:

• This paper reveals the parameter bitwidth mismatch issue
in the fusion of LLM quantization and low-rank adapta-
tion. We propose a novel targeted Quantized Low-rank
Error Reconstructor (QER) that operates natively in the
quantized format to eliminate the bitwidth mismatch and
reduce errors of LLM quantization.

• The proposed QER framework enables lossless merging
in low-bitwidth formats by reconstructing the dequantiza-
tion errors of base parameters and requantization errors of
merged parameters into two addressable components: (1)
quantization errors of low-rank parameters and (2) pos-
sible bitwidth overflow errors during merging. Crucially,
both error types can be eliminated within our error-aware
training process by directly updating the QER parameters.
QER incorporates all errors into optimization objectives.

• Extensive experiments on LLaMA-1/2 demonstrate the
superiority of our QER. For 4-bit LLaMA-1-7B, QER
reduces average perplexity by 13.8% (9.45 vs. QLLM’s
10.97) and improves zero-shot accuracy by 3.01 per-
centage points (54.85% vs. QLLM’s 51.84%). In more
challenging 3-bit quantization, QER is able to recover
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catastrophic failure cases. Moreover, QER requires only
128 samples and 1 training epoch.

II. RELATED WORK

A. Post-Training Quantization

Post-Training Quantization (PTQ) methods compress pre-
trained LLMs without retraining. Existing PTQ methods can
be divided into two primary categories: Weight-Only PTQ
and Weight-Activation PTQ. Weight-Only PTQ only quan-
tizes model weights, while activations remain in floating-
point. GPTQ [6] employs Hessian-based error compensation to
minimize layer-wise quantization errors. AWQ [7] optimizes
weight scaling by preserving salient channels influenced by
activation outliers. However, activations remain floating-point,
limiting hardware acceleration.

Weight-Activation PTQ quantizes both weights and activa-
tions. The outlier problem of activations leads to accuracy
loss. SmoothQuant [8] migrates quantization difficulty via
mathematical transformations. OmniQuant [10] jointly opti-
mizes quantization parameters and transformation coefficients.
SpinQuant [18] leverages learned rotation matrices for 4-bit
W4A4 quantization. DuQuant [19] introduces dual transfor-
mations (rotation and permutation) to redistribute activation
outliers, achieving robust 4-bit performance. These methods
address joint weight-activation quantization through distribu-
tion alignment and outlier mitigation. However, they often
exhibit suboptimal performance in low-bit settings.

PTQ with Error Correction. To further enhance the
performance of quantized LLMs, some PTQ methods inte-
grate efficient error correction techniques after quantization.
QLLM [15] applies low-rank adaptation to recover accuracy.
ASER [14] leverages parameter-efficient fine-tuning (PEFT)
for layer-wise error correction. However, the quantized weights
must be dequantized back to FP16/32 format to properly
integrate the full-precision LoRA modules. To obtain the
final quantized model, another round of PTQ quantization is
required on the error-corrected parameters. Unfortunately, this
process reintroduces new quantization errors, undermining the
effectiveness of error correction and ultimately degrading the
performance of the quantized LLM.

B. Quantization-Aware Training

Quantization-Aware Training(QAT) incorporates quantiza-
tion constraints during training for enhanced performance.
Weight-only QAT [16], [17] adapts models to low-bit weights
during training while maintaining near-lossless performance.
Weight-Activation QAT, such as LLM-QAT [20] jointly op-
timizes model parameters by simultaneously accounting for
both weight and activation quantization. Despite superior
performance, it demands substantial computational resources
and labeled datasets, limiting practicality.

III. QUANTIZED LOW-RANK ERROR RECONSTRUCTOR

A. Problem Definition

The inherent limitations of post-training quantization be-
come particularly pronounced in ultra-low bitwidth cases

(≤4 bits), where performance degradation escalates non-
linearly with quantization intensity. To mitigate these artifacts,
quantization-aware training (QAT) emerges as a viable error
compensation paradigm through fine-tuning parameters. How-
ever, full-parameter QAT proves computationally prohibitive
for modern LLMs, as updating the entire parameter space
demands huge memory and energy budgets. This constraint
necessitates Low-Rank Adaptation (LoRA) as a grounded
compromise. Its factorized parameterization reduces trainable
parameters while preserving error correction capacity.

In this work, we uncover and analyze a critical yet
overlooked conflict in the current integration strategies of
Quantization-Aware Training (QAT) and Low-Rank Adap-
tation (LoRA) for large language models (LLMs). When
employing LoRA for error correction in quantized LLMs,
a bitwidth mismatch emerges between the quantized model
backbone (typically implemented using INT4 or INT8 pre-
cision) and the full-precision LoRA parameters (commonly
maintained in FP16 or FP32 format). This inconsistency
introduces systemic errors during the critical weight merging
phase, where the quantized weights are combined with the
full-precision LoRA updates.

• Precision Mismatch in Weight Merging: Given quan-
tized backbone weights Wq ∈ Zn×m with quantization
parameters (s, z), and LoRA matrices A ∈ Rn×r, B ∈
Rr×m, the merging operation requires:

Wmerged = s(Wq − z)︸ ︷︷ ︸
dequantized

+AB (1)

This forces the merged weights to revert to floating-point
representation, as illustrated in Figure 1.

• Requantization Loss: The final deployment requires re-
quantizing Wmerged:

W ′
q = Quantize(Wmerged) (2)

Lrequant = ∥Wmerged − s′(W ′
q − z′)∥22 (3)

where Lrequant accumulates the requantization error.

B. Initialization of the QER

The initialization process of the Quantized Low-Rank Error
Reconstructor (QER) is important for its effectiveness. The
initialization quality of QER significantly impacts model con-
vergence speed and optimization performance. We start by
leveraging the Post-Training Quantization (PTQ) method, such
as QLLM [15], to quantize the parameters of the pre-trained
model. This step provides the initial quantized weights Wq for
the model. The quantization process can be mathematically
represented as:

Wq = Quantize(W, s, z), (4)

where W are the original pre-trained weights, s is the scale
factor, and z is the zero-point.

In model quantization, precision reduction from full-
precision to low-bit representations inevitably induces numer-
ical discrepancies due to the inherent information bottleneck
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Fig. 2: The framework of the Quantized Low-rank Error Reconstructor (QER) for LLM low-bitwidth quantization. The process
starts with pretrained FP16 weights, which are first quantized using Post-Training Quantization to obtain initial quantized
weights. The difference between the pretrained full-precision weights and quantized weights (∆W ) is decomposed via SVD
into low-rank matrices A and B, which are then quantized to form the initial QER weights. Error-aware training using only
128 calibration samples from WikiText2. The quantized base weights and quantized QER weights (AB)q are merged in low-
bitwidth format, and the training optimizes QER weights using both cross-entropy (CE) and knowledge distillation (KD) loss.

in low-bitwidth numerical formats. These errors can be for-
malized as:

∆W = W −Wq. (5)

The primary objective of error recovery is to refine quantized
parameters through targeted adjustments, thereby minimizing
output deviations from the original full-precision model.

To address this quantization-induced error, we propose an
error recovery mechanism that refines quantized parameters
through trainable error correction weights Wec. We construct
composite weights of the quantized LLM via Wmerged =
Wq + Wec. The fundamental optimization target requires
Wmerged = W . This leads to the Wec = W − Wq = ∆W ,
ensuring the merged weights asymptotically approximate the
original full-precision parameters. Thus, we use the ∆W as
the initialization of the Wec.

Then, we construct the low-rank format of the error correc-
tor. We perform a low-rank decomposition on Wec. Singular
Value Decomposition (SVD) is used to decompose Wec into
two matrices A and B such that Wec ≈ AB. This low-rank
representation significantly reduces the number of parameters
that need to be trained.

C. Lossless Merging in Low-bitwidth Format

For full-precision models, after the LoRA branch updates
are completed, the parameters of the LoRA branch need to
be merged into the base parameters to ensure no additional
computational overhead during the final model inference. The
merging of the base parameters and LoRA parameters is a
simple addition process and is lossless. However, for quantized

models, issues arise during merging. The mismatch in bitwidth
between the two introduces additional loss to the final model.
The base parameters of the model are quantized into lower
bitwidths, while the directly used LoRA is full-precision.

Therefore, our Quantization Low-rank Error Reconstructor
(QER) aims to resolve the bitwidth mismatch issue, as shown
in Figure 2. Unlike existing methods that directly use LoRA,
we choose to design and construct a low-bitwidth error recon-
structor for quantized LLM models, ensuring it operates in
the same low-bitwidth domain as the base parameters. This
allows direct merging in the low-bitwidth format, avoiding
the introduction of new errors from additional requantization.
Specifically, we use the same quantizer as the base parameters
to quantize the low-rank matrices. We quantize their multipli-
cation (AB) to get our QER (quantized error reconstructor)
parameters (AB)q . The merging of the quantized base weights
and the low-rank QER weights is defined as:

Wmerged = Wq + (AB)q. (6)

Since the low-rank parameters to be merged with the base
parameters are the product of (AB), using multiplication is
well-suited for merging. We do not separately quantize A and
B before multiplying them for two reasons: first, it reduces
the number of quantizations, minimizing quantization-induced
errors; second, it avoids bitwidth overflow when multiplying
two quantized matrices A and B, which would otherwise
require additional processing of the resulting matrix.

At this point, both the quantized base parameters and
the low-rank error reconstructor reside in the same low-
bitwidth domain, allowing them to be directly merged through
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addition. The merged parameters may experience bitwidth
overflow. To handle overflow, we adopt the simplest clipping
operation, truncating the overflowed portion to the maximum
representable bitwidth. The formula is as follows:

Wmerged = clip(Wq + (AB)q,min,max), (7)

where min and max denote the minimum and maximum
representable values of the target bitwidth, respectively.

Traditional methods using full-precision LoRA for error
correction on quantized LLMs, which leads to a lossless
merging since dequantization and requantization are required
at this stage. Compared to this lossless state, our QER retains
near-identical accuracy before and after merging, resulting in
lossless merging.

D. Error-aware Training

After merging with the quantized low-rank error recon-
structor (QER) in low-bitwidth format, the errors of the
quantized LLM have been transformed. As there is no need
for dequantization and requantization, the original error from
precision mismatch in weight merging and requantization loss
will no longer occur. Instead, they are now replaced by the fol-
lowing two types of error. First, inherent precision degradation
occurs during AB parameter quantization. Second, potential
bitwidth overflow during parameter merging necessitates clip
operations, leading to truncation-induced errors. To address
these errors, we develop an error-aware training on QER
that incorporates these errors into the learning process. This
implements optimization of both AB quantization errors and
overflow clipping errors. Hence, it enables the learning process
to adaptively compensate for errors during updates of the AB
parameters.

Compared to the original errors, the reconstructed errors
offer the advantage during optimization, since both AB quan-
tization errors and overflow clipping errors inherently stem
from the AB parameters. Originally, AB parameters should be
optimized in the common QAT to mitigate quantization errors
on the LLM’s full-precision base weights. Within our error-
aware training, we simultaneously reduce the precision loss
from initial quantization on the base weights, correct the error
from quantization on the AB weights, and prevent overflow
risks during the merging operation. Finally, we are able to
achieve three error reconstructions through the same parameter
optimization process.

Moreover, our error-aware training framework on QER
maintains the efficiency of standard low-rank training pro-
cesses. Our optimization mechanism operates without requir-
ing additional computational modules, seamlessly achieving
multi-objective error correction through the existing training
infrastructure while preserving native computational efficiency.
Specifically, the training data employed in our error recon-
struction strictly matches the PTQ method used as our initial
quantization method. Following established PTQ practices,
we utilize minimal calibration data randomly sampled from
generic datasets. For example, we follow PTQ approaches like
QLLM that employ merely 128 samples from the Wikitext2

dataset. This constrained calibration dataset suffices for our
training process, effectively eliminating the need for large-
scale training data. Based on the Wikitext2 corpus, we op-
timize the low-rank AB parameters using the cross-entropy
(CE) loss to minimize errors and ensure that the quantized
LLM learns the correct labels.

In addition, we use a teacher-student framework for knowl-
edge distillation. The teacher model is the full-precision
LLM model. The student is the quantized LLM model. The
knowledge distillation loss (KD loss) is calculated as the
KL-divergence between the logits of the teacher and student
models. This approach transfers knowledge from the high-
precision teacher model to the quantized student model, im-
proving performance. The final combined loss function is:

Ltotal = λLKD + µLCE. (8)

Our proposed framework is able to bridge the gap between
quantization and low-rank adaptation, enabling more effective
low-precision quantization of LLM while preserving their
accuracy and efficiency.

IV. EXPERIMENTS

A. Experimental Setup

Datasets. To evaluate the performance of our QER, we eval-
uate the perplexity, a key indicator of a model’s generative
performance that correlates significantly with zero-shot out-
comes, on WikiText2 and C4. Additionally, we report zero-
shot accuracy on various benchmarks, including PIQA, ARC,
HellaSwag and WinoGrande.
Models and Initial PTQ methods. We apply our QER
to quantize the LLaMA-1 [2] and LLaMA-2 [3] models.
We apply QLLM as an initial PTQ method to quantize the
LLaMA-1 and LLaMA-2.
Compared methods. We conduct comparative experiments
with diverse quantization methods.

• We compare the initial PTQ method QLLM [15]. For
fair comparisons, we use official implementations of the
method to establish our initial quantized model. This
initial baseline solely undergoes PTQ quantization with-
out any finetuning. We then proceed to apply our QER
framework. Direct comparisons demonstrate performance
gains after QER application.

• We compare our QER with other recent PTQ quanti-
zation methods, such as OmniQuant [10], SmoothQuant
(SQ) [8], and Outlier Suppression+ (OS+) [11]. Results
for these methods are sourced from QLLM [15].

• We compare our QER with weight-activation QAT meth-
ods, including LLM-QAT [12] and QLLM with error
correction. In all experimental results tables, “QLLM
(PTQ)” is the result of PTQ without any training, and
“QLLM” is the result of error correction after PTQ.

Quantization settings. Following [10], [12], we quantize all
weights and intermediate activations, with the exception of
the Softmax output probability, which is maintained at full
precision. We focus on 4-bit weight-activation quantization.
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TABLE I: Performance comparisons of different methods for 4-bit weight-activation quantization on LLaMA-1-7B.

Metric Dataset W16A16
W4A4

SQ LLM-QAT LLM-QAT+SQ OS+ OmniQuant QLLM (PTQ) QLLM QER (Ours)

PPL↓
WikiText2 5.68 52.85 - - 40.32 11.26 14.17 9.65 7.65

C4 7.08 104.35 - - - 14.51 16.70 12.29 11.24
Avg. 6.38 78.60 - - - 12.89 15.43 10.97 9.45

Acc. (%)↑

PIQA 77.37 49.80 51.50 55.90 62.73 66.15 63.87 68.77 70.46
ARC-e 52.48 30.40 27.90 35.50 39.98 45.20 41.37 45.20 47.10
ARC-c 41.38 25.80 23.90 26.40 30.29 31.14 28.58 31.14 35.15

HellaSwag 72.99 27.40 31.10 47.80 44.39 56.44 53.21 57.43 61.48
Winogrande 66.93 48.00 51.90 50.60 52.96 53.43 52.17 56.67 60.06

Avg. 62.23 36.28 37.26 43.24 46.07 50.47 48.68 51.84 54.85

TABLE II: Performance comparisons of different methods for 3-bit weight-activation quantization on LLaMA-1-7B.

#Bits Method
PPL ↓ Accuracy (%) ↑

WikiText2 C4 Avg. PIQA ARC-e ARC-c HellaSwag Winogrande Avg.

W16A16 - 5.68 7.08 6.38 77.37 52.48 41.38 72.99 66.93 62.23

W3A3
QLLM 22966.50 15535.44 19250.97 49.08 26.01 27.39 25.69 49.57 35.55

Ours 34.79 59.26 47.02 54.03 32.87 26.71 32.60 51.46 39.53

Implementation details. Recent excellent PTQ methods con-
struct their calibration sets using 128 randomly sampled se-
quences from WikiText2, each with a sequence length of 2048.
Therefore, during our QER fine-tuning process, we also use
only the same 128 data samples, identical to the calibration
set.

It is worth noting that our QER fine-tuning process executes
for only a single epoch, meaning it traverses the 128 data
points just once, without cycling through the data.

The loss coefficients are set to λ = 0.2 and µ = 1. We use the
KL divergence temperature of T = 5. The LoRA component
operates at rank 4. AdamW with a linear learning rate decay
scheduler is used following QLLM. The learning rate is set
to 5 × 10−4. All training experiments are conducted on a
single NVIDIA A800 80G GPU. We use the Language Model
Evaluation Harness toolbox [21] for evaluation.

B. Main Results

1) Results on LLaMa-1-7B: Table I presents a comprehen-
sive evaluation of 4-bit weight-activation quantization methods
on the LLaMA-1-7B model, comparing perplexity (PPL, lower
is better) on WikiText2 and C4 datasets alongside zero-
shot accuracy (Acc., higher is better) across five benchmarks
(PIQA, ARC-e, ARC-c, HellaSwag, Winogrande), with lower
PPL and higher accuracy indicating superior performance.
Our proposed Quantized Low-rank Error Reconstructor (QER)
achieves the lowest average PPL of 9.45 (7.65 on WikiText2
and 11.24 on C4), significantly outperforming all baselines:
it reduces PPL by 13.8% compared to QLLM (10.97), which
applies error correction after post-training quantization (PTQ),
and by 26.7% compared to the initial PTQ method without
error correction QLLM (PTQ) (15.43). In accuracy, QER
attains an average of 54.85% across all tasks, exceeding

QLLM (51.84%) by 3.01 percentage points and QLLM (PTQ)
(48.68%) by 6.17 percentage points, while also surpassing
specialized methods like OmniQuant (50.47%) and LLM-
QAT+SQ (43.24%) by 4.38 and 11.61 percentage points,
respectively. Notably, QER excels in complex reasoning tasks,
achieving 61.48% on HellaSwag (vs. QLLM’s 57.43%) and
60.06% on Winogrande (vs. QLLM’s 56.67%), highlighting
its robustness in contextual understanding. These results under-
score QER’s superiority in addressing the precision mismatch
issue inherent in low-rank adaptation for quantized LLMs. By
enabling lossless low-bitwidth merging and error-aware train-
ing, QER effectively eliminates dequantization and requanti-
zation errors, thereby validating our research hypothesis and
establishing state-of-the-art performance for 4-bit quantization
with minimal performance degradation.

Table II presents a rigorous evaluation of 3-bit weight and
activation quantization on the LLaMA-1-7B model, demon-
strating the exceptional effectiveness of the proposed Quan-
tized Low-rank Error Reconstructor (QER) in mitigating the
severe degradation inherent to ultra-low bitwidth regimes.
Under 3-bit quantization, where precision reduction causes ex-
ponentially greater distortion than 4-bit settings, QER achieves
dramatic improvements across both perplexity (PPL) and
accuracy metrics. For the QLLM baseline, which collapses
catastrophically with average PPL soaring to 19250.97 and
accuracy plummeting to 35.55%, our method reduces average
PPL by 99.8% (19250.97 → 47.02) and boosts accuracy by
11.2% (35.55% → 39.53%). These findings establish QER’s
ability to recover extreme information loss in 3-bit quantiza-
tion.

2) Results on LLaMa-2-7B: Table III demonstrates the
superior performance of our QER for 4-bit weight-activation
quantization on the LLaMA-2-7B model, significantly out-
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TABLE III: Performance comparisons of different methods for 4-bit weight-activation quantization on LLaMA-2-7B.

Metric Dataset W16A16
W4A4

SQ OS+ OmniQuant QLLM (PTQ) QLLM QER (Ours)

PPL↓
WikiText2 5.47 101.77 - 14.61 17.39 11.75 8.07

C4 6.97 93.21 - 18.39 22.24 13.26 11.79
Avg. 6.22 97.49 - 16.50 19.81 12.51 9.93

Acc. (%)↑

PIQA 76.82 60.17 63.11 65.94 62.46 67.68 68.77
ARC-e 53.62 35.23 39.10 43.94 39.90 44.40 45.75
ARC-c 40.53 27.13 28.84 30.80 32.34 30.89 34.04

HellaSwag 72.87 37.08 47.31 53.53 50.44 58.45 62.11
Winogrande 67.25 49.57 51.30 55.09 53.20 56.59 58.01

Avg. 62.22 41.84 45.93 49.86 47.67 51.60 53.74

TABLE IV: Performance comparisons of different methods for 3-bit weight-activation quantization on LLaMA-2-7B.

#Bits Method
PPL ↓ Accuracy (%) ↑

WikiText2 C4 Avg. PIQA ARC-e ARC-c HellaSwag Winogrande Avg.

W16A16 - 5.47 6.97 6.22 76.82 53.62 40.53 72.87 67.25 62.22

W3A3
QLLM 33542.11 27000.57 30271.34 49.73 25.76 27.99 25.57 49.80 35.77

Ours 54.04 98.64 76.34 52.88 30.39 24.91 28.99 51.70 37.77

TABLE V: Performance comparisons of different training strategies.

#Bits Method
PPL ↓ Accuracy (%) ↑

WikiText2 C4 Avg. PIQA ARC-e ARC-c HellaSwag Winogrande Avg.

W16A16 - 5.68 7.08 6.38 77.37 52.48 41.38 72.99 66.93 62.23

W4A4
QAT w/o QER (10 epoch) 11.40 14.20 12.80 68.23 44.57 33.36 57.73 52.72 51.32

QAT w/o QER (1 epoch) 12.95 15.74 14.34 54.77 42.26 34.64 54.77 51.78 47.64

QER (Ours) 7.65 11.24 9.45 70.46 47.10 35.15 61.48 60.06 54.85

performing all baseline methods. QER achieves the lowest
perplexity across both WikiText2 (8.07 vs. QLLM’s 11.75)
and C4 (11.79 vs. QLLM’s 13.26), reducing average PPL
by 20.6% compared to the best alternative (9.93 vs. 12.51).
Crucially, QER achieves state-of-the-art accuracy across all
reasoning benchmarks, with an average accuracy of 53.74%
that exceeds QLLM by 2.14 percentage points and OmniQuant
by 3.88 points.

Table IV demonstrates the role of QER in recovering
severely degraded quantizations on 3-bit LLaMA-2-7B. These
results prove the unique capacity of our QER to reconstruct
models from quantization failure states.

C. Ablation Studies

We conduct ablation studies on the LLaMA-1-7B model to
assess the contributions of QER’s core components.

1) Different Training Strategies: A vanilla QAT
(Quantization-Aware Training) approach can attempt to
address the issue of new errors introduced by requantization
after error correction by integrating the final quantization
step into the training process. However, this vanilla method
still suffers from lossy merging due to the absence of our
quantized low-rank error reconstructor. We term this vanilla
QAT baseline “QAT w/o QER”. To rigorously validate QER’s
superiority, we conducted a critical ablation study comparing

TABLE VI: Verification of lossless merging.

#Bits Method
PPL ↓

WikiText2 C4 Avg.

W4A4

QLLM before Merging 9.35 11.93 10.64

QLLM after Merging 9.65 12.29 10.97

Merging Loss ↓ 0.3 0.36 0.33

Ours before Merging 7.70 11.21 9.46

Ours after Merging 7.65 11.24 9.45

Merging Loss ↓ -0.05 0.03 -0.01

our QER against “QAT w/o QER”. Both methods used only
128 calibration samples. When trained for just one epoch,
“QAT w/o QER” exhibits minimal error-correction capability.
Notably, even after 10 epochs, it still performs much worse
than our QER trained for just one epoch. The results in
Table V validate the structural advancements of our QER,
whose error reconstructor and low-bitwidth alignment avoid
precision-mismatch penalties inherent in vanilla QAT.

2) Verification of Lossless Merging: Table VI provides
direct empirical evidence to verify the lossless merging ca-
pability of our QER, with results explicitly reflecting the
performance differences between QER and the baseline QLLM
during the weight merging process. Merging loss here is
measured by changes in PPL, where lower values indicate
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TABLE VII: Inference efficiency.

#Bits W4A4

Method QLLM Ours

Tokens/s 7,781 7,881

better model quality. Specifically, positive merging loss values
mean the model’s PPL increases after merging, signifying
performance degradation, while negative values imply PPL
decreases, indicating improved performance after merging.
The results show QLLM suffers significant degradation during
merging (0.33 average PPL increase), demonstrating its funda-
mentally lossy process. In contrast, QER achieves near lossless
merging. This validates the core innovation of our QER that it
avoids the destructive dequantization-requantization cycle that
plagues existing methods.

D. Inference Efficiency

To evaluate the inference efficiency of the model quantized
by our QER framework, we compared its inference speed
with that of the initial PTQ methods in Table VII. The
quantized models from our QER and its initial PTQ method
perform equivalent operations during inference, as they adopt
the same low-bitwidth arithmetic and memory footprint. For
example, QER and QLLM achieve nearly identical latency and
throughput. This parity confirms that QER’s performance gains
stem from its enhanced error correction capability, preserving
deployment efficiency while improving accuracy.

V. CONCLUSION

Our proposed Quantized Low-rank Error Reconstructor
(QER) addresses the bitwidth mismatch issue when combining
low-rank adaptation with quantization-aware training for LLM
models, which introduces additional errors during merging
and requantization. The QER enables lossless merging in
low-bitwidth format by aligning the bitwidth of low-rank
parameters with the quantized base model and adopts error-
aware training to optimize quantization and overflow errors.
Experimental results on LLaMA models validate the superior-
ity of QER, demonstrating its effectiveness for high-accuracy
low-precision LLM deployment.
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