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Abstract

Quantizing large language models (LLMs)
is essential for reducing memory and com-
putational costs in natural language process-
ing. Existing methods combine quantization
with parameter-efficient fine-tuning but often
fail to meet practical performance require-
ments. This paper introduces MeMoTune,
a novel fine-tuning framework for quantized
LLMs. By employing a measure and mo-
ment approach within a low-rank approxima-
tion framework in probability measure space,
MeMoTune optimizes the objective function
for superior fine-tuning results. The update
process is further refined through scaled gra-
dient, enhancing convergence efficiency and
noise robustness. Experiments on tasks like
text generation, summarization, and under-
standing show MeMoTune significantly outper-
forms state-of-the-art methods, e.g. fine-tuning
Llama2-13B on GSM8K improves accuracy by
5.5%, while fine-tuning DeBERTaV3-base on
CoLA of GLUE increases Matthews correla-
tion by 1.7%. The code is publicly available at
github.com/hddyyyb/MeMoTune.

1 Introduction

Large language models (LLMs) have transformed
natural language processing (NLP), enabling sig-
nificant advancements in various applications (Tou-
vron et al., 2023a,b; Al@Meta, 2024; Lewis et al.,
2019; Chung et al., 2024). Despite their success,
the substantial memory and energy demands of
LLMs limit their adoption, particularly on resource-
constrained devices (Sze et al., 2017). Quantiza-
tion has emerged as a crucial technique for reduc-
ing the computational and memory overhead of
LLMs. By approximating high-precision weights
with low-precision values, quantization effectively
compresses models without retraining (Zhu et al.,
2023; Frantar et al., 2022; Liu et al., 2023c¢; Xiao
et al., 2023). For instance, 4-bit quantization meth-
ods (Banner et al., 2019; Sun et al., 2020) can re-

Alpaca

A. Below is an instruction that describes a task, paired with an input that provides
further context. Write a response that appropriately completes the request.
Instruction:

Summarize the sentence using 6 words or less.

Input:

Electric vehicles are better for the environment because they do not produce any
harmful emissions.

Alpaca

B. Below is an instruction that describes a task. Write a response that appropriately
completes the request.

Instruction:

Name the languages which uses the Latin alphabets.

GSM8K

C. Eliza's rate per hour for the first 40 hours she works each week is $10. She also
receives an overtime pay of 1.2 times her regular hourly rate. If Eliza worked for 45
hours this week, how much are her earnings for this week?

Answer the above question. First think step by step and then answer the final number.

v
LoftQ PEFT MthTunc
Quantized Full-precision Quantized
weights pretrained weights weights
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LoRA idamer LoRA Adapter MeMoTutie Adapter
@. EVs are better for the environmenL) @ EVs are eco-friendly. )

. The languages which use the Latin\
alphabet are English, Spanish, French,
German, Portuguese, Italian, Dutch,
Danish, Swedish, Norwegian, Finnish,

/f.The languages which use the Latin\
alphabet are English, Spanish, French,
German, Italian, Portuguese, Dutch,
Swedish, Danish, Norwegian, Finnish,

and Icelandic. \Islandic, Faroese, and Hungarian. /

ﬁweekly rate of Eliza for the first 4(N /C. Eliza’s overtime pay is $10 x 1.2 =\
hours of work is $10 x 40 = $<<10*1.2=12>>12.

Her total earnings for the first 40 hours
is $10 x 40 = $<<10*40=400>>400.
Her total overtime pay is $12 x 5=
$<<12*5=60>>60.

Therefore, Eliza's total earnings for

this week is $400 + $60 =

$<<10*40=400>>400.

Eliza's overtime pay is $10 x 1.2 =
$<<10*1.2=12>>12.

Her total earnings for the week are
$400 + $12 = $<<400+12=412>>412.

The final answer is: 412
Ground Truth: 460.0 $<<400+60=460>>460.
The final answer is: 460

K J \Ground Truth: 460.0 J

Figure 1: Comparison of MemoTune and LoftQ (Li
et al., 2024) across the NLG task for Alpaca and
GSMSK datasets. Our MeMoTune generates outputs
that are: (A) more concise in summaries, (B) more com-
prehensive in enumerating answers to practical ques-
tions, and (C) more accurate in mathematical solutions.

duce model size by up to 8x compared to full-
precision (FP32) models. More recently, post-
training quantization methods (Frantar et al., 2022;
Yao et al., 2022; Liu et al., 2023c,a; Xiao et al.,
2023) have demonstrated efficacy at 8-bit preci-
sion, as in SmoothQuant (Xiao et al., 2023), which
enables lossless 8-bit weight and activation quanti-
zation. However, without retraining these methods
often fail to maintain performance addresing tasks
lower precisions than 8-bit (Wei et al., 2023; Lin
et al., 2024).

Parameter-efficient fine-tuning (PEFT) has be-
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come a key strategy for adapting full-precision
LLMs to downstream tasks. By fine-tuning only
a subset of parameters, PEFT achieves efficiency
and performance gains (Hu et al., 2021; Lester
etal., 2021; Li and Liang, 2021; Liu et al., 2023b).
Huggingface’s PEFT library offer tools for fine-
tuning LLMs with minimal overhead (Mangrulkar
et al., 2022). Low-Rank Adaptation (LoRA) (Hu
et al., 2021), a leading PEFT method, introduces
low-rank adapters to reduce computational costs.
However, (Chen et al., 2022) demonstrates that
PEFT methods exhibit limited effectiveness on
medium-volume (1k—10k training samples) and
large-volume (10k+ training samples) datasets. Ad-
ditionally, experiments (Yang et al., 2024c) indicate
that increasing fine-tuning data does not consis-
tently improve results for a given task.

Recent studies integrate PEFT with quantiza-
tion to enhance model performance while reduc-
ing memory overhead. QLoRA (Dettmers et al.,
2024) and IR-QLoRA (Qin et al., 2024) fine-tune
LoRA parameters while keeping the pre-trained
base model’s 4-bit parameters frozen. LoftQ (Li
et al., 2024) leverages singular value decompo-
sition (SVD) to initialize LoRA, improving per-
formance and addressing quantization challenges.
These methods inherit the limitations of full-
precision PEFT, while quantization-induced degra-
dation further impacts performance.

In this paper, we propose a novel frame-
work, Measure and Moment-driven fine-Tuning
(MeMoTune), for quantized LLMs. MeMoTune
models trainable weights as a high-dimensional
Gaussian distribution within the LoRA architec-
ture and optimizes the objective function, with a
theoretical analysis of this process, thereby improv-
ing performance and addressing its limitations on
large datasets. Additionally, MeMoTune derives
distribution parameter gradients while introducing
a scale into the update process, enabling efficient
distribution parameter updates, improving conver-
gence, and enhancing noise resilience. We evaluate
MeMoTune across a range of NLP tasks, including
natural language generation (NLG), summariza-
tion, and natural language understanding (NLU).
Experimental results demonstrate that MeMoTune
outperforms state-of-the-art (SOTA) methods sig-
nificantly. For example, fine-tuning Llama2-13B
on GSMS8K dataset improves accuracy by 5.5%,
while fine-tuning DeBERTaV3-base on CoLA of
GLUE improves Matthews correlation by 1.7%.
These results highlight MeMoTune’s potential for

deploying quantized LLMs in resource-constrained
environments. Figure 1 showcases MeMoTune’s
improvements over LoftQ (Li et al., 2024), demon-
strating its strong reasoning capabilities. In sum-
mary, our contributions are threefold:

* We propose MeMoTune, leveraging the mea-
sure and moment approach to model trainable
weights as a Gaussian distribution in LoRA,
optimizing fine-tuning for quantized LLMs.

* We derive distribution parameter gradients
while introducing a scale to enhance conver-
gence efficiency and noise robustness.

* Experiments show that our method achieves
SOTA results across NLP tasks with signifi-
cant accuracy and efficiency gains.

2 Related work

2.1 Quantization

Quantization reduces the precision of model pa-
rameters and activations by storing them in low-bit
formats, which reduces memory and computational
needs. There are two main approaches to quanti-
zation: Quantization-Aware Training (QAT) (Shin
et al., 2023; Zhu et al., 2023) and Post-Training
Quantization (PTQ) (Liu et al., 2023a,c; Xiao et al.,
2023). QAT incorporates quantization during train-
ing, allowing the model to adapt to quantization
errors, often resulting in higher accuracy than
PTQ. For instance, QAT-based method QFD (Zhu
et al., 2023) trains a quantized representation as
the teacher, and quantize the network using knowl-
edge distillation. However, QAT requires retrain-
ing, which can be computationally expensive.

In contrast, PTQ quantizes pre-trained base mod-
els without additional training, making it more effi-
cient. Methods like Gptq (Frantar et al., 2022),
a one-shot weight quantization approach using
approximate second-order information, and Zero-
quant (Yao et al., 2022), which applies group-wise
weight and token-wise activation quantization, ef-
fectively reduce quantization error and maintain
hardware acceleration. However, PTQ may still
result in significant performance degradation.

2.2 Parameter-Efficient Fine-Tuning (PEFT)

PEFT reduces computational costs by updating
only a small subset of model parameters during
fine-tuning. LoRA (Hu et al., 2021), a founda-
tional PEFT technique, introduces low-rank ma-
trices, which is called Adapter, to represent the
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necessary changes from pre-trained to fine-tuned
weights, avoiding full matrix updates. It enables
efficient adaptation with minimal parameter up-
dates. However, LoRA’s deterministic linear ap-
proximation limits robustness, making it sensitive
to noisy data. Other methods, such as Prompt Tun-
ing (Lester et al., 2021), Prefix-Tuning (Li and
Liang, 2021), and P-Tuning (Liu et al., 2023b),
fine-tune input prompts or attention-specific tokens,
keeping core model parameters unchanged.
Recent work improves LoRA’s adaptability and
efficiency. DoRA (Mao et al., 2024) prunes less im-
pactful components, MELoRA (Ren et al., 2024)
trains mini-LoRAs across dimensions, and PRo-
LoRA (Wang et al., 2024) shares parameter blocks
within layers. Tunable mask filtering parameters
have also been proposed to enhance fine-tuning
performance (Nikdan et al., 2024; Xu and Zhang,
2024; Lu et al., 2024; Zhang et al., 2024). Laplace-
LoRA (Yang et al., 2024a) estimates uncertainty
via Laplace approximation without altering LoRA-
trained weights, focusing on calibration rather than
accuracy. However, these methods are not designed
for quantized LLMSs, limiting their effectiveness.
Moreover, (Chen et al., 2022) shows their limita-
tions in medium-volume and large-volume datasets,
while (Yang et al., 2024c¢) finds that more fine-
tuning data does not always enhance performance.

2.3 PEFT for Quantized LLMs

PEFT has been applied to improve the performance
of quantized LLMs. QLoRA (Dettmers et al., 2024)
freezes the quantized pre-trained model and fine-
tunes the LoRA adapter. It introduces k-bit Nor-
malFloat (NFk), Double Quantization, and Paged
Optimizers to save memory without sacrificing
performance. LoftQ (Li et al., 2024) improves
the combination of quantization and fine-tuning
in LoRA by minimizing the gap between origi-
nal and N-bit quantized weights plus low-rank ap-
proximations using alternating quantization and
SVD. To address information loss in quantization,
IR-QLoRA (Qin et al., 2024) proposes statistics-
based calibration and entropy maximization to re-
tain original information, along with fine-tuning to
enhance LoRA’s information recovery. These hy-
brid methods preserve pre-quantization data char-
acteristics by training selected full-precision pa-
rameters. However, they still inherit the limitations
of quantization and PEFT, additionally struggling
with handling complex data and remaining suscep-
tible to noise during fine-tuning.

3 Background
3.1 Low-Rank Adaptation (LoRA)

Given a weight matrix W € R%** in a neural net-
work, LoRA approximates the fine-tuning updates
by decomposing the update matrix AW into two
low-rank matrices (adapters): AW = AB, where
A € R¥" and B € R"* are adapters, r is a hy-
perparameter representing the rank of the decom-
position, typically chosen such that r < min(d, t).
During the fine-tuning process, the weight matrix
W is updated as:

Woiew =W +AW =W + AB. (1)

This formulation keeps the pre-trained weights W
fixed when training the model on a downstream
task with the adapted layers, updating only A and
B to capture task-specific information. This im-
proves parameter efficiency by reducing the num-
ber of trainable parameters from dt to dr + rt, sig-
nificantly saving memory and computation costs.

3.2 Quantization

Our research considers two quantization methods:
uniform quantization and quantile quantization. Us-
ing the quantization function ¢(-), the full-precision
weights W are quantized into a k-bit representa-
tion W . In this paper, k € {2,4}. If ¢(-) rep-
resents uniform quantization over the range [a, b),
then W, = ¢(W) = a + 5% | (2" — 1)¥=2],
where |-| denotes rounding to the nearest integer.
However, uniform quantization suffers from the is-
sue of data difference disappearance in densely pop-
ulated regions due to its fixed interval mapping. To
mitigate this problem, the non-linear method Quan-
tile Quantization (Dettmers et al., 2022) divides
data by finding some quantiles and maps them in
the same interval to the same value, which allocates
more representation capacity to regions with dense
data distributions. In our approach, we adopt k-bit
NormalFloat Quantization (NFk) (Dettmers et al.,
2024) as an implementation of Quantile Quantiza-
tion. Further details are provided in Appendix A.

4 Methodology

We propose a measure and moment-driven fine-
tuning framework for quantized LLMs (MeMo-
Tune). This approach explicitly models and learns
the pairwise correlations between weights during
training, leading to improved performance signifi-
cantly. Figure 2 is a brief illustration of MeMoTune.
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Figure 2: The overview of MeMoTune. The model
optimizes parameter distributions and designs a back-
propagation method, where V represents the gradients.

We train the distribution of model parameters from
the perspective of probability measure and design
the corresponding back-propagation method.

For a domain set X’ and a label set ), let f :
X x R™ — Y represent a neural network. Denote
by y. the true label of instance « and by L the
smooth loss function. Our training objective can be
expressed as the following optimization problem.

min By L(f(z, W + AB). )], ()

where A € R¥™" and B € R"*! are parameter
matrices to be fine-tuned, W € {g(W)} C Ré*,
and {q(W)} represents the possible value set of
the quantized parameter. In the following part
of this paper, we will abbreviate L(f(x, W +

AB),yz) as L(f,y).

4.1 Measure and Moment-Based Objective

SOTA fine-tuning methods struggle on medium-
and large-volume datasets (Chen et al., 2022), and
increasing fine-tuning data does not always yield
better results (Yang et al., 2024c¢), potentially due to
noise introduced during training (Wei et al., 2022).

To better understand the role of noise in quan-
tized models, we analyzed the layer-wise activation
variance of Llama2-7B on the GSMS8K dataset un-
der two settings: (1) full-precision and (2) NF4
quantization. Taking layers 17 and 20 as represen-
tative examples, the results presented in Table 1
reveal notable variance shifts under quantization,
which could be interpreted as noise-like perturba-
tions that may contribute to performance degrada-
tion. In addition, models suffer from catastrophic
forgetting (Kirkpatrick et al., 2017), as distribution
shifts between pre-training and fine-tuning data
impair reasoning abilities.

Layer 17 Layer 20
Module Full-Prec.  NF4  Full-Prec.  NF4

self_attn.q_proj 1.7120 1.8680 1.6200 1.7774
self_attn.k_proj 3.6261 34212 3.5204 34119
self_attn.v_proj 0.1604 0.1607 0.1674 0.1613
self_attn.o_proj 0.0146 0.0163 0.0163 0.0194
mlp.gate_proj 0.1686 0.1880 0.1699 0.1861
mlp.act_fn 0.0352 0.0403 0.0340 0.0400
mlp.up_proj 0.1194 0.1301 0.1262 0.1351
mlp.down_proj 0.0273 0.0349 0.0327 0.0358

Table 1: Layer-wise activation variance of Llama2-7B
on GSMSK under full-precision and NF4 quantization.

To address this, we propose training parameter
distributions instead of single estimates, enabling
the model to capture weight correlations and in-
troduce noise, which enhances regularization and
improves robustness and generalization (Blundell
et al., 2015; Gal and Ghahramani, 2016), while si-
multaneously preserving the benefits of large mod-
els. Thus, we address the problem through proba-
bility measures on parameter distributions.

According to the measure and moment ap-
proach (Jasour, 2019), the unconstrained optimiza-
tion with the random variable z:

¥ .

P* = minp(2), 3)
where ) = R", can be transformed into an opti-
mization problem in terms of probability distribu-
tions (measures) with the random variable v, i.e.,

P =

dnin /Q p(z)dv,

“
where v is the probability measure associated with
z subject to [, dv = 1, and M(f2) denotes the
space of measures supported on §2.

Applying this measure-theoretic perspective, we
treat the adapter parameters A and B as random
variables, akin to z in Eq. (3). Thus, the optimiza-
tion problem in Eq. (2) can be transformed into:

min Eg, 5, (L(f.9)). )

AMB

o E, _
i [p(2)]

where 34 and Bpg are the probability measures
of trainable parameters A and B. This formula-
tion requires finding the optimal probability mea-
sures, specifically the probability density functions
of A and B, that minimize the expected loss. For
ease of calculation, we assume that A and B fol-
low Gaussian distribution, i.e. A ~ N (4, X 4),
B ~ N(ug,XB), where 34 and X p capture
the correlation among different elements within
A and B. Since the parameters are not updated di-
rectly, it is crucial to clarify how their distributions
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are refined, which involve updating the expectation
and covariance.

4.2 Distribution Updating

Our goal is to derive the gradients of distribu-
tion parameters, i.e., expectation and covariance.
During training, we can easily get the gradients
VAEL[L(f,y)] and VBE,[L(f,y)]. Establishing
their relationship with distribution parameter gradi-
ents allows us to derive a method for updating the
distribution.

We begin by analyzing the variable A. To fa-
cilitate the derivation, we introduce an auxiliary
variable 7:

r ~ N(0, \}51), (6)
where s > 100 is a hyperparameter representing
the scale size. The scaling factor s helps reduce
excessive noise from the standard normal distribu-
tion, preventing adverse effects on large models.
We model A with the expectation and covariance
matrix by introducing the random noise 7 as fol-
lows.

A=pg+ /X4, (N

where pa denotes the learnable expectation pa-
rameter and 3 4,. denotes the learnable covariance
matrix parameter. Under this formulation, we de-
rive X4 = 2?’“ , but there is no need to explicitly
compute or store it.

To obtain A after each sampling of r, we infer
the gradients of p 4 and /3 4, from the gradi-
ent of A. The specific relationships are stated in
the following theorem, with its proof provided in
Appendix B.

Theorem 1. For the random variable A =
pat/2a.r,r~N(O, %I) with p 4 € R,
VXA, € RX>K gnd s € RY we have:

ViaEa[L(f, 9)] = VaE[L(f,y)].  (8)

V/za, BelL(f,9)] = 7V AE[L(f.y)). )

A large scale s results in a smaller variance, nar-
rowing the range of . To prevent the gradient from
becoming too small (vanishing), we scale up the
gradient as follows:

Thus, (/sr) ~N (0, I). Consequently, the scaled
gradient effectively updates distribution parame-
ters, improving convergence efficiency.

The same derivation applies to B. Through this
process, we obtain the gradients for the distribu-
tion parameters, which are then used to train the
distributions of A and B, enabling us to solve the
objective in Eq. (5).

4.3 Lower Memory and Time Cost

To conserve computing resources, we approximate
the square root of the covariance matrix parameter
with a low-rank matrix representation: /X4, ~
o4, and /g, ~ op, where 04 € R>">K,
op € RIWK K « min(dr). On this basis,
the forward pass changes from (W, + AB)x to
(Wy+ (pa+oar)(up + opr))x. The corre-
sponding backward pass updates the parameters
according to Eq. (8) and Eq. (9).

Therefore, for each layer, the memory cost of the
base model parameters is (’)(?—2’“). For the trainable
part, we need to store the expectation and covari-
ance parameters. Specifically, the memory cost of
expectation parameters p 4 and pg is O((k+d)r),
while the memory cost of the approximate covari-
ance parameters o 4 and o g is O((k+d)rK). To
ensure a low memory cost, we constrain the value
of K to be relatively small, i.e., ' < 4. This re-
striction results in low ranks for 3 4, and Xp,,
implying that the majority of trainable parameters
are independent of each other. This approach is
both reasonable and does not compromise the per-
formance of the method. The influence of K on
performance is further evaluated in Section 5.6.

Considering the time complexity, during train-
ing, both the expectation and covariance of param-
eters A and B are updated simultaneously, result-
ing in a time complexity of O((K + 1)(rt + rd)).
In inference, while dequantization occurs during
the forward pass, it typically adds only a con-
stant cost O(c) to the standard matrix multiplica-
tion. Therefore, the overall time complexity is
O(td+ (K + 1)(rt + rd) + ¢). In comparison to
methods such as QLoRA or LoftQ, the additional
complexity arises from the parameter K. By con-
straining K to a small value, our method achieves
a lower time complexity.

S Experiments

5.1 Experimental Setup

Datasets and Metrics We evaluate MeMoTune
on three fundamental NLP tasks: NLG, text sum-
marization, and NLU. These tasks assess the
model’s ability to generate, condense, and under-
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stand text effectively. We summarize the datasets,
architectures, and metrics for each task.

For NLG, we follow the QLoRA and IR-QLoRA
fine-tuning framework, training Llama (Touvron
et al., 2023a) and Llama2 (Touvron et al., 2023b)
on Alpaca (Taori et al., 2023), Hh-rlhf (Bai et al.,
2022), and GSMS8K (Cobbe et al., 2021), and ad-
ditionally fine-tune Mistral (Jiang et al., 2023) and
Qwen2.5 (Yang et al., 2024b; Team, 2024) on
GSMSK. Perplexity (Bengio et al., 2003) is used as
the evaluation metric for Alpaca and Hh-rlhf, while
accuracy is used for GSM8K.

For the summarization task, following the fine-
tuning architecture of LoftQ, T5 and BART are fine-
tuned on DialogSum (Chen et al., 2021) and Bill-
Sum (Kornilova and Eidelman, 2019) datasets, eval-
uated using ROUGE-1, ROUGE-2, and ROUGE-
L (Lin, 2004) metrics.

For NLU tasks, following the fine-tuning ar-
chitecture of LoftQ and IR-QLoRA, we fine-tune
DeBERTaV3-base on the GLUE benchmark (Wang
et al., 2018), with evaluation metrics including
Matt, Acc, f1 and P/S Corr. We also evaluate Llama
and Llama2 on the MMLU (Hendrycks et al., 2021)
dataset, using accuracy as the evaluation metric.

Following (Chen et al., 2022), NLG and summa-
rization fine-tuning occur on large-volume datasets
(10k+ samples), while NLU fine-tuning is on
medium-volume datasets (1K-10K samples). Base
model details are provided in Appendix C.1, and
additional information on datasets and evaluation
metrics can be found in Appendix C.2.

Training Details For NLG and text summariza-
tion tasks, the base models are quantized to 4 bits
using NFk (Dettmers et al., 2024; Qin et al., 2024;
Li et al., 2024). Adapter ranks are set to 16 and
32 for Alpaca and Hh-rlhf, 64 for GSM8K in NLG
tasks, and 16 for summarization tasks. For NLU
tasks on GLUE, both NFk and uniform quantiza-
tion compress the base models to 2 and 4 bits, with
adapter ranks of 16 and 32. The fine-tuning settings
for Llama and Llama2 on MMLU align with those
used for fine-tuning Llama and Llama2 on Alpaca
for the NLG task. Model evaluation is performed
every 500 training steps, with median results re-
ported over five runs using different random seeds.
The adapter rank for all LoRA-based baselines re-
mains consistent with MeMoTune. Detailed config-
urations are in Appendix C.3, and baselines adhere
to the settings specified in their respective papers.
Best results are in bold.

We initialize expectations g4 and pp using
an SVD-based method inspired by LoftQ (Li

et al., 2024). The adapters are defined
as py = [VAug,...,vVAu,] and pp =

[VAivi, ..., V/Av,], where \; are the singular
values of the residual weight matrix W — q(W),
and u;, v; are the left and right singular vectors.
Covariances are initialized to O.

5.2 Baselines

We compare our method with SOTA approaches
and a No Tuning baseline (a full-precision model
without fine-tuning). The details are as follows:

PEFT Methods They are full-precision methods
that train only a subset of parameters. LoORA (Hu
et al., 2021) reduces trainable parameters by intro-
ducing low-rank adaptation matrices while keep-
ing the base model frozen, enabling efficient fine-
tuning. Prefix Tuning (PT) (Li and Liang, 2021)
prepends trainable continuous vectors to the key
and value projections in the attention layers.

Quantization Plus PEFT These methods fine-
tune a quantized model with PEFT for efficiency.
QLoORA (Dettmers et al., 2024) combines k-bit
quantization with LoRA, reducing memory while
preserving performance. IR-QLoRA (Qin et al.,
2024) improves quantized LLM accuracy via in-
tegrating LoRA with information retention tech-
niques. LoftQ (Li et al., 2024) enhances QLoRA
by optimizing adapter initialization.

5.3 NLG Task

We evaluate MeMoTune on the Alpaca and Hh-rlhf
datasets, with results for adapter rank 16 presented
in Table 2. MeMoTune consistently outperforms
SOTA methods, except for fine-tuning Llama-7B,
where full-precision LoRA yields better results.
This suggests that optimizing parameter distribu-
tions in the measurement space and scaling gra-
dients enhance performance across various inputs.
PT fails to converge, while LoRA performs better,
reinforcing the effectiveness of fine-tuning within
the LoRA framework. On the ALpaca dataset, No
Tuning shows better results than on the Hh-rlhf
dataset, as pre-trained Llama and Llama2 can adapt
well to this dataset. Moreover, on the more com-
plex Hh-rlhf dataset, MeMoTune achieves signif-
icant improvements over baselines, underscoring
its effectiveness in complex real-world scenarios.
Additional results for adapter rank 32 are provided
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Alpaca Hh-rlhf
Method Llama Llama2 Llama Llama2
7B 13B 7B 13B 7B 7B

No Tuning 4.40 4.79 424 4.69 8.29 8.80
LoRA 280 2.52 285 263 216 2.30
PT 3.02 276 290 264 439 4.28
QLoRA 286 270 288 264 2.17 2.32
IR-QLoRA 293 2.82 287 278 198 2.02
LoftQ 2779 258 286 253 222 2.24
MeMoTune 2.76 2.54 279 251 1.83 1.89

Table 2: Results of Llama and Llama2 on Alpaca and
Hh-rlhf.

Llama Llama2 Mistral  Qwen2.5
Method 78 13B 7B 13B 7B 7B
No Tuning 11.0 17.8 146 287 522 69.4
LoRA 328 366 369 43.1 57.0 83.0
QLoRA 303 374 351 399 56.7 79.6
LoftQ 348 437 350 450 57.9 80.8
MeMoTune 35.8 44.2 409 50.5 59.0 81.3

Table 3: Results of Llama, Llama2, Mistral and
Qwen2.5 on GSM8K.

in Appendix D.1, where MeMoTune continues to
deliver the best performance.

To evaluate problem-solving capabilities, we
fine-tune Llama, Llama2, Mistral and Qwen2.5 on
the GSM8K dataset, with results in Table 3. Base-
lines including PT and IR-QLoRA are excluded
due to the lack of GSM8K implementations. Base-
line results are sourced from LoftQ (Li et al., 2024)
(Llama?2 fine-tuned with LoftQ and QLoRA), and
our training (other cases). MeMoTune consistently
achieves the best performance among quantized
fine-tuning methods, outperforming QLoRA and
LoftQ across all models. It performs particularly
excelling on Llama2, with accuracy gains of 4.1%
(7B) and 5.5% (13B) over LoftQ. These results
demonstrate MeMoTune’s robustness and superior
performance in fine-tuning quantized models on
large-volume datasets.

5.4 Summarization Task

We fine-tune T5 and BART on the DialogSum
and BillSum datasets to evaluate our method for
text summarization. During baseline training, we
observe that QLoRA outperforms LoRA for fine-
tuning T5 on DialogSum, as shown in Figure 3. It
is consist with QLoRA’s findings that lower preci-
sion of more parameters results in the better per-
formance. We hypothesize that this phenomenon
arises because quantization acts as a form of reg-
ularization that helps prevent overfitting, a benefit
especially useful in tasks like summarization.
Table 4 presents the text summarization results,
showing that MeMoTune consistently outperforms

LoRA ROUGE-1 — —-LoRAROUGE-2 ------- LoRA ROUGE-L
——— QLoRA ROUGE-1 — — = QLoRA ROUGE-2 QLoRA ROUGE-L
MeMoTune ROUGE-1 — — - MeMoTune ROUGE-2 ------- MeMoTune ROUGE-L

0.3

0.1

Epoch

Figure 3: Fine-tuning TS5 using LoRA, QLoRA, and
MeMoTune on DialogSum.

baselines on DialogSum and BillSum when fine-
tuning TS5, BART-base, and BART-large. Among
the baselines, LoftQ and IR-QLoRA excel in dif-
ferent scenarios. IR-QLoRA outperforms LoftQ
on both datasets for fine-tuning TS5 and BART-base,
ranking just behind MeMoTune, while LoftQ per-
forms better on BART-large. Full-precision meth-
ods do not surpass quantized ones, highlighting the
benefits of quantization in summarization. These
results confirm its ability to enhance quantized fine-
tuning by optimizing parameter distributions in the
measurement space, ensuring consistency across
datasets and model sizes.

5.5 NLU Task

We evaluate MeMoTune’s ability to fine-tune ex-
tremely low-bit models. Table 5 presents the re-
sults of fine-tuning 2-bit DeBERTaV3-base on
the GLUE corpus (CoLA, MRPC, and STS-B),
with baseline values from the LoftQ paper. IR-
QLORA has not yet implemented the GLUE task
for DeBERTaV3-base. MeMoTune consistently
outperforms LoftQ in all cases, showing stable and
superior performance. Notably, on CoLA with NF2
quantization and rank 32, MeMoTune achieves a
Matthews correlation 1.7% higher than LoftQ, high-
lighting improved fine-tuning. Additional results
for 4-bit DeBERTaV3-base in Appendix D.2 fur-
ther confirm MeMoTune’s effectiveness. By opti-
mizing parameter distributions, MeMoTune excels
in fine-tuning 2-bit and 4-bit models on medium-
volume datasets.

The MMLU accuracy of fine-tuning Llama and
Llama2 on the Alpaca dataset, with adapter rank 16,
is shown in Table 6, with baseline values sourced
from QLoRA (Dettmers et al., 2024) (QLoRA) and
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Method DialogSum BillSum

T5 BART-base BART-large T5 BART-base BART-large

No Tuning ~ 20.4/5.0/17.3 17.4/2.71/15.6 17.5/2.7/15.8 15.1/7.0/12.5 3.6/0.5/3.2 6.6/1.9/5.8
PT 29.5/8.5/25.2  36.9/12.3/30.4 39.9/15.7/33.6  21.8/16.6/20.8  22.3/17.2/21.6  23.4/18.8/22.7
LoRA 31.2/9.7/26.4  39.0/14.0/32.2  41.4/17.7/35.6  23.5/18.6/22.5 23.6/18.9/22.9  24.5/20.5/24.0
QLoRA 32.3/9.9/27.0  38.1/14.3/32.5 41.8/17.8/35.6  23.7/18.8/22.8  23.8/19.3/23.2  24.3/20.2/23.7
LoftQ 33.6/9.7/28.7  38.9/14.6/32.4  42.2/18.3/36.0  23.7/18.8/22.9  23.8/19.3/23.1  24.4/20.4/23.9
IR-QLoRA  36.6/12.5/30.2  39.3/14.9/32.6  41.5/18.0/35.5 23.4/18.5/22.4  23.6/18.8/22.9  24.0/19.7/23.4
MeMoTune  36.7/12.5/30.4  39.5/15.0/32.8 42.5/18.8/36.4  23.8/18.9/23.0  23.9/19.5/23.3  24.5/20.7/24.3

Table 4: Results of TS5, BART-base and BART-large on DialogSum and BillSum, evaluated with ROUGE-1/2/L (%).

CoLA MRPC _ STS-B
Quant Rank  Method  npoo Ace/fl  P/S Corr
LoftQ 374 83.8/88.6 87.1/86.9

16 MeMoTune 38.6 84.6/89.0 87.7/87.4

NF LoftQ 475 83.6/87.2 87.5/87.0
32 MeMoTune 492 84.6/89.2 8$8.2/87.9

LoftQ 50.1  87.0/90.6 87.9/87.6

16 MeMoTune 59.6 87.8/91.4 88.2/87.8

Unif LoftQ 60.5 87.5/91.2 89.5/89.2
32 MeMoTune 613  88.0/91.4 89.9/89.7

Table 5: Results of 2-bit DeBERTaV3-base on GLUE.

Llama Llama2
Method g™ 138" 7B 13B
No Tuning  35.1 433 443 553
PT 368 453 454 546
LoRA  40.6 474 464 573
QLoRA 388 478 444 516
LoftQ  39.1 485 447 535
IR-QLoRA  40.6 493 46.1 544
MeMoTune 409 50.6 464 56.6

Table 6: MMLU results of Llama and Llama2 on Al-
paca.

IR-QLoRA (Qin et al., 2024) (No Tuning and IR-
QLoRA) reports, compared to our training (LoRA,
LoftQ, MeMoTune). MeMoTune achieves the high-
est accuracy among methods using quantized base
models, outperforming IR-QLoRA by 1.3% on
Llama-13B and 2.2% on Llama2-13B. This high-
lights its superior performance, particularly for
larger models. Additional results for adapter rank
32 are provided in Appendix D.3. These results in-
dicate that MeMoTune is highly effective on large-
volume datasets.

5.6 Ablation Study

Effect of K. Building on prior results, training the
parameter distributions has demonstrated effective-
ness. Next, we explore the covariance within this
distribution by comparing the effects of different
K on the experimental outcomes. We fine-tune T5
and BART on DialogSum, with low-rank adapters

40
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10 —+—BART

ROUGE-L
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Figure 4: Fine-tuning TS and BART on DialogSum.

of rank 16, and record the ROUGE-L scores for
various K, as shown in Figure 4.

We found that K has little effect on model per-
formance, with results fluctuating within an accept-
able range. This indicates that the elements in the
parameter matrix are nearly independent, allow-
ing a low-rank covariance matrix to achieve good
results. However, as K increases (e.g., K = 8),
memory and computation costs rise significantly,
making it difficult to achieve optimal performance.
Therefore, we select K € {1,2,4} for this study.
See Appendix C.3 for specific settings.

5.7 Loss Convergence in Fine-Tuning

We fine-tune the 4-bit Llama2-7B initialized with
LoftQ by QLoRA and MeMoTune on the Hh-
rlhf (Bai et al., 2022) dataset, where the param-
eters of the former follow the settings of LoftQ (Li
et al., 2024) and both methods shuffle the data be-
fore each epoch of training. The changes in model
performance are shown in Figure 5.

With LoftQ, training loss drops sharply at the
start of each epoch but gradually increases over
time. In contrast, MeMoTune mitigates this is-
sue, achieving a faster perplexity reduction. We
suspect this is due to LoftQ training parameters
within the LoRA framework, which, owing to its
low-rank nature, may struggle with complex data.
By modeling parameter distributions, MeMoTune
enhances robustness, generalization, and mitigates
catastrophic forgetting in large models. Notably,
further reducing the learning rate leads to earlier
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Figure 5: Fine-tuning Llama2-7B using LoftQ and
MeMoTune on Hh-rlhf.

Noise Level LoftQ MeMoTune
0.00 (No Noise)  36.98 41.08
0.01 34.95 37.83
0.05 22.74 25.63
0.10 11.07 14.86
0.15 6.60 6.97
0.20 341 4.09

Table 7: Accuracy under varying noise levels on
GSMSK.

convergence with worse performance, so we select
an initial learning rate of 0.01 with a cosine decay
schedule, as detailed in Section 5.1.

5.8 Evaluating Noise Robustness

To further demonstrate the noise robustness of our
proposed method, we conducted additional exper-
iments of fine-tuning LLlama2-7B on the GSM8K
dataset by injecting character-level noise into the in-
put data at evaluation time. Specifically, we added a
controlled amount of random noise to the input text
by randomly performing character replacements,
insertions, and deletions with a fixed probability
(noise level). For example, a noise level of 0.05
indicates that approximately 5% of the characters
in the input are altered. The performance under
varying noise levels is shown in the Table 7.
MeMoTune consistently outperforms LoftQ
across all noise levels. Notably, it even surpasses
LoftQ’s clean performance at 1% noise, demon-
strating improved robustness to input perturbations.

6 Conclusion

We propose MeMoTune, a measure and moment-
driven fine-tuning framework for quantized LLMs,
combining PEFT to adapt quantized LLMs for
downstream tasks with limited memory. We in-
troduce Gaussian-distributed parameters in LoRA
to enhance results. We analyze training distribu-
tion theoretically and propose scaled probability
measure gradients. Experiments show MeMoTune

surpasses existing models in NLP tasks and is ideal
for lightweight devices.

7 Limitations

Despite the improvements introduced by the MeM-
oTune in mitigating quantization-related perfor-
mance loss, several limitations must be acknowl-
edged. First, our method is validated on the En-
glish database, and its effectiveness on non-English
datasets or multilingual tasks has not been fully ex-
plored, which may limit its applicability to broader
language models. Moreover, the method’s effec-
tiveness has primarily been validated on popular
datasets, such as Alpaca, Hh-rlhf, GSM8K, Dialog-
Sum, BillSum, and GLUE benchmark. However,
its ability to address the challenges posed by more
niche or broader datasets remains somewhat less
explored.
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A The k-bit Quantile Quantization

For dividing the original data into 251 intervals,
we first estimate the 25*! quantiles of a normal
distribution A/ (0, 1), its quantile function is Q x (+).
Then we normalize the values of k-bit data into the
[—1, 1]. The process of determining the quantiles
for quantization can be described mathematically
as follows:

1 ) 1+ 1
o - — 11
where ¢ = 0,1,2,...,2k—1represent the interval,

q; represents the quantiles of each interval. Next,
we normalize the input weights into the [—1, 1] by
Wy = maXLVW By finding the closest g; to each
elements in W, we get the quantized result .
During dequantization, the quantized indices 2
are used to retrieve the corresponding quantiles
q;, and the weight matrix is reconstructed through

denormalization as:
W, = g;max |W|. (12)
B Proofs of Theorem 1

This is a proof of the proposed gradient of the
adapter’s distribution parameters in Theorem 1.

Proof.

ViuaEalL(f.)] = 8Ew[§iﬂ v éii

(13)
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C Details of Experimental Settings
C.1 Base Models

We fine-tuned the following base models to ver-
ify that MeMoTune maintains stable and excellent
performance across different scenarios.

e Llama (7B, 13B) (Touvron et al., 2023a) and
Llama2 (7B, 13B) (Touvron et al., 2023b):
Optimized for tasks such as language model-
ing, text generation, and reasoning, demon-
strating strong capabilities in handling com-
plex language patterns efficiently.

* TS (small) (Chung et al., 2024): A versatile
model that frames all NLP tasks as text-to-
text transformations, excelling in applications
like translation, summarization, and question
answering.

* BART (base, large) (Lewis et al., 2019): Com-
bines bidirectional and autoregressive trans-
formers, achieving high performance in text
generation tasks such as image description,
summarization, and machine translation.

* DeBERTaV3 (base) (He et al., 2021a,b): En-
hances BERT’s architecture with disentangled
attention mechanisms to improve contextual
understanding, making it particularly effective
for text classification and sentiment analysis
tasks.

C.2 Dataset and Metric

NLG. NLG tasks cover a wide range, and we
select three datasets with different purposes for
fine-tuning for more comprehensive evaluation.

* Alpaca (Taori et al., 2023): Contains 52,000
instructions and demonstrations, helping to
fine-tune models to understand and follow
complex instructions accurately.

* Hh-rlhf (Bai et al., 2022): Provides Human
Preference and Red Teaming Data, focusing
on fine-tuning models for dialogue generation
and alignment with human preferences.

* GSMSK (Cobbe et al., 2021): Includes 8.5K
math word problems designed for reasoning
tasks, such as solving grade-school math prob-
lems.

Evaluation on Alpaca and Hh-rlhf is conducted
using perplexity, where lower values indicate better
performance.

Summarization. We consider two datasets:

* DialogSum (Chen et al., 2021): A dialogue
summarization dataset containing 13,460 dia-
logues.

e BillSum (Kornilova and Eidelman, 2019): A
dataset containing summaries of U.S. Con-
gressional and California state bills.

Regarding the evaluation metrics, ROUGE-1 mea-
sures unigram (word-level) overlap between the
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generated and reference summaries, while ROUGE-
2 captures bigram overlap. ROUGE-L, based on
the longest common subsequence, accounts for
sentence-level structural similarity by identifying
the longest co-occurring n-gram. Higher scores
indicate better performance.

NLU. We use two benchmarks:

* GLUE Benchmark (Wang et al., 2018):
General Language Understanding Evaluation
Benchmark, introduced in 2018, evaluates
a model’s general language understanding
across nine NLP tasks, including sentence sim-
ilarity, inference, and sentiment analysis. The
GLUE tasks used in this research are:

— Corpus of Linguistic Acceptability
(CoLA) — Assesses whether a sentence
is grammatically correct, evaluated us-
ing Matthew’s Correlation Coefficient
(Matt).

— Microsoft Research Paraphrase Corpus
(MRPC) — Determines semantic equiva-
lence between sentence pairs, measured
by accuracy and F1 score (Acc/fl).

— Semantic Textual Similarity Benchmark
(STS-B) — Measures sentence similarity
on a continuous scale, evaluated using
Pearson/Spearman correlation against
human judgments (P/S Corr).

e MMLU (Hendrycks et al., 2021): Massive
Multitask Language Understanding, a multi-
task benchmark covering 57 subjects across
humanities, STEM, and social sciences. Per-
formance is measured by the average accuracy
across all tasks.

Higher values indicate better performance for all
metrics.

C.3 Experimental Configurations

All experiments are conducted on NVIDIA A100
SXM4 GPUs.

NLG Tasks. For training Llama and Llama2 on
the Alpaca and Hh-rlhf datasets, we use a cosine
decay learning rate schedule with an initial learning
rate of 0.01. On GSMBSK, the learning rate is set
to 3 x 10~*. Fine-tuning is performed for 20,000
steps on Alpaca, 100,000 steps on Hh-rlhf, and
1,880 steps on GSMS8K, with a batch size of 2 for
both training and evaluation. For all NLG tasks, the

Unif stsb 16
Unif stsb 32

5.00E-05 300
5.00E-05 300

Quant Dataset Rank Learning Rate Scale K
NF2 cola 16 1.00E-04 1000 1
NF2 cola 32 5.00E-05 600 1
NF2 mrpc 16 1.00E-04 500 1
NF2 mrpc 32 1.00E-04 600 1
NF2 stsb 16 1.00E-04 700 1
NF2 stsb 32 1.00E-04 700 1
Unif cola 16 1.00E-04 1000 2
Unif cola 32 1.00E-04 4000 1
Unif  mrpc 16 1.00E-04 700 1
Unif  mrpc 32 1.00E-04 100 1

1
1

Table 8: Hyperparameter configurations for fine-tuning
2-bit DeBERTaV3-base on NLU Tasks.

Unif stsb 16
Unif stsb 32

5.00E-05 300
5.00E-05 400

Quant Dataset Rank Learning Rate Scale K
NF2 cola 16 1.00E-04 400 1
NF2 cola 32 5.00E-05 400 1
NF2 mrpc 16 1.00E-04 600 1
NF2 mrpc 32 1.00E-04 200 1
NF2 stsb 16 1.00E-04 1000 1
NF2 stsb 32 1.00E-04 900 2
Unif cola 16 1.00E-04 400 2
Unif cola 32 1.00E-04 4000 1
Unif mrpc 16 1.00E-04 700 1
Unif mrpc 32 1.00E-04 100 1

1
1

Table 9: Hyperparameter configurations for fine-tuning
4-bit DeBERTaV3-base on NLU Tasks.

scale size s is fixed at 400 for Llama and Llama2,
and 100 for Mistral and Qwen2.5. The K -value is
set to 2 for Llama-7B and Llama2-7B, and to 1 for
Llama-13B, Llama2-13B, Mistral and Qwen?2.5.

Summarization Tasks. The learning rate is con-
figured to 2 x 107°. Fine-tuning is conducted for
40,000 steps on the BillSum dataset and 20,000
steps on the DialogSum dataset, using a consistent
batch size of 8 for both training and evaluation.
The hyperparameter K is set to 4, and the scale
size s is set to 1000.

NLU Tasks. Training and evaluation are con-
ducted with a batch size of 16 and 60 epochs across
all experiments. Hyperparameters, including learn-
ing rate, scale, and K vary across quantization
method, datasets and rank. The detailed configura-
tions are summarized in Table 8 (for 2-bit quanti-
zation) and Table 9 (for 4-bit quantization).
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D Additional Results

D.1 NLG Task with Adapter Ranks 32

Table 10 presents the results of fine-tuning MeMo-
Tune on the Alpaca dataset with an adapter rank of
32. Compared to the results with rank 16 in Table 2,
increasing the rank to 32 leads to a performance
drop for both MeMoTune and the baselines when
fine-tuning 13B models, while fine-tuning 7B mod-
els shows improved performance. This highlights
the importance of selecting an appropriate adapter
rank based on model size and specific scenarios.
Notably, MeMoTune consistently outperforms all
baselines across different settings, demonstrating
robust performance in various conditions.

Llama Llama2
Method 7B 13B 7B 3B
LoRA 276 2,68 274 2.60
QLoRA 280 272 275 2.68
IR-QLoRA 291 2.83 285 2.78
LoftQ 275 266 271 2.59
MeMoTune 2.70 2.63 2.66 2.57

Table 10: Results of Llama and Llama2 on Alpaca. The
adapters’ rank is set to 32.

D.2 4-Bit DeBERTaV3-base

Table 11 shows the 4-bit fine-tuning results of
DeBERTaV3-base on the GLUE tasks, where our
method consistently outperforms LoftQ.

CoLA  MRPC SST

Quant Rank  Method N Acc/fl P/S Corr
LoftQ 69.6  90.2/92.9 90.8/90.8

16 MeMoTune 702  90.4/93.1 90.9/90.9

NF LoftQ 672 89.2/923 91.0/91.2
32 MeMoTune 70.8 89.5/92.4 91.2/91.2

LoftQ 67.7 88.7/92.0 88.9/388.8

16 MeMoTune 70.1  $9.0/92.1 90.2/90.2

Unif LoftQ 654 86.8/90.6 90.5/90.5
32 MeMoTune 68.8 89.7/92.7 90.7/90.7

Table 11: Results of 4-bit DeBERTaV3-base on GLUE.

D.3 NLU Task with Adapter Ranks 32

Table 12 presents the MMLU results for the NLU
task with an adapter rank of 32. Notably, MeMo-
Tune consistently achieves the best performance,
except in the case of fine-tuning Llama-7B, where
its result is slightly inferior to that of LoRA. This
highlights LoRA’s advantage as a full-precision
model. Moreover, compared to rank 16 (Table 6),
fine-tuning 7B models with rank 32 generally
yields better results, aligning with the conclusions
in Appendix D.1. These findings suggest that the

optimal rank setting may vary depending on spe-
cific scenarios.

Llama Llama2
Method 7B 13B 7B I3B
LoRA 41.5 484 47.1 56.7
QLoRA 405 484 457 555
LoftQ 39.3 48.8 470 554
IR-QLoRA  39.0 47.6 46.5 54.6
MeMoTune 41.3 494 477 56.8

Table 12: MMLU results of Llama and Llama2 on Al-
paca. The adapters’ rank is set to 32.
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