The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Efficiently Seeking Flat Minima for Better Generalization in Fine-Tuning Large
Language Models and Beyond

Jiaxin Deng'*, Qingcheng Zhu?*, Junbiao Pang'", Linlin Yang’, Zhongqian Fu*, Baochang
Zhang>*
!School of Information Science and Technology, Beijing University of Technology, Beijing, China
2School of Electronic Information Engineering , Beihang University, Beijing, China
3State Key Laboratory of Media Convergence and Communication, Communication University of China, Beijing, China
*Huawei Noah’s Ark Lab, China
SHangzhou Research Institute, School of Artificial Intelligence, Beihang University, China
dengjiaxin @emails.bjut.edu.cn, zhuqc@buaa.edu.cn, junbiao_pang @bjut.edu.cn, lyang@cuc.edu.cn,
fuzhongqian @huawei.com, bczhang @buaa.edu.cn

Abstract

Little research explores the correlation between the expres-
sive ability and generalization ability of the low-rank adap-
tation (LoRA). Sharpness-Aware Minimization (SAM) im-
proves model generalization for both Convolutional Neural
Networks (CNNs) and Transformers by encouraging conver-
gence to locally flat minima. However, the connection be-
tween sharpness and generalization has not been fully ex-
plored for LoRA due to the lack of tools to either empiri-
cally seek flat minima or develop theoretical methods. In this
work, we propose Flat Minima LoRA (FMLoRA) and its effi-
cient version, i.e., EFMLORA, to seek flat minima for LoRA.
Concretely, we theoretically demonstrate that perturbations
in the full parameter space can be transferred to the low-rank
subspace. This approach eliminates the potential interference
introduced by perturbations across multiple matrices in the
low-rank subspace. Our extensive experiments on large lan-
guage models and vision-language models demonstrate that
EFMLOoRA achieves optimization efficiency comparable to
that of LoRA while simultaneously attaining comparable or
even better performance. For example, on the GLUE dataset
with RoBERTa-large, EFMLoRA outperforms LoRA and full
fine-tuning by 1.0% and 0.5% on average, respectively. On
vision-language models, e.g., Qwen-VL-Chat, there are per-
formance improvements of 1.5% and 1.0% on the SQA and
VizWiz datasets, respectively. These empirical results also
verify that the generalization of LoRA is closely related to
sharpness, which is omitted by previous methods.

Introduction

Parameter-Efficient Fine-Tuning (PEFT) methods only up-
date a small subset of parameters, e.g., adapters (Hu et al.
2022) or prompt weights (Li and Liang 2021) for Large
language models (LLMs) with substantially lower memory
and computational costs. Specifically, Low-Rank Adapta-
tion (LoRA) (Hu et al. 2022) stands out for achieving per-
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Figure 1: Comparison of Methods: LoRA, FMLoRA, and
EFMLORA.

formance comparable to full fine-tuning (FT) while being
considerably more efficient.

Many works have been proposed to enhance the perfor-
mance of LoRA by introducing more dedicated budgets for
rank allocation (Zhang et al. 2023b), decomposing optimiza-
tion for direction and magnitude updates (Liu et al. 2024),
or designing better initialization strategies for LoRA pa-
rameters (Meng, Wang, and Zhang 2024), etc. These stud-
ies demonstrate the significant potential to improve LoRA
performance. However, most existing approaches fail to ef-
fectively address bias inheritance, where LLMs may propa-
gate and amplify their inherent biases, significantly impact-
ing model performance and robustness on downstream tasks
(Li et al. 2025). Therefore, a natural question is: how to
model and understand the generalization of LoRA for var-
ious LLMs and beyond, e.g., vision-language models?

It is widely believed that a flatter loss landscape can
lead to better generalization performance (Hochreiter and
Schmidhuber 1994) (Hochreiter and Schmidhuber 1997).
For instance, Foret et al. proposed Sharpness-Aware Mini-
mization (SAM) (Foret et al. 2021), which seeks parame-
ter regions where the training loss remains uniformly flat.
SAM and its variants have demonstrated State-Of-The-Art
(SOTA) performances across various applications, such as



classification (Kwon et al. 2021), transfer learning (Zhuang
et al. 2022), domain generalization (Dong et al. 2024) and
federated learning (Dai et al. 2023).

To the best of our knowledge, compared to theoretical
analysis, e.g., (Neyshabur et al. 2017), empirically connect-
ing sharpness and generalization ability of LoRA is a practi-
cal approach, e.g., (Andriushchenko et al. 2023). For the sec-
ond line of research, a naive approach is to combine SAM
with LoRA. However, if perturbations in SAM are applied
simultaneously to two low-rank subspaces of LoRA, they
may change the maximum loss within the neighborhood of
LoRA’s full parameter space (Dinh et al. 2017a); besides,
SAM incurs a computational cost twice that of Stochastic
Gradient Descent (SGD) (Deng et al. 2024). The key ques-
tion in the second line of research is how to efficiently find
flat minima in LoRA, aiming to better understand the con-
nection between sharpness and generalization.

In this paper, we propose a novel PEFT method, FM-
LoRA, that promotes convergence toward flatter min-
ima. Specifically, we theoretically uncover that perturba-
tions in the full parameter space can be equivalently re-
parameterized as perturbations within the low-rank space.
In addition, we propose EFMLoRA to accelerate FMLoRA
by an Exponential Moving Average (EMA) strategy. We val-
idate that EFMLoRA improves generalization performance
on downstream tasks while maintaining computational effi-
ciency comparable to that of LoRA. Fig. 1 compares three
methods: LoRA, FMLoRA, and EFMLoRA. We conducted
comprehensive experiments on diverse tasks (fine-tuning,
few-shot learning) and various model types (RoBERTa (Liu
et al. 2019), GPT-2 (Radford et al. 2019), CLIP (Zanella
and Ben Ayed 2024), Qwen-VL-Chat (Bai et al. 2023)) and
scales. We find that EFMLoRA achieves model accuracy
very close to, or even surpass both full fine-tuning and LoRA
across many tasks. Our main contribution can be summa-
rized as follows:

* We propose FMLoRA, a novel PEFT training method
that integrates SAM into the LoRA framework. Further-
more, EFMLoRA provides an efficient tool for empir-
ically understanding the connection between sharpness
and generalization in LLMs and beyond. We empirically
show that reducing sharpness is highly correlated with
improved generalization in PEFT tasks, which has been
rarely explored in PEFT studies before.

We conduct comprehensive experiments on LLMs (e.g.,
RoBERTa, GPT-2) and vision-language models (e.g.,
CLIP, Qwen-VL-Chat) across various tasks including
fine-tuning and few-shot learning. Results show that
EFMLoRA achieves optimization efficiency comparable
to that of LoRA while simultaneously attaining compa-
rable or even better performance.

Related Works
Low-rank Adaption

Hu et al. proposed LoRA (Hu et al. 2022) as a PEFT
method that introduced low-rank adapters into each layer of
a pre-trained model. Recent advancements in LoRA can be
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broadly categorized into two directions: 1) advanced archi-
tectures and 2) optimization methods. In the first research
line, for example, LoraHub (Huang et al. 2023) trained mul-
tiple adapters and strategically combined them based on the
domain during inference. LoORA-FA (Zhang et al. 2023a)
chose to freeze the projection-down weight of A and update
the projection-up weight of B in each LoRA layer. DoRA
(Liu et al. 2024) improved LoRA by incorporating a learn-
able magnitude vector to re-scale the normalized product of
low-rank matrices. HydraLoRA (Tian et al. 2024) extended
the LoRA framework with an asymmetric architecture that
shared a common A matrix for efficiency while dynamically
assigning samples to multiple B matrices via a MoE mech-
anism. In the second line, for example, LoORA+ (Hayou,
Ghosh, and Yu 2024) applied different learning rates to the
two low-rank matrices. Additionally, Galore (Zhao et al.
2024) employed SVD to compress the gradients and its first
and second momentum of full training into a low-rank space,
thereby reducing the memory footprint during pre-training
and fine-tuning. Recently, Li et al. (Li et al. 2024a) proposed
combining SAM with LoRA for better generalization, but
they used random perturbation. Our method belongs to the
second research line. Different from (Li et al. 2024a), our
method transfers the perturbation from the full parameter
space to a single low-rank parameter space without changing
the maximum perturbed loss, avoiding misalignment with
SAM’s training behavior.

Sharpness and Generalization Ability

Research on the relationship between sharpness and gener-
alization could be traced back to (Hochreiter and Schmidhu-
ber 1997). Following the observation by (Keskar et al. 2017)
that larger batch sizes tended to increase sharpness and gen-
eralization error. (Jastrzkebski et al. 2017) extended this by
finding a correlation between the sharpness and the ratio
of learning rate to batch size. (Dinh et al. 2017b) showed
that one can easily construct networks with good general-
ization but with arbitrary large sharpness by reparameter-
ization. (Jiang et al. 2020) performed a large-scale empir-
ical study on various generalization measures and showed
that sharpness-based measures have the highest correlation
with generalization. Theoretical understandings on the gen-
eralization error using sharpness-related measures were pro-
vided in (Neyshabur et al. 2017), (Wang and Mao 2022).
Collectively, these studies justified the goal of seeking flatter
minima to improve generalization. However, to the best of
our knowledge, the correlation between sharpness and gen-
eralization for LoRA has barely been discussed due to the
lack of theoretical understanding or efficient tools for em-
pirical analysis. Our method provides an efficient tool for
empirical analysis in this domain.

Recap of SAM
Foret et al. (Foret et al. 2021) proposed the SAM to enhance
model generalization as follows:

min[(max L(w + &) = L(w) + L(w) + X[w[3]

(D

where w represents the weights of the network, e represents
the perturbation of weights w in a Euclidean ball with the



radius p (p > 0), L(-) is the loss function, and \||w||3 is a
standard L2 regularization term.
SAM utilizes Taylor expansion to search for the maxi-

mum perturbed loss (lm?x L(w + €)) in local parameter
el|<p

space as follows:

argmax L(w + €) ~ argmax €' VyL(W).
llell<p llell<p

@

By solving Eq. (2), SAM obtains the perturbation as follows:

& = PV L(w)/[|Vu L(w)]]. 3)

Substituting the perturbation € back into Eq. (1), we then
have:

Vw max L(w+¢€) ~ Vg L(w + é(w))

llell<p 4

dé(w) “)

dw

= VwL(W)|wiéw) + VwL(W)|wie(w)-
By dropping the second-order terms in Eq.(4), SAM calcu-
lates the gradient at w + € as follows:

Vw max L(w+€) & Vo L(W)|wte.
llell<p

&)

Finally, SAM uses the gradients from Eq. (5) for optimiza-
tion.

SAM Variants

Recently, SAM variants could be broadly categorized into
three groups: 1) studies on the perturbation radius p in SAM,
2) studies that speed up the optimization process of SAM,
and 3) redefinitions of sharpness in SAM. For the first di-
rection, Kwon et al. (Kwon et al. 2021) proposed Adaptive
SAM (ASAM), which adapted the perturbation radius in a
scale-aware manner, allowing SAM to be effectively applied
to scale-invariant neural networks. For the second group,
Kim et al. (Kim et al. 2023) introduced a multi-step ascent
approach to improve SAM. Li et al. (Li et al. 2024b) intro-
duced Friendly SAM (F-SAM), which improved generaliza-
tion by removing the detrimental influence of the full gradi-
ent component and instead utilizing batch-specific gradients
to guide optimization more effectively. For the third group,
Zhuang et al. (Zhuang et al. 2022) pointed out that SAM
did not always favor flat minima. Consequently, they pro-
posed GSAM, which minimized the surrogate gap and the
perturbed loss to better encourage flatness. Zhang et al. in-
troduced the first-order flatness (Zhang et al. 2023c), which
assessed the maximal gradient norm within a perturbation
radius. Consequently, they proposed GAM which explicitly
seeks minima characterized by uniformly small curvature.

Method
SAM on LoRA

LoRA achieves parameter efficiency by modeling the low-
rank decomposed weight (Li et al. 2022). Specifically, the
weight change for each layer Wy € R™*™ is represented
as AW = sBA, where s is a scaling factor, B € R"*",
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A € R™™, with rank » < min(n, m). Given an input x,
the forward is as follows:

y = Wox + AWx = (Wj + sBA)x, 6)

where matrix A is typically initialized by the Kaiming’s
method (He et al. 2015), B is set to zeros. W remains
unchanged during fine-tuning, while B and A are trained.
During inference, AW is merged into Wy

If SAM is naively combined with LoRA, the optimization
loss can be rewritten as follows:

min max L(W0+S(B+EB)(A+EA))7 @)
AB EA||F<p,
[IEB||r<p

where EB € R"*" and EA € R™™ represent the perturba-
tions applied to the parameters B and A, respectively, and p
is the radius of perturbations. There are two key challenges:

* Two separate perturbations in two low-rank subspaces in-
terfere with each other, leading to an inconsistency be-
tween the maximum loss obtained when perturbing in
the low-rank subspaces and the maximum loss obtained
when perturbing in the full parameter space.

SAM requires computing gradients twice per iteration,
resulting in approximately twice the computational cost
compared to LoRA.

FMLoRA

To deal with the first challenge, we propose to re-
parameterize the perturbation from the full parameter space
to a single low-rank parameter space. Concretely, the loss in
the full parameter space can be formulated as follows:

L(Wg +sBA +EW).

min
AB

max
IEWIr<p

®)

To solve the minimax problem in Eq. (8), it is necessary
to first find optimal EW € R"*™_ Analogous to SAM,

we approximate the optimal perturbation EW to maximize
L(W +EW) where W = Wy + sBA as follows:

W
g™ Il
where g% = Vector(V Lw(W)) and é¥ = Vector(EW),
in which the Vector(-) function represents a vectorized op-

€% = psign(g") ©)

eration. However, the solution for EW explicitly depends on
the gradient of the matrix W. That is, the form of solution
in Eq. (9) is undesirable since V Ly (W) is unknown during
LoRA optimization.

In this paper, we propose to approximate the unknown
gradient V Ly (W) using standard LoRA gradients, which
can be computed in two ways:

1
(1) VLw(W)= gVLB(W0 +sBA)(AT)T, (10)

1
(2) VIw(W)=_(BT)"VLA(Wo +sBA), (1)
where (AT)* and (BT)™ represent the pseudo-inverse of

AT and BT, respectively. The accuracy of the pseudo-
inverse depends on the condition number of matrix. A



smaller condition number leads to a more accurate pseudo-
inverse. Matrices with lower condition numbers are better
suited for stable representation. In LoRA, we found that the
condition number is typically low, around 3.

To obtain a more accurate estimate of the gradient of the
full weights, we combine the above two approaches to com-
pute V Lyw (W) as follows:

Viw (W) = O.S(EVLB(WO +sBA)(AT)T
+ é(BT)WLA(WO +sBA)).  (12)

Let gW = Vector(VLw (W)). Then the perturbation in
Eq. (9) could be rewritten as follows:

W

(1]

W) (13)

EW = Matrix(psign(g ),

where Matrix(-) denotes the operation that converts a vector
into a matrix. We transfer the perturbation from the full pa-
rameter space to a single low-rank parameter space without
changing the maximum loss in the local region of the param-
eters. We apply no perturbation to matrix A, i.e., EA = 0,
and ensure that the loss under perturbations in the low-rank
subspace in Eq. (7) matches the inner maximum loss in
Eq. (8), as follows:

Wl

(2]

L(Wq +s(B+EB)A)

= max L(Wo+sBA+EWY). (14)
IEW|r<p
Substituting EW into Eq. (14), we obtain:
1._
EB ~ “EVAT, (15)
s

where A7 is the pseudo-inverse of A. An alternative ap-
proach is to transfer the perturbation to matrix A. Following
the observations from HydraLoRA (Tian et al. 2024), ma-
trix A shows high parameter similarity across heads, likely
due to initialization, making it capture domain-common fea-
tures, while matrix B remains distinct and domain-specific.
Since different tasks require different perturbations, we
adopt the approach of transferring the perturbation to the
matrix B, as expressed in Eq. (14). The detailed derivation
of Eq. (10) and the pseudo-algorithm for FMLoRA are pro-
vided in the supplementary file.

Balancedness of FMLoRA. Balancedness is well-
appreciated in domains such as matrix factorization/sensing
(Ge, Jin, and Zheng 2017) (Du, Hu, and Lee 2018). It
is also observed that balanced neural networks are eas-
ier to optimize relative to unbalanced ones (Neyshabur,
Salakhutdinov, and Srebro 2015). Recently, Balancedness
By := (x> = |ly¢||*) (where x; and y, are variables)
turns out to be an intriguing alternative to sharpness on the
scale-invariant problem (Li, Zhang, and He 2024).

To investigate the balancedness of our proposed method,
we express the update process of FMLoRA analogously to
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Figure 2: Parameter update process for EFMLoRA.

Eq.(4) in (Li, Zhang, and He 2024) as follows:

~ 1 Gt + ~
Xt =Xt+p— 77Vt , Y=Yt
s |Gl
_ & ATs (16)
gz, = Guyi, 8y, = Gy Xy,

Xt+1 = Xt = N8%»  Yi+1 = Yt — N8y
where x; = Vector(B;), y: = Vector(A;), G
V L(x:y, ) is the gradient of the full parameter space at the
original parameter point, G, = VL(x:y, ) is the gradient
of the full parameter space at the perturbed parameter point,
and y;" is the pseudo inverse of y;.

Theorem 1 Let B, := 3 (||x¢||*> — ||y¢||?). For the learning
rate n = 0, the limiting flow of FMLoRA guarantees that:

Ld(lxel® = llyel®)
2 dt

gz M| (7

s [yl

Theorem 1 indicates that the balancedness of FMLoRA is
influenced by the perturbation range p, the norm of the gra-
dient at the perturbed point, the ¢5-norm of y;, and the scale
constraint of LoRA. To ensure that the balancedness of FM-
LoRA gradually decreases during training, we reduce p pro-
gressively. In addition, the norm of the gradient with respect
to y; at the perturbed point also decreases due to the weight
decay. The ¢5-norm of y;, is bounded within a certain range,
these factors collectively contribute to the reduction in the
balancedness of FMLoRA.

Efficient FMLoRA

The optimization processes of FMLoRA also require two
gradient computations per iteration. To enhance optimiza-
tion efficiency, we propose Efficient FMLoRA (EFM-
LoRA), which estimates the subsequent perturbation EB in
Eq. (15) by maintaining an Exponential Moving Average
(EMA) of previous perturbations as follows:

EP = (1-pB)EZ, + pEY, (18)

where 8 € (0,1) is the momentum coefficient that deter-
mines the update rate of the exponential moving average.



EB is the perturbation on matrix B; at ¢-th iteration, EB is
the EMA perturbation at ¢-th iteration. Fig. 2 illustrates the
parameter update process of EFMLoRA: (1) Calculate the
gradient at the perturbed point (W, B;_1 + EEI, A ).
(2) Calculate the perturbation E? = %EWAf_l. (3) Re-
turn to the original parameter point (W, B;_1, A;_1). (4)
Update the parameters to (Wq, B¢, A;). (5) Calculate the
EMA perturbation by Eq.(18) and update the parameters to
the next perturbed point (Wq, B; + ]:]tB, A;). During this
optimization process, each optimization step requires only a
single forward and backward. The algorithmic pseudocode
is provided in the supplementary file.

To theoretically analyze the error of EFMLORA, some
necessary assumptions are listed below, all of which are
common and standard when analyzing SAM optimiza-
tion (Du et al. 2022) (Zhuang et al. 2022).

Assumption 1 (Smooth) L(w) is T-Lipschitz smooth in w,
ie, ||VL(w)—=VLWv)| <7l|w—v].

Assumption 2 (Bounded gradients). By the assumption that
an upper bound exists on the gradient of each mini-
batch. There exists G > 0 for each mini-batch such that
E[IVL(w)[] < G.

Assumption 3 (Bounded variance of stochastic gradients).
Given the training set D and a mini-batch B € D. There
exists o > 0, the variance of stochastic gradient Lg(w) is

bounded by E ||VLg(w) — VLp(w)|*| < o2

Assumption 4 (Convex) We assume that the loss function
f : R®™ — R is convex and twice differentiable over an
open domain. That is, for all x,y € dom(f), it satisfies:
fy) = f(z) + V@) (y - 2).

This convexity assumption is reasonable in the fine-tuning
stage, as the model is typically close to a local minimum

and the loss landscape is approximately convex in a local
neighborhood (Jang, Lee, and Ryu 2024).

Theorem 2 [EMA perturbation approximate perturbation
of SAM due to the convex of the loss landscape ] Assume that
during fine-tuning, the solution is already close to a local
minimum and the local loss function is convex. Let the model
weights at i-th iteration be w;. Under Assumptions 1, 2, and
3, let py p—ot, the error between the sharpness calculated
using the EMA perturbation (S*M4) and that calculated us-
ing the original SAM perturbation (S5 ) is bounded as fol-
lows:

| [L(we + €i-1) — L(wy)] = [L(wy + &) — L(wy)] |

SEMA

<((1+a=8"") rpo+ G+ 0?)

SSAM

19)

Theorem 2 demonstrates that as ¢ increases, the difference
between SEMA and S5AM gradually decreases. The perturba-
tion estimated by the EMA can effectively approximate the
original SAM perturbation.
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Memory and Time Complexity

LoRA reduces the number of trainable parameters by de-
composing weight updates as AW ~ BA, where B €
R™*" and A € R"™*™ with r < min(n, m). Both FMLoRA
and EFMLoRA retain this parameter efficiency:

ProrAa = PrMLorRA = PEFMLORA
= O(nr +rm) < O(nm).

However, FMLoRA and EFMLORA introduce additional
memory overhead. Specifically, FMLoRA temporarily
stores the original values of B and A, as well as the gra-
dients of A. The memory usage of FMLoRA is calibrated as
follows:

MgmLorA = MLora + O(1.5 X (nr +rm)),

(20)

2y

where M| ora indicates the memory required by LoRA. The
memory of EFMLoRA needs to maintain the EMA pertur-
bation on B as follows:

MErMLorA = MLora + O(2 X (0 + 7m)). (22)

Notably, modern optimizers like AdamW already require
O(2 x (nr + rm)) memory for momentum and second-
moment statistics when applied to LoRA.

For time complexity, suppose that the time complexity of
optimizing the model with LoRA is O(T"), which mainly in-
cludes the time for forward and backward. Theoretically, the
time complexity of FMLoRA is approximately as follows:

Temiora = O(2T) = 2 X TrorA- (23)

In contrast, the time complexity of EFMLoRA can be ap-
proximated as follows:

(24)

We implement QR decomposition by Householder transfor-
mations, with time complexity of O(rzn) for an r x n matrix,
e.g., r is rank, n is the input dimension in LORA.

Termrora =~ O(T') = TLorA-

Experiments and Discussions

The best and second-best results are highlighted in bold and
underline, respectively. Additional experimental details are
provided in the supplementary file.

Experiments on Large Language Models

Few-shot with RoBERTa-large. We first consider few-
shot learning with EFMLoRA. Following the setup of (Li,
Zhang, and He 2024), we adopt RoBERTa-large—a 355M-
parameter language model—as the backbone. The results in
Table 1 show that FMLoRA outperforms all other methods
with the highest average score (83.1), particularly excelling
on SST-2, SNLI, and MNLI. EFMLoRA follows closely
with an average score of 82.3. It consistently surpasses base-
line LoRA (42.3), LoRA-SAM (+1.0), and both BAR vari-
ants. These results highlight its superior generalization abil-
ity under distribution shift and limited supervision. We con-
jecture that the performance gap between SAM and EFM-
LoRA comes from EFMLoRA eliminating the mutual in-
terference between perturbations in the two low-rank sub-
spaces.



RoBERTa SST2  SST5  SNLI  MNLI RTE TREC  avg.t
Zero-Shotx 79.0 355 50.2 488 514 320 495
LoRA* 911108 523129 843103 781113 775123 966110 80.0
LoRA-SAM* | 92.2.04 542100 855107 787110 80.6443 967102 813
LoRA-0BAR* | 915109 545407 849i05 783422 797420 967405 80.9
LoRA-nBAR* | 914405 550400 849:14 781102 810410 967:10 812
FMLoRA 951,05 544415 864105 827110 827412 967102 83.1
EFMLoRA 919417 547416 8574107 8214106 828102 968104 82.3

Table 1: Experiments on few-shot ROBERTa (355M). Results marked with * are taken from (Li, Zhang, and He 2024).

ROBERTa | SST2 STS-B RTE QQP QNLI MRPC MNLI CoLA  avg.t
FTf ‘ 96.4 92.4 86.6 92.2 94.7 90.9 90.2 68.0 88.9
Adapter? 96.6 91.9 80.1 91.7 94.8 89.7 - 67.8 -

LoRA* 95.8 92.4 88.2 91.4 94.7 89.6 90.6 64.8 88.4
LoRA-oBAR* 96.0 92.6 88.7 91.6 94.8 90.3 90.6 65.1 88.7
LoRA-nBAR* | 96.0 92.6 89.2 91.6 94.7 90.3 90.8 65.6 88.9
EFMLoRA 963400 9274101 893106 916101 948.:01 915.04 90.7r0; 680, 89.4

Table 2: Experiments on finetuning RoOBERTa (355M). Results marked with { are taken from (Hu et al. 2022), and those with

are taken from (Li, Zhang, and He 2024).

Fine-tuning with RoBERTa-large. We apply EFM-
LoRA to finetune RoBERTa-large. Our implementation fol-
lows (Hu et al. 2022), using the same hyperparameters as
those in its GitHub repository. The results can be found in
Table 2. We observe that EFMLoORA achieves the highest
scores on all datasets, and achieves the highest accuracy on
average over these datasets. Specifically, on average over
these datasets, EFMLoORA surpasses standard LoRA with a
margin of 1.0. Additionally, EFMLoRA even achieves bet-
ter performance than full fine-tuning on some datasets. This
superior performance may be attributed to overfitting in full
fine-tuning, where optimizing all model parameters can lead
to overfitting on the training data, thus reducing the model’s
generalization to the test set. This effect is particularly pro-
nounced on small datasets, such as MRPC, which contains
only 3.7k training data.

Fine-tuning with GPT-2. Having shown that FMLoRA
is effective for NLU tasks, we now explore whether EFM-
LoRA can improve LoRA in NLG models like GPT-2
Medium and Large (Radford et al. 2019). To enable a di-
rect comparison, we adopt the experimental setup of (Li and
Liang 2021) with minimal deviation. Table 3 demonstrates
the effectiveness of EFMLoRA on the E2E NLG Challenge
(Novikova, Dusek, and Rieser 2017) with GPT-2 Medium
and Large models. Compared with existing PEFT meth-
ods such as Adapter and LoRA, EFMLoORA consistently
achieves superior performance across all metrics. Notably,
it achieves this improvement without increasing the number
of trainable parameters, maintaining the same efficiency as
standard LoRA.

Experiments on Vision Language Models

Few-shot with CLIP. Recent advances in few-shot adap-
tation of Vision-Language Models (VLMs) have signifi-
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cantly enhanced their generalization. CLIP-LoRA (Zanella
and Ben Ayed 2024) explores the application of LoRA in
this few-shot VLM setting. In our work, we also apply FM-
LoRA and EFMLoRA to VLM:s to evaluate their effective-
ness. For a fair comparison, our experimental setup fol-
lows that of CLIP-LoRA. We consider five datasets for fine-
grained classification of satellite imagery (EuroSAT (Hel-
ber et al. 2019), Ox-fordPets (Parkhi et al. 2012), Flower102
(Nilsback and Zisserman 2008), Caltech101 (Fei-Fei, Fer-
gus, and Perona 2004), DTD (Cimpoi et al. 2014)). These
datasets offer a thorough benchmarking framework for eval-
uating few-shot visual classification tasks. Table 4 demon-
strates that FMLoRA and EFMLoRA outperformed Adapter
and LoRA in most settings. In the low-data regimes (1-shot
and 4-shot), EFMLoRA shows clear advantages. These re-
sults highlight the effectiveness of EFMLoORA in improv-
ing generalization in few-shot adaptation of vision-language
models.

Fine-tuning with Qwen-VL-Chat. Qwen-VL-Chat (Bai
et al. 2023) is a multimodal conversational large language
model capable of understanding both images and text. We
apply EFMLOoRA to fine-tune Qwen-VL-Chat, following the
same experimental setup as in (Zhou et al. 2024). Table 5
presents the results on the ScienceQA (Lu et al. 2022) and
VizWiz (Gurari et al. 2018) datasets. The results in Table
5 demonstrate that the perturbation size p significantly in-
fluences the performance of EFMLoRA when fine-tuning
Qwen-VL-Chat. By tuning p, EFMLoRA adapts to different
tasks, enabling improved generalization—achieving higher
accuracy than LoRA. Specifically, a larger p (e.g., p = 0.2)
yields the best accuracy on ScienceQA, while a smaller p
(e.g., p = 0.05) performs better on VizWiz. This suggests
that different tasks benefit from different levels of perturba-
tion. Therefore, selecting an appropriate p based on the task



# Trainable E2E NLG Challenge
Model & Method Parameters | BLEUT NIST! MET{ ROUGE-L{ CIDErt
GPT-2 M (FT)f 35490M | 682 862 462 71.0 247
GPT-2 M (Adapter™)T | 0.37M 663 841 450 69.8 2.40
GPT-2 M (LoRA) 0.35M 692 872 465 715 251
GPT2M (FMLoRA) | 035M | 692 872 466 7.5 251
GPT-2M (EEMLoRA) |  0.35M 697 877 466 717 2.53
GPT2 L (FT)! 77403M | 685 878 460 69.9 2.45
GPT2 L (Adapter™)T 0.88M 69.1 868 463 714 2.49
GPT-2 L (LoRA) 0.77M 699 882 468 71.8 2.53
GPT-2 L (FMLoRA) 077M | 700 883 4638 718 2.53
GPT-2L (EFMLoRA) | 0.77M 702 884 468 71.8 252

Table 3: GPT-2 medium (M) and large (L) with different adaptation methods on the E2E NLG Challenge. Results marked with

t are taken from (Hu et al. 2022).

Shots| Method |Eur.f Petst Flo.t Cal.t DTD?
0 \ CLIP \ 475 89.1 714 929 436
Adapter | 49.3 89.0 71.3 920 442
1 LoRA 723 923 83.2 937 543
FMLoORA | 72.6 92.8 82.8 94.5 54.9
EFMLoORA | 78.3 92.8 81.0 939 54.6
Adapter | 51.2 90.8 73.1 94.0 46.1
4 LoRA 849 91.0 937 952 638
FMLoRA | 90.0 93.1 949 95.6 65.7
EFMLORA | 87.6 91.1 94.0 95.6 65.0
Adapter | 71.4 923 929 949 594
16 LoRA 92.1 924 98.0 964 720
FMLoORA | 92.2 934 985 96.5 72.7
EFMLoORA | 91.6 915 98.1 96.6 719

Table 4: Detailed results for five datasets with CLIP-

Adapter, CLIP-LoRA and EFMLoRA.

characteristics is crucial for achieving optimal fine-tuning
performance on multimodal large language models.

Runtime and Memory Consumption

The results in Table 6 confirm the theoretical time complex-
ity analysis. As expected, FMLoRA has approximately dou-
ble the runtime of LoRA (2.1x on both GPT-2 Medium and
Large), consistent with its theoretical complexity of O(2T)
due to two forward and backward passes for sharpness opti-
mization. In contrast, EFMLoRA operates with near-LoRA
efficiency, requiring only 1.1x and 1.2x more time on GPT-
2 Medium and Large, respectively. This supports the theo-
retical claim that EFMLoORA maintains a time complexity
close to O(T') while benefiting from sharpness-aware opti-
mization. In addition, EFMLoRA maintains a memory us-
age almost identical to that of LoRA, with only negligible
increases (less than 0.4 GB across both model scales). These
results demonstrate that EFMLoRA achieves near-LoRA ef-
ficiency in both memory and runtime.
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Method | p |SQAT VizWizl
LoRA | - | 901 5069
005 900 517
0.1 900 506
EFMLoRA | 7 | 916 510
06| 896 500

Table 5: EFMLoRA Fine-Tuning Results on Qwen-VL-Chat
with different p.

Methods GPT-2 Medium GPT-2 Large
Memory] Time| Memory| Time]
LoRA 23.6 4.30 23.2 8.45
FMLoRA 24.0 9.10 23.6 17.47
EFMLoRA | 24.0 4.80 23.2 10.00

Table 6: Runtime (Hour) and memory (GB) of LoRA, FM-
LoRA and EFMLoRA on fine-tuning GPT-2 Medium/Large.

Conclusion

In this work, we propose FMLoRA, a novel PEFT method
that integrates sharpness-aware optimization into the LoRA
framework to promote convergence toward flatter minima.
We theoretically demonstrate that perturbations in the full
parameter space can be equivalently represented within the
low-rank subspace. To improve computational efficiency,
we introduce EFMLoORA, which leverages an exponen-
tial moving average to approximate perturbations, signifi-
cantly reducing runtime overhead while maintaining effec-
tiveness. Extensive experiments across various large lan-
guage and vision-language models demonstrate that EFM-
LoRA achieves comparable or even superior generalization
performance to full fine-tuning and LoRA. Our results em-
phasize the importance of reducing sharpness to improve
generalization in PEFT methods, offering valuable insights
and practical tools for future research on the link between
sharpness and generalization in LLMs and beyond.
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