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Abstract001

Low-Rank Adaptation (LoRA) has emerged002
as a prominent solution to mitigate the com-003
munication and computation costs in federated004
fine-tuning of Large Language Models (LLMs).005
However, we observe that even within low-rank006
adapters, a substantial portion of parameters007
manifest negligible updates during federated008
training, leading to redundant communication009
and wasted local computation. To address this,010
we propose GMFL, a plug-and-play layer011
freezing mechanism designed to seamlessly012
integrate with existing federated fine-tuning013
frameworks. Specifically, the server monitors014
the global update magnitude of each LoRA015
layer to dynamically generate freezing masks.016
These masks are updated periodically with a017
fixed freezing rate, ensuring stable convergence018
by robustly identifying “saturated” layers. The-019
oretical analysis confirms the convergence of020
GMFL, where the freezing mechanism yields021
a bounded error that scales with client hetero-022
geneity. Extensive experiments across multiple023
tasks (GLUE, Commonsense Reasoning, Math024
Reasoning and General Generation) demon-025
strate that GMFL reduces communication over-026
head and lowers computational costs while027
preserving the performance of the underlying028
federated fine-tuning methods. Our work pro-029
vides a practical, versatile solution for deploy-030
ing large-scale federated LLM fine-tuning in031
resource-constrained environments.032

1 Introduction033

Large Language Models (LLMs), such as GPT-034

4 (OpenAI et al., 2024) and DeepSeek-R1035

(DeepSeek-AI et al., 2025), have demonstrated re-036

markable capabilities across a wide range of tasks.037

Yet, adapting these general-purpose models to spe-038

cialized downstream applications necessitates fine-039

tuning on high-quality, domain-specific data. In040

practice, such high-value data—ranging from med-041

ical records (Jung et al., 2025) to industrial code-042

bases (Kumar and Chimalakonda, 2024)—are in-043

herently fragmented across isolated data silos. Fur- 044

thermore, centralizing this sensitive information 045

is often infeasible due to strict privacy regulations 046

and confidentiality concerns. To resolve the tension 047

between the need for model adaptation and the im- 048

perative of privacy protection, federated fine-tuning 049

has emerged as a promising solution, enabling the 050

collaborative optimization of LLMs without expos- 051

ing raw data. 052

However, implementing full-parameter feder- 053

ated fine-tuning remains practically challenging 054

due to the prohibitive communication bandwidth 055

and local computational burdens imposed by the 056

massive scale of LLMs (Wei et al., 2025). To 057

surmount these resource constraints, Parameter- 058

Efficient Fine-Tuning (PEFT) techniques have 059

been extensively incorporated into federated frame- 060

works. Amidst a plethora of strategies—ranging 061

from prompt-based (Lester et al., 2021) and 062

selection-based (Liu et al., 2021; Li et al., 2024; 063

Pan et al., 2024) to adapter-based (Hu et al., 2021; 064

Houlsby et al., 2019) methods—Low-Rank Adap- 065

tation (LoRA) (Hu et al., 2021) has distinguished 066

itself as a dominant approach, owing to its superior 067

trade-off between parameter efficiency and model 068

performance. 069

Despite the widespread adoption of LoRA in 070

federated learning settings (FL-LoRA), our empir- 071

ical analysis reveals a pronounced redundancy in 072

the update dynamics. As illustrated in Figure 1, a 073

substantial portion of LoRA layers manifest neg- 074

ligible variations throughout the training process, 075

suggesting that continuously optimizing the full 076

adapter yields diminishing returns. This insight 077

motivates us to explore whether "saturated" layers 078

can be strategically deactivated without sacrificing 079

accuracy. To this end, we present GMFL, a theo- 080

retically grounded, plug-and-play module featur- 081

ing a Global-update-Magnitude-based layer freez- 082

ing mechanism for FL. By dynamically identifying 083

and freezing inactive layers at periodic intervals, 084
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(a) Global updates of matrices A.
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(b) Global updates of matrices B.

Figure 1: Global LoRA updates with minimind-small
(Gong, 2024) on Alpaca-GPT4 dataset (Peng et al.,
2023).

GMFL demonstrates superiority in both prac-085

tice and theory: practically, it substantially lowers086

communication overhead and computational costs087

while maintaining model accuracy; theoretically, it088

is proven to reduce aggregation variance and en-089

sure bounded loss deviation, thereby guaranteeing090

robust convergence when integrated into existing091

federated algorithms.092

The main contributions of this paper are as fol-093

lows:094

• We propose GMFL, a plug-and-play mod-095

ule that reduces communication and computa-096

tion by periodically freezing “saturated” lay-097

ers based on global update magnitudes.098

• We confirm the convergence of GMFL. Specif-099

ically, the proposed freezing mechanism is100

proven to produce a bounded error, and the101

overall convergence bound is a function of102

client heterogeneity.103

• Extensive experiments across GLUE, Com-104

monsense Reasoning, Math Reasoning and105

General Generation show that GMFL reduces106

communication overhead and lowers compu-107

tational cost while preserving the performance108

of state-of-the-art FL-LoRAs.109

2 Related Work 110

2.1 Parameter-Efficient Fine-Tuning (PEFT) 111

PEFT addresses the computational prohibitive na- 112

ture of full-parameter fine-tuning by updating only 113

a small subset of parameters. Existing methods 114

largely fall into three categories: prompt-based, 115

adapter-based, and selection-based approaches. 116

While prompt-based methods(Lester et al., 2021) 117

leverage learnable tokens, Adapter-based methods 118

have gained dominance, with LoRA (Hu et al., 119

2021) becoming the de facto standard by employ- 120

ing low-rank decomposition to approximate weight 121

updates. Recent variants like QLoRA (Dettmers 122

et al., 2023), AdaLoRA (Zhang et al., 2023)and 123

DoRA (Liu et al., 2024) further enhance its ef- 124

ficiency. Selection-based methods, such as Aut- 125

oFreeze (Liu et al., 2021) and LiSA (Pan et al., 126

2024), focus on identifying and freezing converged 127

layers to accelerate training. However, these meth- 128

ods typically operate on full-parameter settings or 129

rely on local heuristics. 130

In our work, GMFL uniquely bridges these 131

paradigms by applying a dynamic, global- 132

magnitude-driven selection mechanism specifically 133

to LoRA adapters, maximizing efficiency without 134

compromising the collaborative learning capacity. 135

2.2 Federated Learning with LoRA 136

Integrating PEFT with Federated Learning (FL) 137

has emerged as a promising solution for privacy- 138

preserving LLM training (Wei et al., 2025). Early 139

works like FedIT (Zhang et al., 2024) directly apply 140

FedAvg to LoRA parameters. To mitigate the noise 141

caused by inexact aggregation arising from the in- 142

dependent averaging of A and B matrices, methods 143

like FLoRA (Wang et al., 2024) and FedEx-LoRA 144

(Singhal et al., 2025) introduce stacked aggrega- 145

tion schemes or residual corrections, yet often at 146

the cost of increased communication or memory 147

overhead. Recently, sparse federated tuning has 148

gained traction to further reduce overhead. Ap- 149

proaches such as FFA-LoRA (Sun et al., 2024) and 150

FedSA-LoRA (Guo et al., 2025) statically freeze 151

specific matrices (e.g., fixing A or only transmitting 152

A), while LoRA-A2 (Koo et al., 2025) employs an 153

alternating freezing strategy. However, these FL- 154

LoRAs often rely on static rules, random selection 155

(Park et al., 2025), or local signals, ignoring the 156

global convergence status of different layers. 157

In contrast, GMFL serves as a plug-and-play 158

freezing mechanism compatible with diverse feder- 159
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ated fine-tuning frameworks. Unlike methods tied160

to specific architectures or rigid static rules, GMFL161

employs a data-driven approach based on global162

update magnitudes. This strategy effectively bal-163

ances efficiency and model performance without164

requiring complex modifications to the underlying165

training protocol.166

3 Motivation and Challenge167

Motivation. The paradigm of adapting pre-trained168

LLMs to downstream tasks relies on the premise169

that the base model already possesses strong gener-170

alization capabilities. Consequently, fine-tuning171

typically entails only minimal parameter shifts172

rather than extensive re-learning. This raises a173

fundamental question: Do specific network layers174

exhibit redundancy by undergoing negligible up-175

dates during fine-tuning?176

To investigate this in the context of FL, we177

tracked the layer-wise update magnitudes (L1178

norm) of LoRA adapters (Matrices A and B)179

throughout the training process. As visualized180

in Figure 1, the heatmaps reveal a striking spar-181

sity pattern. Specifically, the vast majority of the182

heatmap areas remain in the low-value range (in-183

dicated by light colors) across all communication184

rounds, signaling that most parameters remain ef-185

fectively stable. In contrast, noticeable updates186

are concentrated in only a small fraction of layers187

(indicated by dark colors). This observation im-188

plies that the standard practice of synchronizing all189

parameters constitutes significant resource waste.190

Continuously transmitting and computing gradients191

for these inactive layers consumes bandwidth and192

computational power without contributing effec-193

tively to model adaptation, motivating our design194

of a magnitude-based freezing mechanism.195

Challenge. Translating the observation of update196

redundancy into an effective federated strategy is197

non-trivial. Designing a robust freezing mechanism198

must overcome three practical challenges:199

1) In FL, local gradients often fail to reflect200

global importance. Relying on local impor-201

tance for freezing decisions can lead to dis-202

joint optimization paths and model divergence.203

Thus, identifying redundancy requires a uni-204

fied global perspective.205

2) While layer importance is dynamic, frequent206

mask updates (e.g., per-round switching) dis-207

rupt the optimization trajectory and cause os-208

cillation. A mechanism is required to balance 209

adaptation with structural stability. 210

3) Models may require rapid parameter shifts 211

during early training. Premature or aggressive 212

freezing impedes initial feature learning and 213

leads to sub-optimal convergence, highlight- 214

ing the need for a progressive schedule. 215

4 Proposed Method 216

We begin by systematically defining and framing 217

the core issues before tackling the challenges pre- 218

sented above. The GMFL module is then employed 219

to provide targeted solutions to these identified 220

problems. 221

4.1 Problem Formulation 222

We consider a general federated fine-tuning sce- 223

nario comprising N clients, indexed by i, where 224

each client holds a private, Non-IID dataset Di. 225

Let W0 denote the frozen pre-trained weights of 226

the LLM. Our goal is to collaboratively optimize 227

the trainable parameters θ (i.e., the adapters), while 228

keeping W0 fixed. The global optimization prob- 229

lem is formulated as: 230

min
θ

F (θ) =
N∑
i=1

piFi(θ), (1) 231

Fi(θ) = Eξ∼Di
[ℓ(W (θ); ξ)], (2) 232

where pi = |Di|∑N
j=1|Dj |

represents the aggregation 233

weight of client i, and ℓ(·) denotes the loss func- 234

tion computed on input batch ξ. Here, W (θ) repre- 235

sents the effective weights of the fine-tuned model 236

parameterized by the adapters θ. 237

To efficiently solve this problem, we adopt 238

LoRA. Specifically, when fine-tuning a pre-trained 239

weight matrix W0 ∈ Rk×d to obtain the adapted 240

weight W , LoRA decomposes the update ∆W into 241

two low-rank matrices B ∈ Rk×r and A ∈ Rr×d: 242

W = W0 +∆W = W0 +BA, (3) 243

where r ≪ min(k, d) denotes the rank. In this 244

formulation, W0 remains frozen, while A and B 245

contain the trainable parameters. Consequently, the 246

learnable parameters θ consist of the collection of 247

these low-rank matrices {A,B} from all adapted 248

layers. Following standard practice, A is initialized 249

with a random Gaussian distribution and B with 250

zero, ensuring that ∆W = 0 at the beginning of 251

training. 252
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Figure 2: An overview of the proposed GMFL. As marked by red dashed blocks, GMFL integrates seamlessly into
the general federated LLM fine-tuning framework with LoRA. It periodically freezes LoRA layers with smaller
global update magnitude and only trains and transmits LoRA layers with larger global update magnitude.

4.2 The Design of GMFL Module253

To navigate the trade-off between communication254

efficiency and model performance, GMFL employs255

a dynamic, magnitude-based freezing strategy. The256

training process is structured as follows.257

Warm-up Stage. To prevent the detrimental ef-258

fects of premature freezing (referring to Challenge259

3)), we initiate the training with a warm-up stage.260

In this phase, all original activated LoRA layers are261

jointly optimized. The primary goal of this stage262

is to allow the parameter update patterns to stabi-263

lize, thereby enabling the accurate identification of264

redundant layers before any freezing is applied. In265

each communication round t, the server aggregates266

the updates from sampled clients using standard267

Federated Averaging (FedAvg):268

θt+1 =
∑
i∈St

wiθt,i, (4)269

where wi =
pi∑

j∈St
pj

and θt+1 represents the origi-270

nal aggregated global LoRA parameters. This en-271

sures that the subsequent magnitude-based selec-272

tion is performed on a reliable and representative273

model state.274

Global Magnitude-Based Freezing. Following275

the warm-up, we introduce the freezing mechanism.276

To address the local-global discrepancy (referring277

to Challenge 1)), we deliberately avoid using local278

gradient norms, which are biased by Non-IID data.279

Instead, we assess layer importance based on the280

global update magnitude derived strictly from the 281

aggregated server model. This ensures a unified 282

global perspective when identifying redundancy. 283

First, we determine the current freezing ratio 284

τ ∈ [0, 1] via a scheduling function τ = h(t). 285

Then, to identify the redundant parameters, we 286

quantify the global magnitude for each matrix. For 287

the l-th layer at round t, the magnitudes V θ,l
t are 288

calculated as the L1 norm of the global parameter 289

variations: 290

V θ,l
t = ∥θlt+1 − θlt∥1, (5) 291

We then construct a unified set Vt collecting 292

these magnitudes across all layers: 293

Vt = {V θ,l
t }. (6) 294

Next, we sort all elements in Vt in ascending 295

order. The cut-off threshold Vτ is defined as the 296

value at the τ -th percentile of this pooled set. In 297

other words, the bottom τ fraction of the smallest 298

updates in the entire model fall below Vτ . 299

The binary mask M θ,l
t is generated by compar- 300

ing each matrix’s individual magnitude against this 301

unified threshold. For any θl: 302

M θ,l
t =

{
0, if V θ,l

t < Vτ (Frozen),
1, otherwise (Active).

(7) 303

Under this mechanism, matrices A and B within 304

the same layer compete independently. 305
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Consequently, clients only transmit and aggre-306

gate the non-frozen parameters. For each l, the307

global aggregation rule is adjusted as follows:308

θlt+1 =
∑
i∈St

wiθ
l
t,i, s.t. M θ,l

t = 1, (8)309

For frozen parameters (where M = 0), the global310

model retains the value from the previous round311

without aggregation. The freezing ratio τ is not312

static. Tt is adaptively adjusted over communica-313

tion rounds according to a schedule τ = h(t).314

Periodic and Progressive Scheduling. To guaran-315

tee the stability of the sparse topology and avoid316

optimization oscillation (addressing Challenge 2)),317

we implement a periodic updating mechanism. In-318

stead of re-evaluating the freezing mask at every319

communication round—which may disrupt the con-320

vergence trajectory—we update the masks only at321

fixed intervals of E rounds. Within each period322

(i.e., when t (mod E) ̸= 0), the mask remains323

constant, allowing the active parameters to adapt324

sufficiently to the current sparse structure.325

Furthermore, recognizing that parameters grad-326

ually stabilize as training proceeds, we employ a327

progressive schedule to increase the freezing ratio328

over time. The scheduling function h(t) is defined329

as a step-wise increasing function:330

τ(t) = min

(
τmax, c+

⌊
t

E

⌋
× β

)
, (9)331

Here, c represents the initial freezing ratio (con-332

stant), E is the predefined period length, and β is333

the incremental freezing rate applied after each pe-334

riod. To prevent total freezing, we typically set an335

upper bound τmax (e.g., 0.9). This strategy ensures336

that the model progressively focuses computational337

resources on the most stubborn parameters, max-338

imizing efficiency without compromising global339

convergence. Figure 2 illustrates the procedure340

for inserting the proposed GMFL module into the341

existing system.342

5 Theoretical Analysis343

Intuitively, GMFL reduces the number of trained344

parameters across clients, which is expected to de-345

crease client model heterogeneity and thereby mit-346

igate the impact of Non-IID data. However, this347

freezing strategy may evidently limit the model’s348

expressive capacity. The precise nature of this349

trade-off is examined in the following analysis.350

Under assumptions in Appendix D.1, we can get351

Theorem 1 (Convergence of GMFL) With 352

learning rate ηt =
1√
T

, after T rounds: 353

1

T

T−1∑
t=0

E[∥∇F (θt)∥2] ≤
2(F (θ0)− F ∗)

kρmin

√
T

+
Lk(G2 + σ2ω)

kρmin

√
T

+
2µ̄2ζ2

ρ2min

+
2L2G2k2

3ρ2minT
.

354

Here, F (θ) denotes the global objective function, 355

T is the total number of communication round, θt 356

represents the model parameters at round t, and 357

F ∗ is the infimum of F (θ). The key parameters are: 358

k is the number of clients selected per round; L is 359

the Lipschitz smoothness constant of F ; G and σ 360

denote the upper bounds on the norm and variance 361

of stochastic gradients, respectively; ζ quantifies 362

the degree of client heterogeneity; µ̄ is the hetero- 363

geneity suppression coefficient introduced by our 364

method; and ρmin ∈ [0, 1] represents the minimum 365

gradient-mask alignment coefficient. 366

The proof is in Appendix D. 367

For a sufficiently large T , the convergence rate 368

is dominated by: 369

min
t∈[T ]

E[∥∇F (θt)∥2] ≤ O

(
1

ρmin

√
T

+
µ̄2ζ2

ρ2min

)
.

(10) 370

As shown in Theorem 1 and Equation (10), com- 371

pared to traditional FL, our method introduces two 372

additional hyperparameters, ρmin and µ̄. This high- 373

lights a trade-off inherent to our approach: ex- 374

cessively freezing parameters could substantially 375

impair model performance. We will discuss this 376

empirically in the experiments. However, as mo- 377

tivated in our introduction, LLMs do not require 378

excessively large or frequent updates, as a portion 379

of these updates is redundant. Therefore, in most 380

practical scenarios, the positive benefits conferred 381

by µ̄ outweigh the drawbacks associated with ρmin. 382

Theorem 2 (Effect on Loss)

∆ℓdiff ≈ ηt∥g∥2RF , 383

where 384

RF :=
∥gF ∥2

∥g∥2
=

∑
j∈F g2j∑d
j=1 g

2
j

∈ [0, 1], 385

where F represents the frozen LoRA parameters, 386

gj denotes the gradient of j-th layer and d is the 387

number of layers. 388
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The proof is in Appendix E.389

Ideally, if the set of frozen LoRA parameters390

(characterized by small updates) coincides exactly391

with the set of parameters that have consistently392

small gradient updates from every client, then this393

selective freezing strategy would have a small detri-394

mental effect on client-side training.395

6 Experiments396

6.1 Experiments Setup397

Models and Datasets. To ensure a comprehensive398

evaluation across different architectures, we assess399

our method on both Natural Language Under-400

standing (NLU) and Generation (NLG) tasks. We401

employ RoBERTa-base (Liu et al., 2019) for NLU,402

evaluated on the GLUE benchmark. For NLG, we403

fine-tune LlaMa-2-7B (Touvron et al., 2023) across404

three distinct capabilities, utilizing 20k training405

samples for each: (1) Arithmetic Reasoning, fine-406

tuned on MetaMathQA (Yu et al., 2024) and evalu-407

ated on GSM8K (Cobbe et al., 2021) and MATH408

(Hendrycks et al., 2021); (2) Commonsense Rea-409

soning, trained and evaluated using COMMON-410

SENSE170K (Hu et al., 2023); and (3) General411

Generation, fine-tuned on Alpaca-GPT4 (Peng412

et al., 2023) and assessed via MT-Bench (Zheng413

et al., 2023). All experiments are conducted on414

a single NVIDIA A800 GPU with bfloat16 pre-415

cision, reporting the mean and standard deviation416

of three independent runs. See Appendix B.1 for417

further details.418

Hyperparameter setting. In all experiments, we419

set E = 20 and c = 0.1. All models are optimized420

with AdamW with weight decay 0.01.421

Baseline. We compare our method with the fol-422

lowing SOTA algorithms: FedIT (Zhang et al.,423

2024), FFA-LoRA (Sun et al., 2024), LoRA-A2424

(Koo et al., 2025) and FedEx-LoRA (Singhal et al.,425

2025). Detailed description of these algorithms are426

in Appendix B.2.427

As a plug-and-play module, according to the428

performance of these algorithms, we implement429

our method based on three baseline frameworks430

with superior performance, FedIT, LoRA-A2431

and FedEx-LoRA. Thus our results are denoted432

as FedIT+GMFL, LoRA-A2+GMFL and FedEx-433

LoRA+GMFL.434

6.2 Natural Language Understanding 435

Setup and Implementation. We evaluate on five 436

GLUE datasets (SST-2, CoLA, MNLI, RTE, QQP, 437

MRPC) using RoBERTa-base (125M) (Liu et al., 438

2019). To simulate Non-IID data, training sets are 439

partitioned via Dirichlet sampling with ϕ = 0.5 440

where ϕ controls the level of data heterogeneity. 441

We apply LoRA to query and value matrices with 442

two settings: r = 4(α = 8) and r = 1(α = 2). 443

Training runs for 200 rounds using AdamW (lr=2e- 444

4, cosine annealing schedules), sampling 2 clients 445

per round. Total clients and local steps vary by 446

dataset (see Appendix B.3). For GMFL, we grid- 447

search β ∈ [0.01, 0.09]. Performance is measured 448

by Matthews correlation for CoLA and accuracy for 449

others. The best β for SST-2, CoLA, MNLI, RTE, 450

QQP, MRPC is 0.02, 0.02, 0.08, 0.05, 0.04, 0.07 451

respectively. 452

Results. As shown in Table 1, GMFL demonstrates 453

robust compatibility across ranks (r ∈ {1, 4}). In 454

heterogeneous settings, it reduces communication 455

and computational costs while matching baseline 456

performance. This empirically validates our the- 457

oretical analysis that the benefits of µ̄ outweigh 458

the drawbacks of ρmin. Additional evaluations are 459

provided in Appendix C (Table 4). 460

6.3 Natural Language Generation 461

Implementation Details. We fine-tune LlaMa- 462

2-7B on three distinct generation tasks, utilizing 463

20k training samples for each. For Arithmetic 464

Reasoning, we train on MetaMathQA (Yu et al., 465

2024) and evaluate on the GSM8K (Cobbe et al., 466

2021) and MATH (Hendrycks et al., 2021) bench- 467

marks. For Commonsense Reasoning, we uti- 468

lize the COMMONSENSE170K dataset (Hu et al., 469

2023) for both training and evaluation. For Gen- 470

eral Generation, we train on Alpaca-GPT4 (Peng 471

et al., 2023) and assess performance via MT-Bench 472

(Zheng et al., 2023). To mitigate potential assess- 473

ment bias, we employ both GPT-4o and DeepSeek- 474

V3.2 as judge models. We partition these datasets 475

in an IID manner. 476

LoRA adapters (r = 32, α = 64) are applied to 477

all linear layers (attention query/key/value/output 478

and MLP modules). We use the AdamW optimizer 479

(learning rate 5e-5, batch size 8) with cosine an- 480

nealing for 200 communication rounds, perform- 481

ing 20 local update steps per round. The total 482

client pool consists of 10 clients for Math Reason- 483

ing and 20 for other tasks, with K = 2 clients 484
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rank Method SST-2
MNLI

(mismatched)
MNLI

(matched)
QQP MRPC

r=4

FedIT 92.66±0.16 81.08±0.96 80.66±0.79 82.49±1.63 86.19±2.53
FFA-LoRA 91.78±0.14 77.96±1.05 77.13±0.95 79.22±2.88 80.80±3.10
LoRA-A2 91.06±0.32 77.19±0.79 76.20±0.93 77.77±2.98 83.82±3.28
FedEx-LoRA 92.58±0.72 80.76±0.37 80.28±0.49 79.20±5.34 85.62±2.78
FedIT+GMFL 92.92±0.11↑ 81.10±0.87↑ 80.65±0.86↓ 82.51±1.16↑ 86.19±1.70↑
LoRA-A2+GMFL 91.62±0.41↑ 79.90±0.64↑ 79.25±0.34↑ 79.45±2.75↑ 83.01±2.61↓
FedEx-LoRA+GMFL 92.77±0.83↑ 80.56±0.80↓ 79.98±0.88↓ 82.75±2.03↑ 71.00±3.18↑

r=1

FedIT 92.01±0.22 80.16±1.10 79.42±0.78 81.13±2.05 84.64±1.67
FFA-LoRA 86.77±1.61 65.21±2.46 63.75±2.49 73.59±3.78 71.16±1.82
LoRA-A2 90.71±0.95 76.64±2.22 75.51±2.38 76.49±3.22 79.90±2.46
FedEx-LoRA 92.47±0.70 80.72±0.16 79.75±0.17 81.57±0.96 85.46±1.17
FedIT+GMFL 92.09±0.16↑ 80.08±1.00↓ 79.26±0.72 ↓ 81.04±0.84↓ 84.89±1.80↑
LoRA-A2+GMFL 90.94±0.57↑ 77.53±1.05↑ 76.42±0.92↑ 77.97±2.55↑ 79.49±4.27↓
FedEx-LoRA+GMFL 92.62±0.66↑ 80.63±0.44↓ 79.83±0.18↑ 83.19±1.92↑ 85.38±1.63↓

Table 1: Results with RoBERTa-base on the GLUE benchmark datasets, comparing various federated LoRA
methods at ranks r = {4, 1}. The best results for each dataset are indicated in bold, while the second-best results
are highlighted using underline.

sampled per round. We perform a grid search485

for β over {0.02, 0.03, 0.05} for math tasks and486

{0.05, 0.06, 0.07} for others, reporting the best re-487

sults across seeds.488

Main Results. The average performance of Com-489

monsense Reasoning, the average score of General490

Generation task and results of two Math Reasoning491

are presented in Table 2. Detailed experimental492

results are shown in Appendix C (Tables 5 and 6).493

GMFL demonstrates a superior trade-off between494

efficiency and performance: it reduces communi-495

cation by approximately 20–30% while limiting496

performance degradation to within 0.1%–1%. No-497

tably, our method slightly surpasses existing SOTA498

baselines on most datasets.499

6.4 Communication and Memory Cost500

Communication overhead. Let Cbase denote the501

standard communication volume of LoRA param-502

eters required by baseline methods (e.g., FedIT)503

across the entire training process. In contrast,504

GMFL significantly reduces this overhead through505

its magnitude-based progressive freezing.506

Accounting for a 10% warm-up stage (where all507

parameters are active), the theoretical communica-508

tion volume of LoRA parameters in our method is509

derived as:510

Cours ≈ [1− 0.9(c+ 5β)]× Cbase, (11)511

where the term 0.9(c+5β) represents the effective512

reduction achieved during the 90% freezing phase.513

For instance, with specific settings (e.g., c = 1514

and β = 0.05), our method can drastically reduce515
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Figure 3: Average communication overhead with
LlaMa-2-7b, where c = 1, β = 0.05.

communication costs while maintaining original 516

model performance, as empirically demonstrated 517

in Figure 3. 518

Memory overhead. We further analyze client-side 519

memory requirements in Figure 4. By freezing a 520

subset of parameters, we substantially reduce the 521

memory footprint required for storing optimizer 522

states, directly alleviating the computational bur- 523

den. Note that the reported results represent the 524

average consumption over the entire training pro- 525

cess. Crucially, due to the progressive nature of our 526

scheduling, GMFL requires less memory in later 527

training stages as the freezing ratio increases. This 528

progressive efficiency enables resource-constrained 529

clients to sustain participation throughout the fed- 530

erated lifecycle, significantly enhancing the frame- 531

work’s practical deployability. 532
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Method COMMONSENSE170KAvg GSM8k MATH MT-AvgGPT−4o MT-AvgDeepSeekV 3.2

FedIT 74.81±0.33 40.11±0.73 5.77±0.10 3.61±0.05 3.94±0.11
FFA-LoRA 72.40±0.32 34.22±0.89 4.68±0.12 3.54±0.10 3.81±0.08
LoRA-A2 73.47±0.27 35.56±0.33 4.71±0.20 3.60±0.03 3.91±0.12
FedEx-LoRA 75.24± 0.32 40.79±0.11 6.22±0.13 3.70±0.07 3.89±0.12
FedIT+GMFL 74.99±0.39↑ 40.03±0.81↓ 5.85±0.21↑ 3.67±0.12↑ 3.98±0.10↑
LoRA-A2+GMFL 73.17±0.19↓ 35.56±0.22↑ 4.90±0.17↑ 3.59±0.06↓ 3.87±0.16↓
FedEx-LoRA+GMFL 75.57±0.39↑ 41.12±0.37↑ 6.14±0.06↓ 3.72±0.10↑ 4.00±0.01↑

Table 2: Main results of Natural Language Generation tasks. The best results for each dataset are indicated in bold,
while the second-best results are highlighted using underline.
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Figure 4: Average memory consumption with LlaMa-2-
7b, where c = 1, β = 0.05.

6.5 Hyperparameter Analysis533

We investigate the sensitivity of β and c, the control534

knob that governs the trade-off between resource535

efficiency and model performance.536

As illustrated in Figure 5, the model performance537

exhibits remarkable stability across a wide range538

of β values. Extended analyses on NLU tasks are539

provided in Appendix F (Figure 7- Figure 13). In-540

triguingly, from Figure 5, we observe that a larger541

β occasionally yields superior accuracy compared542

to conservative settings. This empirical evidence543

reinforces our hypothesis regarding parameter re-544

dundancy: by pruning non-essential parameters,545

the optimization process focuses exclusively on the546

most informative parameters. This mechanism ef-547

fectively acts as a regularizer, enhancing the global548

model’s robustness against noise arising from data549

heterogeneity.550

As indicated in Figure 6, model performance is551

sensitive to the initial freezing rate, with an optimal552

range yielding the best results. An excessively553

high rate has a detrimental effect, which motivated554

our design of a progressive freezing scheduler to555

circumvent this performance degradation.556

7 Conclusion557

In this paper, we propose GMFL, a communication-558

efficient and plug-and-play module for federated559

0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08
Freezing Rate 

60

65

70

75

80

85

90

A
cc

ur
ac

y 
(%

)
65.6%

81.9%

65.4%

80.9%

76.0%

69.8%

88.3%

77.4%

75.3%

ARC-c
ARC-e
BoolQ

PIAQ
SIQA
OBQA

HellaS.
WinoG.
AVG.

Figure 5: Sensitivity of β conducted on COMMON-
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SENSE170K dataset.

fine-tuning of LLMs. GMFL alleviates training 560

and communication inefficiencies arising from re- 561

dundant LoRA parameters in federated settings. 562

Specifically, we introduce a dynamic freezing strat- 563

egy guided by parameter update magnitudes, which 564

selectively freezes parameters with negligible con- 565

tributions. Theoretical analysis demonstrates that 566

freezing such negligible updates effectively miti- 567

gates the adverse effects of client heterogeneity and 568

guarantees convergence with only a small devia- 569

tion in model performance. Extensive experimen- 570

tal results show that GMFL significantly reduces 571

communication and memory overhead while main- 572

taining competitive performance, with accuracy 573

fluctuation within 1%. 574
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8 Limitation575

Our current implementation operates at the matrix576

level, freezing entire A or B matrices to avoid com-577

plex indexing overhead. While effective, exploring578

finer-grained sparsity (e.g., row-wise or neuron-579

level freezing) could potentially yield higher com-580

pression rates, which we leave for future work. Ad-581

ditionally, although GMFL demonstrates robust582

performance across diverse NLP tasks, its general-583

ization to other modalities, such as computer vision584

or multimodal federated learning, remains to be585

verified.586
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A Design of GMFL Module822

The pseudocode of the proposed GMFL is de-823

scribed in Algorithm 1.824

B Experiment Details825

B.1 Details of Datasets826

COMMONSENSE170K is a dataset combining827

eight Commonsense Reasoning datasets(Hu et al.,828

2023), as detailed below:829

1. WinoGrande (Sakaguchi et al., 2019) involves830

filling in blanks with binary choices based on831

sentences that demand commonsense reason-832

ing833

2. HellaSwag (Zellers et al., 2019) asks the834

model to predict the most plausible continua-835

tion of a given context by selecting the correct836

ending from several options.837

3. ARC Challenge or ARC-c (Clark et al., 2018)838

consists of multiple-choice science questions839

designed to challenge models with more com-840

plex reasoning, making them harder for meth-841

ods that rely solely on co-occurrence patterns.842

4. PIQA (Bisk et al., 2019) tests physical com-843

monsense reasoning, where the task is to844

choose the best action from a set of options in845

a hypothetical situation.846

5. BoolQ (Clark et al., 2019) focuses on yes/no847

question answering from naturally occurring848

queries.849

6. ARC Easy or ARC-e(Clark et al., 2018) con-850

sists of grade-school-level multiple-choice sci-851

ence questions, providing a simpler set of852

tasks for testing models’ basic reasoning abi-853

ities.854

7. OBQA (Mihaylov et al., 2018) contains open-855

book, knowledge-intensive QA tasks requir-856

ing multi-hop reasoning to answer questions857

that involve integrating information from mul-858

tiple sources.859

8. SIQA (Sap et al., 2019) focuses on understand-860

ing human actions and predicting their social861

consequences, evaluating models’ social com-862

monsense reasoning.863

MetaMathQA dataset (Yu et al., 2024) gener-864

ates mathematical questions by rephrasing them865

Algorithm 1 GMFL
Require: Total rounds T , local steps k, clients
{1, . . . , N}, client weights {pi}, initial LoRA
parameters θ0, initial M0 = {1}d, learning-
rate scheduler {ηt}

1: Initialize global parameters θ0
2: for t = 0, 1, . . . , T − 1 do
3: Server samples client subset Ct

4: for all i ∈ Ct in parallel do
5: θ

(0)
t,i ← θt

6: for e = 0, 1, . . . , k − 1 do
7: Sample mini-batch ξet,i
8: get,i ← ∇ℓ(θet,i; ξet,i)
9: get,i ←Mt ⊙ get,i {masked gradient}

10: θ
(e+1)
t,i ← θet,i − ηt∆ {AdamW update

or SGD update}
11: end for
12: Send θ

(k)
t,i to server

13: end for
14: Server aggregates:

θt+1 ←
∑
i∈St

wi θ
(k)
t,i , wi =

pi∑
j∈St

pj

15: if (t+ 1)%E == 0 then
16: Server computes new global mask Mt ∈

{0, 1}d
17: end if
18: end for
19: return θT

from various perspectives without introducing ad- 866

ditional knowledge. We evaluate this dataset 867

on two benchmarks: GSM8K (Cobbe et al., 868

2021) which includes grade-school math word 869

problems that require multi-step reasoning, and 870

MATH(Hendrycks et al., 2021), which features 871

challenging competition-level mathematics prob- 872

lems. 873

GLUE Benchmark is a diverse suite of tasks for 874

evaluating natural language understanding capabil- 875

ities. It includes datasets such as SST-2 (Socher 876

et al., 2013) for sentiment analysis, MRPC (Dolan 877

and Brockett, 2005) and QQP (Sharma et al., 2019) 878

for paraphrase detection, CoLA for linguistic ac- 879

ceptability (Warstadt et al., 2019), RTE (Cer et al., 880

2017) and MNLI (Williams et al., 2018) for in- 881

ference, and MNLI is a collection of texts from 882

many different domains and styles. Therefore, it 883

is divided into two dataset versions: matched and 884

12



mismatched. "Matched" means the training set and885

the test set come from the same source, while "mis-886

matched" means the training set and the test set887

come from different sources. Due to its compre-888

hensive coverage of NLU tasks, GLUE is widely889

used to assess models like RoBERTa. Each dataset890

is released under its own license.891

Alpaca-GPT4(Peng et al., 2023) is generated via892

GPT-4(OpenAI et al., 2024) using Self-Instruct.893

B.2 Details of Compared Algorithms894

The followings are details of algorithms we com-895

pare with.896

1. FedIT(Zhang et al., 2024): a classic method897

which applies vanilla federated averaging (Fe-898

dAvg) to LoRA.899

2. FFA-LoRA(Sun et al., 2024): it freezes the A900

matrices and trains only the B matrices, allow-901

ing for exact aggregation in a federated setting902

but losing the information of A matrices903

3. LoRA-A2(Koo et al., 2025): it alternately904

freezes the A matrices and the B matrices to905

address the data heterogeneity problem and906

allows exact aggregation in a federated setting907

4. FedEx-LoRA (Singhal et al., 2025): A state-908

of-the-art method that applies a residual error909

term to frozen weights to mitigate aggregation910

noise.911

B.3 Experiment Setting912

The hyperparameter settings of GLUE Benchmark913

are shown in Table 3.

dataset batch size max steps clients
SST-2 32 30 20
COLA 32 10 20
QQP 32 30 20
NMLI 32 30 20
MRPC 32 10 10
RTE 32 10 5

Table 3: Hyperparameter settings for GLUE Bench-
mark.

914

C More experimental results915

The experimental results on COLA and RTE are916

presented in Table 4. It can be observed that data917

heterogeneity exerts a notable influence on various918

methods in our experiments. Nevertheless, with the919

integration of the GMFL module, most approaches 920

demonstrate an ability to mitigate the effects in- 921

duced by data heterogeneity, thereby further cor- 922

roborating the analysis provided in Theorem 1. 923

Detailed results on the eight commonsense rea- 924

soning datasets from COMMONSENSE170K are 925

summarized in Table 5. Overall, GMFL contributes 926

to consistent performance improvements across 927

baseline methods while simultaneously reducing 928

communication and memory overhead. The out- 929

comes on MT-Bench under two distinct judge mod- 930

els are displayed in Table 6. The findings reveal 931

that by leveraging the GMFL module to selectively 932

freeze non-essential LoRA layers, performance 933

fluctuations can be effectively confined within a 934

narrow range. In Natural Language Generation, 935

since our experiments are conducted under an IID 936

setting with minimal client heterogeneity, the pri- 937

mary factor influencing model performance is ρ. 938

The experimental results demonstrate that ρ pre- 939

serves the majority of the update energy, confirm- 940

ing our earlier assertion that some LoRA updates 941

are non-essential. 942

D Proof of Theorem 1 943

D.1 Assumptions 944

Assumption 1 (Smoothness) Each local function 945

Fi is L-smooth: for all θ, θ′ ∈ Rd, 946

∥∇Fi(θ)−∇Fi(θ
′)∥≤ L∥θ − θ′∥. 947

Equivalently, 948

Fi(x+∆) ≤ Fi(x) + ⟨∇Fi(x),∆⟩+
L

2
∥∆∥2. 949

Assumption 2 (Bounded Stochastic Gradient) 950

The stochastic gradient has bounded second 951

moment: for all θ and i, 952

E∥g(e)t,i ∥
2≤ G2. 953

Assumption 3 (Bounded Variance) The vari- 954

ance of stochastic gradients is bounded: for all θ 955

and i, 956

E∥g(e)t,i −∇Fi(θ
(e)
t,i )∥

2≤ σ2. 957

Assumption 4 (Bounded Client Heterogeneity) 958

The client heterogeneity is bounded: for all θ and 959

i, 960

∥∇Fi(θ)−∇F (θ)∥2≤ ζ2. 961

13



rank Method COLA RTE

r=4

FedIT 47.01±6.16 65.70±7.44
FFA-LoRA 39.24±8.50 60.77±6.26
LoRA-A2 38.67±8.02 57.52±5.58
FedEx-LoRA 36.42±6.54 69.31±5.62
FedIT+GMFL 50.74±4.06↑ 65.59±7.06↓
LoRA-A2+GMFL 36.81±10.68↓ 59.69±6.86↑
FedEx-LoRA+GMFL 39.00±7.88↑ 71.00±3.18↑

r=1

FedIT 43.04±6.79 62.94±6.01
FFA-LoRA 7.14±7.36 53.31±0.85
LoRA-A2 26.03±12.52 59.69±6.76
FedEx-LoRA 42.52±7.53 67.75±2.38
FedIT+GMFL 45.11±5.06↑ 63.30±6.70↑
LoRA-A2+GMFL 26.29±12.73↑ 58.48±7.17↓
FedEx-LoRA+GMFL 43.22±8.61↑ 68.11±3.42↑

Table 4: Results with RoBERTa-base on the GLUE benchmark datasets, comparing various federated LoRA
methods at ranks r = {4, 1}. The best results for each dataset are indicated in bold, while the second-best results
are highlighted using underline.

Assumption 5 (Heterogeneity Suppression) We962

decompose the client gradient as963

∇Fi(θ) = ∇F (θ) + δi(θ),964

where δi(θ) captures client heterogeneity. There965

exists a constant µt ∈ [0, 1) such that for all clients966

i,967

∥Mt ⊙ δi(θt)∥≤ µt∥δi(θt)∥.968

Assumption 6 (Gradient-Mask Alignment)969

Define the alignment coefficient at round t as:970

ρt :=
∥Mt ⊙∇F (θt)∥2

∥∇F (θt)∥2
∈ [0, 1].971

We assume ρt ≥ ρmin > 0 for all t, meaning the972

mask preserves a non-trivial fraction of gradient973

energy.974

D.2 Detailed proof975

One-Round Descent. By L-smoothness (Assump-976

tion 1), we have:977

F (θt+1) ≤ F (θt) + ⟨∇F (θt), θt+1 − θt⟩978

+
L

2
∥θt+1 − θt∥2.979

980

Taking expectation conditioned on θt, define:981

T1 := E[⟨∇F (θt), θt+1 − θt⟩],982

T2 :=
L

2
E[∥θt+1 − θt∥2].983

Global Update Expression with Weighted Ag- 984

gregation. From the local update rule: 985

θ
(k)
t,i = θt − ηt

k−1∑
e=0

Mt ⊙ g
(e)
t,i . 986

Thus, the weighted aggregation gives: 987

θt+1 − θt = −ηt
∑
i∈St

wi

k−1∑
e=0

Mt ⊙ g
(e)
t,i . 988

Bounding T1. 989

T1 = E

〈
∇F (θt),−ηt

∑
i∈St

wi

k−1∑
e=0

Mt ⊙ g
(e)
t,i

〉
990

= −ηt
k−1∑
e=0

E

〈
∇F (θt),

∑
i∈St

wiMt ⊙ g
(e)
t,i

〉
. 991

Using the law of total expectation and the fact that
E[g(e)t,i | θt, θ

(e)
t,i ] = ∇Fi(θ

(e)
t,i ):

(12)
T1 = −ηt

k−1∑
e=0

E

〈
∇F (θt),

∑
i∈St

wiMt

⊙∇Fi(θ
(e)
t,i )

〉
.

Now, we decompose ∇Fi(θ
(e)
t,i ) using the client 992

heterogeneity decomposition (Assumption 5): 993

∇Fi(θ) = ∇F (θ) + δi(θ), 994

14



Method ARC-c ARC-e BoolQ PIQA
FedIT 64.33±0.35 81.27±0.59 65.14±0.52 79.80±0.49
FFA-LoRA 61.29±0.94 79.50±0.29 64.34±0.22 79.02±0.14
LoRA-A2 62.66±0.36 80.06±0.62 64.30±0.68 79.31±0.30
FedEx-LoRA 63.96±0.81 81.87± 0.25 65.48± 0.14 79.60±0.32
FedIT+GMFL 64.70±0.84↑ 81.31±0.38↑ 65.14±0.37↑ 80.11±0.38↑
LoRA-A2+GMFL 61.21±0.28↓ 80.22±0.60↑ 64.98±0.24↑ 79.09±0.51↓
FedEx-LoRA+GMFL 64.59±0.85↑ 82.10±0.38↑ 65.69±0.16↑ 80.12±0.57↑
Method SIQA OBQA HellaS. WinoG.
FedIT 75.25±0.21 68.40±0.98 87.59±0.36 76.72±0.55
FFA-LoRA 72.24±0.31 66.60±1.61 83.69±0.45 72.48±0.62
LoRA-A2 73.73±0.39 66.93±0.25 86.89±0.20 73.85±0.66
FedEx-LoRA 75.38±0.07 69.93± 2.10 88.53± 0.17 77.11± 0.23

FedIT+GMFL 75.35±0.44↑ 68.93±0.93↑ 87.69±0.19↑ 76.66±0.39↓
LoRA-A2+GMFL 73.25±0.66↓ 67.13±0.68↑ 85.98±0.22↓ 73.51±1.19↓
FedEx-LoRA+GMFL 75.35±0.57↓ 70.33±1.80↑ 88.86±0.26↑ 77.48±0.32↑

Table 5: Detailed experimental results of Commonsense Reasoning task, comparing various federated LoRA
methods at rank r = 32. The best results for each dataset are indicated in bold, while the second-best results are
highlighted using underline.

and write:995

∇Fi(θ
(e)
t,i ) = ∇F (θt) + δi(θt)996

+ [∇Fi(θ
(e)
t,i )−∇Fi(θt)].997

Then, T1 can be split into three parts:998

T1 = T1a + T1b + T1c,999

where1000

T1a = −ηtkE ⟨∇F (θt),Mt ⊙∇F (θt)⟩ ,1001

T1b = −ηtkE

〈
∇F (θt),Mt ⊙

∑
i∈St

wiδi(θt)

〉
,1002

and

(13)
T1c = −ηt

k−1∑
e=0

E

〈
∇F (θt),Mt

⊙
∑
i∈St

wi[∇Fi(θ
(e)
t,i )−∇Fi(θt)]

〉
.

Bounding T1a. By Assumption 6 (Gradient-1003

Mask Alignment):1004

⟨∇F (θt),Mt ⊙∇F (θt)⟩ = ∥Mt ⊙∇F (θt)∥21005

= ρt∥∇F (θt)∥21006

≥ ρmin∥∇F (θt)∥2.1007

Thus, 1008

T1a ≤ −ηtkρminE[∥∇F (θt)∥2]. (14) 1009

Bounding T1b. Using Cauchy-Schwarz and 1010

Young’s inequality: 1011

|T1b| ≤ ηtkE

[
∥∇F (θt)∥·

∥∥∥∥∥Mt ⊙
∑
i∈St

wiδi(θt)

∥∥∥∥∥
]

1012

≤ ηtk
(ρmin

4
E[∥∇F (θt)∥2] 1013

+
1

ρmin
E

∥∥∥∥∥Mt ⊙
∑
i∈St

wiδi(θt)

∥∥∥∥∥
2
 . 1014

By Jensen’s inequality and Assumption 5: 1015∥∥∥∥∥Mt ⊙
∑
i∈St

wiδi(θt)

∥∥∥∥∥
2

≤
∑
i∈St

wi ∥Mt ⊙ δi(θt)∥2 1016

≤ µ2
t

∑
i∈St

wi∥δi(θt)∥2. 1017

From Assumption 4 (Bounded Client Heterogene- 1018

ity): ∥δi(θt)∥= ∥∇Fi(θt)−∇F (θt)∥≤ ζ, so: 1019∥∥∥∥∥Mt ⊙
∑
i∈St

wiδi(θt)

∥∥∥∥∥
2

≤ µ2
t ζ

2. 1020

Therefore, 1021

|T1b|≤
ηtkρmin

4
E[∥∇F (θt)∥2] +

ηtkµ
2
t ζ

2

ρmin
. (15) 1022

15



judge Method MT-1 MT-2

GPT-4o

FedIT 4.42±0.09 2.80±0.04
FFA-LoRA 4.30±0.11 2.78±0.11
LoRA-A2 4.35±0.05 2.85±0.02
FedEx-LoRA 4.54±0.14 2.85±0.06
FedIT+GMFL 4.51±0.14↑ 2.83±0.14↑
LoRA-A2+GMFL 4.35±0.11↓ 2.82±0.03↓
FedEx-LoRA+GMFL 4.53±0.11↓ 2.91±0.10↑

DeepSeek-V3.2

FedIT 4.72±0.17 3.16±0.13
FFA-LoRA 4.61±0.15 3.01±0.19
LoRA-A2 4.67±0.08 3.15±0.16
FedEx-LoRA 4.73±0.09 3.06±0.18
FedIT+GMFL 4.85±0.13↑ 3.12±0.11↓
LoRA-A2+GMFL 4.75±0.23↑ 2.95±0.10↓
FedEx-LoRA+GMFL 4.88±0.05↑ 3.11±0.07↑

Table 6: Detailed experimental results results of General Generation task which is evaluated by MT-Bench,
comparing various federated LoRA methods at rank r = 32. The best results for each dataset are indicated in bold,
while the second-best results are highlighted using underline.

Bounding T1c. Again, using Cauchy-Schwarz1023

and Young’s inequality:1024

|T1c| ≤ ηt

k−1∑
e=0

E [∥∇F (θt)∥·1025 ∥∥∥∥∥Mt ⊙
∑
i∈St

wi[∇Fi(θ
(e)
t,i )−∇Fi(θt)]

∥∥∥∥∥
]

1026

≤ ηt

k−1∑
e=0

(ρmin

4
E[∥∇F (θt)∥2]1027

+
1

ρmin
E

∥∥∥∥∥∑
i∈St

wi[∇Fi(θ
(e)
t,i )−∇Fi(θt)]

∥∥∥∥∥
2
 .1028

By Jensen’s inequality and L-smoothness (Assump-1029

tion 1):1030 ∥∥∥∥∥∑
i∈St

wi[∇Fi(θ
(e)
t,i )−∇Fi(θt)]

∥∥∥∥∥
2

1031

≤
∑
i∈St

wi

∥∥∥∇Fi(θ
(e)
t,i )−∇Fi(θt)

∥∥∥21032

≤ L2
∑
i∈St

wi

∥∥∥θ(e)t,i − θt

∥∥∥2 .1033

From the update rule and Assumption 2:1034

∥∥∥θ(e)t,i − θt

∥∥∥2 = η2t

∥∥∥∥∥
e−1∑
s=0

Mt ⊙ g
(s)
t,i

∥∥∥∥∥
2

1035

≤ η2t e
2G2.1036

Thus, 1037

E

∥∥∥∥∥∑
i∈St

wi[∇Fi(θ
(e)
t,i )−∇Fi(θt)]

∥∥∥∥∥
2
 1038

≤ L2η2t e
2G2. 1039

Then, 1040

|T1c| ≤
ηtkρmin

4
E[∥∇F (θt)∥2] 1041

+
L2G2η3t
ρmin

k−1∑
e=0

e2. 1042

Since
∑k−1

e=0 e
2 = (k−1)k(2k−1)

6 ≤ k3

3 , we have: 1043

|T1c|≤
ηtkρmin

4
E[∥∇F (θt)∥2] +

L2G2η3t k
3

3ρmin
.

(16) 1044

Combining T1a, T1b, and T1c. From ((14)), 1045

((15)), and ((16)): 1046

T1 ≤ −ηtkρminE[∥∇F (θt)∥2] 1047

+
ηtkρmin

2
E[∥∇F (θt)∥2] 1048

+
ηtkµ

2
t ζ

2

ρmin
+

L2G2η3t k
3

3ρmin
. 1049

By simplifying this inequality, we obtain: 1050

T1 ≤ −
ηtkρmin

2
E[∥∇F (θt)∥2] 1051

+
ηtkµ

2
t ζ

2

ρmin
+

L2G2η3t k
3

3ρmin
. (17) 1052
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Bounding T2.1053

E[∥θt+1 − θt∥2]1054

= η2tE

∥∥∥∥∥∑
i∈St

wi

k−1∑
e=0

Mt ⊙ g
(e)
t,i

∥∥∥∥∥
2
1055

≤ η2tE

(k−1∑
e=0

∥∥∥∥∥∑
i∈St

wiMt ⊙ g
(e)
t,i

∥∥∥∥∥
)2
1056

≤ η2t k
k−1∑
e=0

E

∥∥∥∥∥∑
i∈St

wiMt ⊙ g
(e)
t,i

∥∥∥∥∥
2
 .1057

For each e, we have:1058

E

∥∥∥∥∥∑
i∈St

wiMt ⊙ g
(e)
t,i

∥∥∥∥∥
2
1059

= E

∥∥∥∥∥∑
i∈St

wiMt ⊙∇Fi(θ
(e)
t,i )

∥∥∥∥∥
2
1060

+ E

[∑
i∈St

w2
i ∥Mt ⊙ (g

(e)
t,i −∇Fi(θ

(e)
t,i ))∥

2

]
1061

≤ E

(∑
i∈St

wi∥Mt ⊙∇Fi(θ
(e)
t,i )∥

)2
1062

+ σ2
∑
i∈St

w2
i .1063

By Assumption 2 and Jensen’s inequality,1064

∥∇Fi(θ)∥≤ G, so:1065

E

(∑
i∈St

wi∥Mt ⊙∇Fi(θ
(e)
t,i )∥

)2
 ≤ G2.1066

Let ω = maxSt

∑
i∈St

w2
i . Then:1067

E

∥∥∥∥∥∑
i∈St

wiMt ⊙ g
(e)
t,i

∥∥∥∥∥
2
 ≤ G2 + σ2ω.1068

Therefore:1069

E[∥θt+1 − θt∥2] ≤ η2t k
2(G2 + σ2ω).1070

1071

T2 ≤
L

2
η2t k

2(G2 + σ2ω). (18)1072

One-Round Recursion. Combining ((17)) and1073

((18)):1074

E[F (θt+1)] ≤ E[F (θt)]−
ηtkρmin

2
E[∥∇F (θt)∥2]1075

+
ηtkµ

2
t ζ

2

ρmin
+

L2G2η3t k
3

3ρmin
1076

+
L

2
η2t k

2(G2 + σ2ω).1077

Telescoping and Convergence Analysis. As- 1078

sume a constant learning rate ηt = η for all t. Sum- 1079

ming from t = 0 to T − 1: 1080

T−1∑
t=0

ηkρmin

2
E[∥∇F (θt)∥2]

≤ F (θ0)− F ∗

+

T−1∑
t=0

(
ηkµ2

t ζ
2

ρmin
+

L2G2η3k3

3ρmin

+
L

2
η2k2(G2 + σ2ω)

)
.

(19) 1081

Dividing both sides by ηkρminT
2 : 1082

1

T

T−1∑
t=0

E[∥∇F (θt)∥2] ≤
2(F (θ0)− F ∗)

ηkρminT

+
2µ̄2ζ2

ρ2min

+
2L2G2η2k2

3ρ2min

+
Lηk(G2 + σ2ω)

ρmin
,

(20) 1083

where µ̄2 = 1
T

∑T−1
t=0 µ2

t . 1084

Choose η = 1√
T

: 1085

1

T

T−1∑
t=0

E[∥∇F (θt)∥2] ≤
2(F (θ0)− F ∗)

kρmin

√
T

+
2µ̄2ζ2

ρ2min

+
Lk(G2 + σ2ω)

ρmin

√
T

+
2L2G2k2

3ρ2minT
.

(21) 1086

D.3 Interpretation 1087

As T →∞, the average squared gradient norm is 1088

bounded by: 1089

lim sup
T→∞

1

T

T−1∑
t=0

E[∥∇F (θt)∥2] ≤
2µ̄2ζ2

ρ2min

. 1090

This shows that the algorithm converges to a neigh- 1091

borhood of a stationary point, with the size of the 1092

neighborhood determined by the client heterogene- 1093

ity ζ2, the average mask heterogeneity suppression 1094

factor µ̄2, and the gradient-mask alignment ρmin. 1095

17



E Proof of Theorem 21096

E.1 Problem Setup1097

Consider a loss function ℓ(θ) with parameters θ ∈1098

Rd. The gradient is g(θ) = ∇ℓ(θ). We analyze1099

the effect of freezing parameters with small update1100

magnitudes.1101

Masking Operation. Define a binary mask1102

M ∈ {0, 1}d that selects parameters to freeze1103

based on update magnitude:1104

Mj =

{
0 if |gj | is among the smallest τ · d
1 otherwise

1105

where τ ∈ (0, 1) is the freezing ratio. Let gA =1106

M ⊙ g (active gradients) and gF = (1−M)⊙ g1107

(frozen gradients).1108

E.2 Update Comparison1109

Full gradient update:1110

θfull = θ − ηtg.1111

Masked update:1112

θmask = θ − ηtM ⊙ g = θ − ηtgA.1113

E.3 Loss Change Difference1114

Using first-order Taylor expansion:1115

ℓ(θ′) ≈ ℓ(θ) + ⟨g, θ′ − θ⟩.1116

Loss after full update:1117

ℓ(θfull) ≈ ℓ(θ)− ηt⟨g, g⟩ = ℓ(θ)− ηt∥g∥2.1118

Loss after masked update:1119

ℓ(θmask) ≈ ℓ(θ)− ηt⟨g, gA⟩ = ℓ(θ)− ηt∥gA∥2.1120

Difference in loss change:

(22)
∆ℓdiff = ℓ(θmask)− ℓ(θfull)

≈ ηt(∥g∥2 − ∥gA∥2)
= ηt∥gF ∥2.

E.4 Relative Importance of Frozen1121

Parameters1122

Define the relative importance of frozen parame-1123

ters:1124

RF :=
∥gF ∥2

∥g∥2
=

∑
j∈F g2j∑d
j=1 g

2
j

∈ [0, 1].1125

Then:1126

∆ℓdiff ≈ ηt∥g∥2RF .1127

If RF is small, the impact is small.1128

F Extended Hyperparameter Analysis 1129

Results 1130

We show the sentivity of β on NLU tasks in Figure 1131

7 through Figure 13. In most cases, model per- 1132

formance remains stable when β falls within the 1133

range of 0.02 to 0.07. This observation provides 1134

further evidence for our hypothesis that a subset 1135

of LoRA layers contributes minimally to overall 1136

model performance and freezing these layers does 1137

not significantly impact the original model perfor- 1138

mance. 1139
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Figure 7: Sensitivity of β on SST-2.
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Figure 8: Sensitivity of β on COLA.
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Figure 9: Sensitivity of β on MNLI (matched).
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Figure 10: Sensitivity of β on MNLI (mismatched).
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Figure 11: Sensitivity of β on QQP.
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Figure 12: Sensitivity of β on MRPC.
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Figure 13: Sensitivity of β on RTE.
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