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Abstract001

Federated Learning is a distributed machine002
learning paradigm that trains a global model003
by aggregating local clients without sharing004
private data of each client. Federated Distilla-005
tion (FD) builds upon this paradigm by lever-006
aging knowledge distillation to exchange soft007
predictions on proxy data instead of model008
parameters, enabling more efficient commu-009
nication and supporting heterogeneous model010
collaboration. However, FD models trained011
on In-Distribution data are hardly adapted to012
Out-of-Distribution (OOD) scenarios. In this013
paper, we propose a domain-aware proxy se-014
lection framework to better adopt proxy data015
for OOD problems. The experimental results016
show that the proposed models effectively ad-017
dress the challenges of distribution shifts under018
OOD with and without proxy data by achiev-019
ing average 82.9% and 81.0% over existing020
works on standard benchmarks. The codes021
and data are released in https://anonymous.022
4open.science/r/DPS-FD-8596/.023

1 Introduction024

Federated Learning is an emerging distributed ma-025

chine learning paradigm that trains a global model026

by aggregating local clients without sharing pri-027

vate data kept by each client (McMahan et al.,028

2017; Abadeer et al., 2022; Pei et al., 2024; Chen029

et al., 2024; Wang et al., 2025a). However, stan-030

dard Federated Learning has the limitations of the031

high communication cost and the homogeneous032

customization. To address these limitations, Fed-033

erated Distillation (FD) introduces shared proxy034

data as a medium for knowledge transfer between035

clients and the server (Hinton et al., 2015; You et al.,036

2017; Li and Wang, 2019). By exchanging soft la-037

bels on proxy data instead of model parameters, FD038

significantly reduces communication overhead and039

enables the use of heterogeneous models across040

clients (Lin et al., 2020; Hu et al., 2021; Wu et al.,041

2022; Itahara et al., 2023; Shao et al., 2024; Fan 042

et al., 2025; Wang et al., 2025c). 043

However, FD models trained on In-Distribution 044

data are hardly adapted to Out-of-Distribution 045

(OOD) scenarios, due to the proxy data that 046

serves as a critical medium for knowledge trans- 047

fer (Hendrycks and Gimpel, 2016; Guo et al., 2023; 048

Bai et al., 2023; Qi et al., 2024, 2025; Jeong and 049

Choi, 2025). Since proxy data heavily affect dis- 050

tribution shifts under OOD, we propose DPS-FD, 051

a Domain-aware Proxy Selection framework for 052

FD to better adopt proxy data for OOD problems. 053

Specifically, DPS-FD enables each local client to 054

select the relevant domain samples, while the server 055

selects globally-representative samples from the 056

proxy data. By taking the union of these selected 057

samples, DPS-FD constructs a domain-aware proxy 058

data that better captures the characteristics of both 059

local and global distributions. 060

Although the effective adoption of proxy data 061

can mitigate OOD promblem in FD, the origi- 062

nal proxy data sometimes cannot be obtained for 063

knowledge transfer in FD (Zhou and Chiam, 2023; 064

Zhu, 2024; Fang et al., 2024). These works mainly 065

focus on computer visions (Takahashi et al., 2023; 066

Liao et al., 2024b; Qi et al., 2025; Wang et al., 067

2025b). To address the challenge of no proxy 068

data in textual data, we propose a Vocabulary- 069

Constrained LLM-based generation (VC) strategy 070

for generating proxy data, where a global vocab- 071

ulary is adopted as lexical constraints to guide 072

the proxy data generation. VC adopts a few-shot 073

prompting strategy that consists of two complemen- 074

tary prompt templates: system prompts and user 075

prompts, to generate diverse and high-quality proxy 076

data. According to the comprehensive empirical 077

experiments, we find that high-quality proxy data 078

can significantly mitigate OOD problems. DPS-FD 079

generates proxy data using the VC strategy if the 080

proxy data is unavailable. 081

Experiments demonstrate that DPS-FD achieves 082
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competitive performance both with and without083

proxy data. Additionally, we take insight analysis084

on the effect of the high-quality diverse proxy data,085

unveiling that global distribution of the proxy data086

heavily affect the OOD performance of the global087

model in server. The main contribution of this088

paper are as follows:089

• We propose a domain-aware proxy selection090

framework that better adopts proxy data for091

OOD problems, enhancing the robustness and092

generalization of the global model.093

• We introduce a vocabulary-constrained LLM-094

based generation strategy to enable FD models095

to maintain competitive performance without096

access to real proxy data.097

• We take the insight analysis on the role of098

proxy data in FD, revealing that high-quality099

proxy data are essential for mitigating OOD100

problems and enhancing the robustness of the101

global model.102

2 Related Work103

2.1 Federated Learning and Distillation104

FL emerges as a promising distributed learning105

paradigm that enables collaborative model training106

without sharing private data of each client. Clas-107

sic approaches such as FedAvg (McMahan et al.,108

2017) aggregate model parameters from clients into109

a global model and iteratively repeats this process.110

However, they suffer from high communication111

overhead, require homogeneous model architec-112

tures, and privacy-leakage across clients and the113

server (Sui et al., 2020; Lin et al., 2021). To mit-114

igate these limitations, FD leverages knowledge115

distillation (Hinton et al., 2015; You et al., 2017;116

Anil et al., 2018) to exchange soft labels on shared117

proxy data instead of model parameters (Wu et al.,118

2022; Itahara et al., 2023; Chen et al., 2024; Wang119

et al., 2025c), significantly reducing communica-120

tion costs, enabling heterogeneous models, and121

preserving privacy.122

2.2 OOD in Federated Distillation123

OOD behavior manifests primarily as covariate124

shifts and semantic shifts (Liao et al., 2024b),125

which often leads to model degradation in FD (Gul-126

rajani and Lopez-Paz, 2020). To address this is-127

sue, FD extends to OOD scenarios by enhancing128

the alignment between proxy and client distribu-129

tions (Yu et al., 2023; Qi et al., 2025). Existing130

work leverages public or synthesized proxy data to 131

reduce domain gaps and improve knowledge trans- 132

fer (Jeong et al., 2023). Zhu et al. (2021) introduce 133

adaptive weighting and ensemble strategies to em- 134

phasize client-specific contributions during distilla- 135

tion and enhance robustness. These developments 136

highlight FD potential in improving generalization 137

in OOD environments. To further advance this line 138

of research, we propose DPS-FD, which constructs 139

high-quality proxy data to explicitly model distribu- 140

tional diversity across clients, enabling more effec- 141

tive and efficient knowledge transfer and reducing 142

communication costs. 143

2.3 Proxy Data in Federated Distillation 144

Proxy data plays a crucial role in FD, serving as 145

the essential medium through which knowledge 146

is exchanged between heterogeneous clients and 147

the global model (Li and Wang, 2019; Lin et al., 148

2020). Without proxy data, the distillation process 149

struggles to align knowledge (Liao et al., 2023, 150

2024a; Xiao and Liu, 2025), resulting in perfor- 151

mance degradation. 152

To address these limitations, existing studies ex- 153

plore various generative approaches to synthesize 154

proxy data for FD. These include 1) logit-based in- 155

version methods, which reconstruct pseudo data by 156

optimizing inputs to match client logits (Takahashi 157

et al., 2023); 2) generator-based approaches using 158

GANs or VAEs to learn data distributions and pro- 159

duce representative samples (Zhang et al., 2022; 160

Wang et al., 2023; Liao et al., 2024b; Ma et al., 161

2025; Qi et al., 2025); 3) diffusion-based models, 162

which iteratively denoise random noise into high- 163

quality synthetic data (Li et al., 2023; Wang et al., 164

2024; Yang et al., 2024; Wang et al., 2025b). 165

However, in natural language processing, the 166

situation becomes more challenging. Most existing 167

proxy-based distillation methods are designed for 168

vision tasks and overlook fundamental linguistic 169

properties such as lexical frequency distribution 170

and semantic structure. This gap highlights the 171

need for domain-aware proxy construction methods 172

tailored to textual data and motivates our work on 173

leveraging lexical constraints and large language 174

models to build more effective proxy data in FD. 175

3 Preliminary 176

We take classification as an example. In the context 177

of a classification task under FL with K clients and 178

a central server, each client k ∈ {i = 1, 2, . . . ,K} 179
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Figure 1: The framework of DPS-FD.

locally keeps its own private labeled data Dk =180

{(xki , yki )}
Nk
i=1 that is isolated from others, where181

xki ∈ Rd and yki ∈ {1, 2, . . . , C} are the i-th in-182

stance and its corresponding label, respectively, C183

is the number of classes, and Nk is the size of184

private data. The objective is to train a globally185

optimal model fg parameterized by θg through ag-186

gregating client models fk parameterized by θk in187

a decentralized manner without exposing private188

data on the server.189

To mitigate the limitations of FL based on param-190

eter exchange, FD leverages knowledge distillation191

to exchange soft labels instead of model parameters192

by introducing shared proxy data Dp = {(xpi )}
Np

i=1193

for knowledge transfer between clients and the194

server, where Np is the size of the proxy data.195

Specifically, in each communication round t ∈ T ,196

the server randomly selects the set of activated197

clients K ⊆ {1, 2, . . . ,K} based on a sampling198

fraction ϵ to participate in the FD training, where199

|K| = |ϵ · K|. Each client K first trains its local200

model on its own private data Dk, and the local201

optimization objective is defined as follows:202

θ∗k = argmin
θk

E(x,y)∼Dk
[LCE(fk(x; θk), y)], (1)203

where LCE(·) denotes the cross-entropy loss used204

for local classification tasks, and E denotes its ex-205

pected value with respect to the local data distri-206

bution Dk. The participating clients compute soft207

labels on the proxy data Dp and upload them to208

the server. The server then aggregates these labels209

using a weighting scheme proportional to the size 210

of each client local data to distill the global model. 211

The corresponding objective function is formulated 212

as: 213

wk =
Nk

||N ||1
, N = [N1, N2, . . . , NK], (2) 214

215
h(xp) = σ(f(xp; θ)), (3) 216

217
θ∗g = argmin

θg
E

xp∼Dp

[
LKL

(∑
k∈K

wk · hk(xp) hg(xp)
)]
,

(4) 218

where σ(·) is the softmax function with temper- 219

ature τ to control the smoothness of soft labels, 220

and LKL is the Kullback-Leibler divergence used 221

to measure the distribution differences between the 222

server and the aggregated local models. Finally, 223

each client further distills its local model using the 224

KL divergence with the global soft labels predicted 225

by the global model on the proxy data Dp. 226

θ∗k = argmin
θk

Exp∼Dp

[
LKL

(
hg(xp), hk(xp)

)]
.

(5) 227

4 Method 228

We construct OOD benchmarks in natural language 229

processing tasks to investigate the challenges of FD 230

in real-world scenarios. Then, we propose DPS- 231

FD, a novel framework of Domain-aware Proxy 232

Selection for FD to address the OOD challenge by 233

reconstructing the domain-aware proxy data. Fur- 234

thermore, we introduce a vocabulary-constrained 235
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LLM-based proxy generation strategy coupled with236

the DPS mechanism to mitigate the OOD problems237

of FD without proxy data.238

4.1 OOD Benchmark Construction239

To better understand the challenges of FD in real-240

world scenarios, we investigate the role of proxy241

data in OOD settings. Before introducing the242

OOD setting, we first consider a multi-domain243

non-IID configuration in natural language process-244

ing, which accounts not only for label distribution245

skew but also for the domain distribution of each246

client (Xiao and Liu, 2025; Yang et al., 2023; Xiao247

et al., 2024; Mao et al., 2025; Yan et al., 2025).248

Specifically, each client keeps private data from a249

distinct domain, and the label distribution across250

clients is made heterogeneous by sampling accord-251

ing to a Dirichlet Distribution with different α pa-252

rameters. Building upon the multi-domain non-IID253

setup, we simulate OOD settings by replacing the254

original test set—composed of data from the client255

domains—with a test set sampled from the domains256

not seen by the clients. Both the private data and257

the proxy data are sampled from an open-source258

Amazon product review database.1259

4.2 Domain-Aware Proxy Selection260

As shown in Figure 1, in communication round t,261

each client optimizes its local model using its la-262

beled private data and utilizes the DPS mechanism263

to reconstruct domain-aware proxy data and up-264

loads the corresponding local outputs to the server.265

The server aggregates the outputs and optimizes266

the global model through knowledge distillation.267

The global outputs given by the server are subse-268

quently broadcast to all clients for local distillation,269

enabling bidirectional knowledge transfer.270

DPS enables each client k to select the most rel-271

evant domain samples from the proxy data Dp, al-272

lowing clients to transmit high-confidence, domain-273

specific knowledge that enhances the robustness274

of the global model, while the server selects glob-275

ally representative samples to improve the gener-276

alization of the global model. By taking the union277

of these selected samples, we construct a domain-278

aware proxy data D∗
p that serves as a more effective279

and efficient knowledge transfer medium between280

clients and the server.281

In each communication round t ∈ {1, . . . , T},282

after local training on its private data Dk, client k283

1https://archive.org/details/amazon-reviews-1995-2013

computes the centroid representation ck of its do- 284

main, and the server computes the global centroid 285

cg from the proxy data D0 as: 286

ck =
1

Nk

∑
(x,y)∈Dk

fk(x; θk),

cg =
1

Np

∑
x∈Dp

fg(x; θg),

(6) 287

where fk(x) and fg(x) denote the input x feature 288

representations of the local model and the global 289

model, respectively. For each proxy sample xi ∈ 290

D0, we calculate its cosine similarity with each 291

client centroid and the global centroid: 292

simk(xi) =
fk(xi; θk) · ck

∥fk(xi; θk)∥ ∥ck∥
,

simg(xi) =
fg(xi; θg) · cg

∥fg(xi; θg)∥ ∥cg∥
.

(7) 293

Each client and the server then select the top-K 294

proxy samples most similar to its domain represen- 295

tations, respectively: 296

Pk = TopK
(
{xi ∈ D0 | simk(xi)}),

Pg = TopK
(
{xi ∈ D0 | simg(xi)}).

(8) 297

Finally, the domain-aware proxy data used for 298

knowledge distillation is constructed as the union: 299

D∗
p =

K⋃
k=1

Pk ∪ Pg. (9) 300

This selection process is repeated in each commu- 301

nication round, ensuring that the proxy data dynam- 302

ically aligns with evolving domain representations 303

as the training progresses. 304

4.3 LLM-Based Proxy Generation 305

The global model benefits from additional knowl- 306

edge that helps align the client-specific distribu- 307

tions and facilitates more effective knowledge trans- 308

fer. High-quality proxy data provides a bridge for 309

the global model to capture patterns not fully repre- 310

sented in individual client private data, enhancing 311

both robustness to domain-specific variations and 312

generalization to unseen domains. In the absence 313

of proxy data, the global model has to rely solely 314

on local clients, which leads to weak alignment 315

among local distributions and reduced overall per- 316

formance. 317

To address the challenge of unavailable proxy 318

data in FD, we propose a vocabulary-constrained 319
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LLM-based proxy data generation strategy. As320

shown in Figure 2, we first construct a vocabulary321

from tokenizing real proxy data, which serves as a322

constraint to ensure that generated samples adhere323

to realistic lexical distributions and domain-specific324

semantics. To effectively generate diverse and high-325

quality proxy data, we adopt a few-shot prompting326

strategy that consists of two complementary prompt327

templates:328

• System Prompts The system prompt de-329

fines the overall role and objective of the LLM,330

instructing it to act as a linguistic expert spe-331

cialized in generating diverse, fluent, and con-332

textually coherent product review texts tai-333

lored for FL tasks.334

• User Prompts The user prompt provides335

few-shot representative samples drawn from336

real environments as in-context demonstra-337

tions.338

To ensure linguistic consistency and data complex-339

ity, we constrain the average sentence length to340

approximately 90 words per generated text. As341

shown in Figure 2, two-stage prompting design al-342

lows the LLM to capture both global generation343

intent and domain-specific semantics. 2344

2The detailed structures of the system and user prompt are
given in Appendix A.

Model g. a. b. c. h. s. cost (%)

with proxy data

FD-LP 80.7 79.8 84.7 91.4 77.4 81.8 100
FD-GP 81.4 80.3 84.1 85.0 75.6 78.7 100

DPS-FD 82.9 80.6 85.1 81.9 76.0 78.9 98.3

without proxy data

FD-VC 78.2 75.0 80.5 73.9 68.4 72.7 100

DPS-FD 81.0 77.0 82.4 76.5 70.0 75.1 95.9
w/o VC 77.7 75.8 79.3 77.1 66.6 71.6 93.9

Table 1: Results of the global model in heterogeneous
and OOD settings (p < 0.001). The column g. is score
on test data in global distribution, while the columns
a., b., c., h. and s. are scores on test data in respective
domains.

5 Experiments 345

We evaluate our proposed methods, DPS-FD along 346

with a vocabulary-constrained LLM-based genera- 347

tion under OOD both with and without proxy data. 348

5.1 Settings 349

We conduct experiments on a sentiment classifica- 350

tion task under heterogeneous client settings, con- 351

sidering both the presence and absence of proxy 352

data. To simulate OOD scenarios, data are sampled 353

by label within each domain from the Dirichlet 354

distribution with concentration parameters α = 355

{0.3, 0.5, 0.8, 1.2, 1.5} for clients, respectively, to 356

control the degree of heterogeneity. 357

Backbones We assign different pre-trained 358

language models to the 5 clients, namely 359

BERT-base-cased, BERT-large-cased, 360

RoBERTa-base, RoBERTa-large, and 361

XLNet-large-cased model, respectively, while 362

using RoBERTa-large as the global model for the 363

server.3 364

Data Clients keep local data from specific do- 365

mains, i.e., automotive (a.), baby (b.), clothing (c.), 366

health (h.), and sport (s.), respectively, while the 367

global distribution (g.) from all domains unseen by 368

the clients. 369

5.2 Training and Inference 370

We train the models for 5 communication rounds 371

with 3 local epochs per round, using an initial learn- 372

ing rate of 2e-5. AdamW is adopted as the opti- 373

mizer, with a maximum sequence length of 128 and 374

3All the pre-trained language model cards are sourced from
https://huggingface.co/models.
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Model a. b. c. h. s.

with proxy data

FD-LP 78.2 47.6 93.4 76.9 81.5
FD-GP 78.0 47.6 93.2 76.0 81.4

DPS-FD 76.7 83.5 89.8 77.4 75.0

without proxy data

FD-VC 76.3 47.6 94.0 73.3 77.7

DPS-FD 78.5 84.6 90.4 76.5 82.3
w/o VC 75.2 82.1 91.3 70.0 72.8

Table 2: Results of local models on clients (p < 0.001).
The columns a., b., c., h. and s. are scores on test data
in respective domains.

a batch size of 32. The number of clients is set to375

5, corresponding to different numbers of domain-376

specific data. For the proposed DPS-FD method,377

we select the top 25k samples on each client and the378

top 35k samples on the server to form the refined379

proxy data. GPT-3.5-turbo is used as the LLM380

in the LLM-based generation strategy. We use an381

NVIDIA GPU with 24 GB memory for training382

and inference.383

5.3 Baselines384

We evaluate the proposed DPS-FD framework385

against a series of baselines to thoroughly investi-386

gate the impact of proxy data and the effectiveness387

of our approach under OOD settings.388

• FD-LP refers to the standard FD method (Lin389

et al., 2020), which uses proxy data consisting390

only of samples from the client domains.391

• FD-GP uses global proxy data composed of392

samples from all domains that are unseen by393

the clients.394

• FD-VC leverages a vocabulary-constrained395

LLM-based generation strategy to synthesize396

proxy data without proxy data.397

• DPS-FD is our proposed model, applying398

DPS on FD with global domain proxy data,399

with proxy data generated by a vocabulary-400

constrained LLM, and with proxy data gener-401

ated by an unconstrained LLM.402

5.4 Results403

Table 1 and 2 shows the results of the global server404

model and the local client models, respectively, on405

our proposed model and several baseline models.406

Proxy Data Influence As shown in Table 1, the 407

global model of FD-GP outperforms that of FD- 408

LP, indicating that global-domain proxy data, com- 409

pared to local-domain proxy data, can more ef- 410

fectively mitigate distribution shifts under OOD 411

settings. 412

• With proxy data, our proposed DPS-FD 413

achieves superior performance across both 414

global and local domains except for "clothing" 415

domain. By incorporating the DPS, clients 416

and the server dynamically identifies and uti- 417

lizes proxy samples that better align with 418

the distributions of local and global domains. 419

DPS effectively filters out noisy or irrelevant 420

samples, leading to high-quality proxy data 421

that enable more effective and efficient knowl- 422

edge transfer, demonstrating the effectiveness 423

of DPS with proxy data. 424

• Without proxy data, DPS-FD outperforms 425

DPS-FD without vocabulary-constraint by 426

approximately 3.3%, demonstrating that 427

vocabulary-constrained LLM generation pro- 428

duces higher-quality proxy data. We claim 429

that high-quality proxy data can greatly im- 430

prove the performance of the global model in 431

FD. Moreover, DPS-FD substantially outper- 432

forms FD-VC, indicating that DPS remains 433

effective even with synthetic proxy data. 434

Local Models Table 2 shows F1 scores of each 435

local model evaluated on their own local test set. 436

Existing methods perform poorly on local distribu- 437

tion of the "baby" domain, achieving only 47.6% 438

F1 scores, whereas our proposed DPS-FD substan- 439

tially achieves the improvements on the local test 440

set. DPS effectively mitigates the interference from 441

other domains and improve the performance of 442

local models within their own domains by filter- 443

ing out noise and irrelevant proxy samples. This 444

demonstrates that DPS-FD not only enhances the 445

global model on server but also somehow enhances 446

the local model on clients. 447

Communication Cost To facilitate a fair com- 448

parison, we normalize the communication cost of 449

the traditional FD method to 100% as a baseline. 450

As shown in the column cost of Table 1, DPS-FD 451

achieves a slight yet meaningful reduction in com- 452

munication cost from 100% to 98.3% with proxy 453

data and from 100% to 95.9% without proxy data. 454

The overall cost is determined by the number of 455
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Model g. a. b. c. h. s. cost (%)

DS-FL 80.1 79.7 82.0 78.9 78.7 80.3 100
MHAT 81.6 79.5 83.6 80.3 72.6 78.6 100
FedKD 82.0 80.0 84.1 82.8 73.2 78.5 16.7

DPS-FD 82.9 80.6 85.1 81.9 76.0 78.9 98.3

Table 3: Results of the global model for existing FD
methods under heterogeneous and OOD settings where
proxy data is provided.

DPS-FD top-K (client, server) g. cost (%)

5 Clients

w/ proxy data (15k, 15k) 82.6 89.8
(25k, 35k) 82.9 98.3

w/o proxy data (15k, 15k) 80.7 78.3
(25k, 35k) 81.0 96.3

10 Clients

w/ proxy data (15k, 15k) 84.2 95.9
(25k, 35k) 84.0 99.8

w/o proxy data (15k, 15k) 81.4 80.3
(25k, 35k) 82.7 93.6

Table 4: Results of DPS-FD across different number of
clients and top-K selections.

clients K, the proxy data size |DP |, and the num-456

ber of communication rounds T , and is typically457

expressed as (K+ 1) · |DP | · T . By constructing a458

domain-aware proxy data |D∗
P |, DPS-FD improves459

model performance and reduces unnecessary com-460

munication by selecting representative samples that461

capture the distribution of each domain.462

5.5 Comparisons with SOTA Models463

As shown in Table 3, our proposed DPS-FD signifi-464

cantly outperforms existing FD methods, including465

DS-FL (Itahara et al., 2023), MHAT (Hu et al.,466

2021), and FedKD (Wu et al., 2022), in terms of467

global distribution performance with proxy data.468

This demonstrates not only superior robustness and469

generalization capabilities across heterogeneous470

client distributions, but also highlights the effec-471

tiveness of our domain-aware proxy selection in al-472

leviating distribution shift and knowledge misalign-473

ment. Moreover, DPS-FD achieves this improved474

performance while reducing communication costs475

compared to DS-FL and MHAT, benefiting from476

a effective knowledge exchange process, except477

for FedKD, which adopts a one-shot distillation478

paradigm.479

6 Discussion and Analysis480

We take the analysis on the performance of DPS-481

FD in effect of the number of client, top-K selec-482
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Figure 3: F1 scores varies with the top-K selections of
the clients and server

tion, and quality of proxy data. 483

6.1 The Number of Clients 484

To investigate the effect of client number on train- 485

ing of the global model, 5 additional clients are 486

introduced and assigned data of beauty, patio, 487

pet, shoes, and software domains from the open- 488

source Amazon product review database, using 489

BERT-base-cased as the local model. 490

As shown in Table 4, both with and without 491

proxy data, the global model performance on the 492

global distribution improves significantly as the 493

number of participating clients increases. The im- 494

provement can be attributed to the increased di- 495

versity of domain data introduced by increased 496

clients. As more heterogeneous domains partic- 497

ipate in training, the global model is exposed to a 498

broader spectrum of feature distributions and se- 499

mantic variations, enabling it to learn more domain- 500

invariant representations. This diversity reduces 501

sensitivity of the global model to domain-specific 502

biases, enhancing its generalization and robustness 503

under OOD distribution shifts. 504

6.2 Top-K Selection 505

In DPS-FD, the choice of the top-K most similar 506

samples selected by the client and the server plays 507

a crucial role, as it directly affects the trade-off 508

between model performance and communication 509

cost. We vary the number of selected samples on 510

the client side as {10k, 15k, 20k, 25k} and on the 511

server side as {15k, 20k, 25k, 30k, 35k} under the 512

setting with proxy data. 513

As shown in Figure 3, different top-K combi- 514

nations lead to noticeable variations in the global 515

model performance. The configurations (15k, 15k) 516

and (25k, 30k) achieve strong suboptimal perfor- 517

mance of 82.6%, indicating that comparable ac- 518

curacy can be maintained with reduced commu- 519
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Vocabulary Constrained Proxy Data

Real Proxy Data

(a) Vocabulary-constrained proxy data

Unconstrained Proxy Data

Real Proxy Data

(b) Unconstrained proxy data

Figure 4: Word distributions of proxy data generated
under vocabulary-constrained (top) and unconstrained
(bottom) settings, represented in the TF-IDF reduced
dimensionality space.

nication cost. As shown in Table 4, with proxy520

data, the (15k, 15k) configuration yields a substan-521

tial reduction in communication cost while main-522

taining comparable global model performance. In523

particular, the communication overhead decreases524

by 9.5% when 5 clients are involved. Addition-525

ally, without proxy data, the same (15k, 15k) set-526

ting achieves an even greater reduction in com-527

munication cost by 18% and 13.3% respectively,528

demonstrating that moderate top-K selections on529

both client and server sides can effectively balance530

model performance and communication efficiency531

under different data availability.532

6.3 Quality of Proxy Data533

We take the insight analysis on vocabulary con-534

straints for the quality of proxy data generated by535

LLMs. We compare two generation strategies: with536

vocabulary constraints and without constraints. We537

tokenize the real data to construct a global vocab-538

ulary and enforce the LLM to generate samples539

using only the words in vocabulary. The uncon-540

strained LLM directly generates samples based on541

same prompts without vocabulary constraints. 542

By constraining the vocabulary during LLM- 543

based generation, we effectively intervene in the 544

lexical choice process, guiding the generated sam- 545

ples toward a distribution aligned with real-world 546

data. This targeted intervention reduces spurious 547

lexical variations and enhances the semantic rel- 548

evance and consistency of the generated samples. 549

Furthermore, as showed in Figure 4 (top), the dis- 550

tribution of proxy data generated under vocabulary 551

constraints is significantly closer to that of the real 552

proxy data, demonstrating the effectiveness of our 553

posed vocabulary constraints. 554

Additionally, the unconstrained generation strat- 555

egy allows the LLM to produce samples solely 556

based on the system and user prompts, without any 557

explicit lexical guidance. As shown in Figure 4 558

(bottom), the distribution of proxy data generated 559

without constraints can be highly arbitrary, devi- 560

ating substantially from the distribution observed 561

in real proxy data. This randomness introduces 562

spurious lexical variations and reduces semantic 563

alignment, which can in turn limit the effectiveness 564

of the generated samples for distillation. Uncon- 565

strained generation produces proxy samples that 566

are linguistically plausible but semantically irrele- 567

vant or inconsistent, and applying vocabulary con- 568

straints during LLM-based proxy data generation 569

reduces the likelihood of such undesirable sam- 570

ples. Together with the results of Table 1, the im- 571

provement observed under vocabulary constraints 572

highlights the importance of controlling lexical dis- 573

tributions to ensure that proxy data are semantically 574

meaningful and relevant to global domain. 575

7 Conclusion 576

In this paper, we propose domain-aware proxy se- 577

lection that constructs a representative proxy data 578

by jointly considering client-specific and global 579

domain samples to better adopt the proxy data for 580

OOD problems in FD. Additionally, to address the 581

absence of proxy data, we introduce a vocabulary- 582

constrained LLM-based proxy data generation strat- 583

egy, which mitigates the generation of linguistically 584

plausible but semantically irrelevant or inconsistent 585

samples. By incorporating the proxy selection strat- 586

egy with the generation strategy, DPS-FD enhance 587

the robustness and generalization of FD both with 588

and without proxy data. Our experimental results 589

demonstrate that our models outperform existing 590

methods under OOD settings. 591

8



Limitations592

Our method relies on LLMs to synthesize proxy593

data. LLM-generated data are less reproducible594

and incur higher API costs and longer response595

time. We only simulate 5 and 10 clients in our596

experiments, and we believe that using more clients597

would be more effective. We take classification as598

a representative example in this work, and need to599

conduct more comprehensive validation.600
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A Prompts 828

The following prompt templates are used to guide 829

the LLM in generating proxy data. 830

User Prompt Template

A set of representative examples.
Your task:
1. Identify the product domains and senti-
ment tendencies represented in the exam-
ples above, and infer additional potential
domains that could reasonably exist.
2. Based on the examples’ and inferred do-
mains, generate exactly realistic and diverse
unlabeled review texts.
3. Each review should be fluent, reflecting
the natural style of customer reviews.
4. Each review should be about 90 words
(minimum 40, maximum 180). Do not
shorten because you need to output many.
5. The reviews should not be templates or
mechanically repeated. Maintain variability
in tone, sentence structure, and vocabulary.
Output format:
1. Output exactly each reviews on a separate
line.
2. Ensure the quality of each generated sen-
tence and do not sacrifice quality for the
sake of quantity.
3. Do not add any prefix, numbering, head-
ers, or label—only the raw reviews.
Begin now:

831

System Prompt Template

You are an expert language model specializ-
ing in generating diverse, high-quality prod-
uct review texts for federated learning.
You will carefully analyze a set of exam-
ple reviews and identify corresponding do-
mains and sentiment tendencies.
While the examples may be biased toward
certain domains, your task is to summarize
them and infer additional potential domains.
Your generation should reflect the authentic
style and tone of product reviews: natural,
varied, and customer-oriented.
The output must ensure both domain diver-
sity and linguistic diversity, avoiding repeti-
tive templates while maintaining realism.

832
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Algorithm 1: Domain-Aware Proxy Selec-
tion
Input: labeled private data {Dk}Kk=1;

unlabeled proxy data Dp; global
model θg; local models {θk}Kk=1;
communication rounds T

Output: global model θg
if Dp then

Use the real proxy data Dp ;
else

Generate a synthetic proxy data Dp

using LLM-based generation strategy ;
end
for each communication round
t = 1, 2 . . . , T do

Client executes:
for each client k in parallel do

Train local model via Eq. (1) ;
Select and upload the

domain-specific proxy data via
Eq. (6)(7)(8) ;

end
Server executes:
Select the global domain proxy data via

Eq. (6)(7)(8) ;
Construct a domain-aware proxy data
D∗

p via Eq. (9) ;
Update the global model on D∗

p via
Eq. (4) ;

Client executes:
for each client k in parallel do

Update the local model on D∗
p via

Eq. (5) ;
end

end

B Algorithm of Domain-Aware Proxy833

Selection834

Algorithm 1 summarizes the overall workflow of835

DPS-FD and details how the proposed domain-836

aware proxy selection is incorporated into the FD837

process.838
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