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Abstract

Federated Learning is a distributed machine
learning paradigm that trains a global model
by aggregating local clients without sharing
private data of each client. Federated Distilla-
tion (FD) builds upon this paradigm by lever-
aging knowledge distillation to exchange soft
predictions on proxy data instead of model
parameters, enabling more efficient commu-
nication and supporting heterogeneous model
collaboration. However, FD models trained
on In-Distribution data are hardly adapted to
Out-of-Distribution (OOD) scenarios. In this
paper, we propose a domain-aware proxy se-
lection framework to better adopt proxy data
for OOD problems. The experimental results
show that the proposed models effectively ad-
dress the challenges of distribution shifts under
OOD with and without proxy data by achiev-
ing average 82.9% and 81.0% over existing
works on standard benchmarks. The codes
and data are released in https://anonymous.
4open.science/r/DPS-FD-8596/.

1 Introduction

Federated Learning is an emerging distributed ma-
chine learning paradigm that trains a global model
by aggregating local clients without sharing pri-
vate data kept by each client (McMahan et al.,
2017; Abadeer et al., 2022; Pei et al., 2024; Chen
et al., 2024; Wang et al., 2025a). However, stan-
dard Federated Learning has the limitations of the
high communication cost and the homogeneous
customization. To address these limitations, Fed-
erated Distillation (FD) introduces shared proxy
data as a medium for knowledge transfer between
clients and the server (Hinton et al., 2015; You et al.,
2017; Li and Wang, 2019). By exchanging soft la-
bels on proxy data instead of model parameters, FD
significantly reduces communication overhead and
enables the use of heterogeneous models across
clients (Lin et al., 2020; Hu et al., 2021; Wu et al.,

2022; Itahara et al., 2023; Shao et al., 2024; Fan
et al., 2025; Wang et al., 2025¢).

However, FD models trained on In-Distribution
data are hardly adapted to Out-of-Distribution
(OOD) scenarios, due to the proxy data that
serves as a critical medium for knowledge trans-
fer (Hendrycks and Gimpel, 2016; Guo et al., 2023;
Bai et al., 2023; Qi et al., 2024, 2025; Jeong and
Choi, 2025). Since proxy data heavily affect dis-
tribution shifts under OOD, we propose DPS-FD,
a Domain-aware Proxy Selection framework for
FD to better adopt proxy data for OOD problems.
Specifically, DPS-FD enables each local client to
select the relevant domain samples, while the server
selects globally-representative samples from the
proxy data. By taking the union of these selected
samples, DPS-FD constructs a domain-aware proxy
data that better captures the characteristics of both
local and global distributions.

Although the effective adoption of proxy data
can mitigate OOD promblem in FD, the origi-
nal proxy data sometimes cannot be obtained for
knowledge transfer in FD (Zhou and Chiam, 2023;
Zhu, 2024; Fang et al., 2024). These works mainly
focus on computer visions (Takahashi et al., 2023;
Liao et al., 2024b; Qi et al., 2025; Wang et al.,
2025b). To address the challenge of no proxy
data in textual data, we propose a Vocabulary-
Constrained LLM-based generation (VC) strategy
for generating proxy data, where a global vocab-
ulary is adopted as lexical constraints to guide
the proxy data generation. VC adopts a few-shot
prompting strategy that consists of two complemen-
tary prompt templates: system prompts and user
prompts, to generate diverse and high-quality proxy
data. According to the comprehensive empirical
experiments, we find that high-quality proxy data
can significantly mitigate OOD problems. DPS-FD
generates proxy data using the VC strategy if the
proxy data is unavailable.

Experiments demonstrate that DPS-FD achieves
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competitive performance both with and without
proxy data. Additionally, we take insight analysis
on the effect of the high-quality diverse proxy data,
unveiling that global distribution of the proxy data
heavily affect the OOD performance of the global
model in server. The main contribution of this
paper are as follows:

* We propose a domain-aware proxy selection
framework that better adopts proxy data for
OOQOD problems, enhancing the robustness and
generalization of the global model.

* We introduce a vocabulary-constrained LLM-
based generation strategy to enable FD models
to maintain competitive performance without
access to real proxy data.

* We take the insight analysis on the role of
proxy data in FD, revealing that high-quality
proxy data are essential for mitigating OOD
problems and enhancing the robustness of the
global model.

2 Related Work
2.1 Federated Learning and Distillation

FL emerges as a promising distributed learning
paradigm that enables collaborative model training
without sharing private data of each client. Clas-
sic approaches such as FedAvg (McMabhan et al.,
2017) aggregate model parameters from clients into
a global model and iteratively repeats this process.
However, they suffer from high communication
overhead, require homogeneous model architec-
tures, and privacy-leakage across clients and the
server (Sui et al., 2020; Lin et al., 2021). To mit-
igate these limitations, FD leverages knowledge
distillation (Hinton et al., 2015; You et al., 2017;
Anil et al., 2018) to exchange soft labels on shared
proxy data instead of model parameters (Wu et al.,
2022; Itahara et al., 2023; Chen et al., 2024; Wang
et al., 2025c¢), significantly reducing communica-
tion costs, enabling heterogeneous models, and
preserving privacy.

2.2 OOD in Federated Distillation

OOD behavior manifests primarily as covariate
shifts and semantic shifts (Liao et al., 2024b),
which often leads to model degradation in FD (Gul-
rajani and Lopez-Paz, 2020). To address this is-
sue, FD extends to OOD scenarios by enhancing
the alignment between proxy and client distribu-
tions (Yu et al., 2023; Qi et al., 2025). Existing

work leverages public or synthesized proxy data to
reduce domain gaps and improve knowledge trans-
fer (Jeong et al., 2023). Zhu et al. (2021) introduce
adaptive weighting and ensemble strategies to em-
phasize client-specific contributions during distilla-
tion and enhance robustness. These developments
highlight FD potential in improving generalization
in OOD environments. To further advance this line
of research, we propose DPS-FD, which constructs
high-quality proxy data to explicitly model distribu-
tional diversity across clients, enabling more effec-
tive and efficient knowledge transfer and reducing
communication costs.

2.3 Proxy Data in Federated Distillation

Proxy data plays a crucial role in FD, serving as
the essential medium through which knowledge
is exchanged between heterogeneous clients and
the global model (Li and Wang, 2019; Lin et al.,
2020). Without proxy data, the distillation process
struggles to align knowledge (Liao et al., 2023,
2024a; Xiao and Liu, 2025), resulting in perfor-
mance degradation.

To address these limitations, existing studies ex-
plore various generative approaches to synthesize
proxy data for FD. These include 1) logit-based in-
version methods, which reconstruct pseudo data by
optimizing inputs to match client logits (Takahashi
et al., 2023); 2) generator-based approaches using
GANSs or VAEs to learn data distributions and pro-
duce representative samples (Zhang et al., 2022;
Wang et al., 2023; Liao et al., 2024b; Ma et al.,
2025; Qi et al., 2025); 3) diffusion-based models,
which iteratively denoise random noise into high-
quality synthetic data (Li et al., 2023; Wang et al.,
2024; Yang et al., 2024; Wang et al., 2025b).

However, in natural language processing, the
situation becomes more challenging. Most existing
proxy-based distillation methods are designed for
vision tasks and overlook fundamental linguistic
properties such as lexical frequency distribution
and semantic structure. This gap highlights the
need for domain-aware proxy construction methods
tailored to textual data and motivates our work on
leveraging lexical constraints and large language
models to build more effective proxy data in FD.

3 Preliminary

We take classification as an example. In the context
of a classification task under FL with K clients and
a central server, each clientk € {i = 1,2,..., K}



LLM-based Proxy Generation Domain-Aware Proxy Selection

ﬁiach client

Prompt template

You are an expert ...

You will carefully ...

Your task is to summarize...
Your generation should ...

The output must ensure ...

Select samples

Shared proxy data J

Without proxy data

o ————

Construct subset
N\

Local update

I ——
OO

If
|
|
: -» Back propagation
|

|
|
— Forward propagatlon :
|
|
|

~— > Knowledge distillation,

(
:LI_I_Jl‘-Ll_LLl' (Y
ICL LT L) Top-K samples

@1 client of top-K samples j

Server

—————— Global output Ensemble
T
S (Client1  ——————
§ Client 1 (a ?
] A : ||« <«
= e *— > > 1
B I !
> \ )
i \Private data \T———— ) Local output
)
=
o = N\
Client 2 ——————
v AT
o —a! | |« <
< i i
o) gu— q
g', \Private data .\ —————-) Local output
1 H
! (Client %~ -~~~ N
:——P /“: : [« <
| | — M e —
| |
\Private data e /Q Local output

Figure 1: The framework of DPS-FD.

locally keeps its own private labeled data Dy =
{( xy,y; )} that is isolated from others, where
z¥ e R4 and yF € {1,2,...,C} are the i-th in-
stance and its corresponding label, respectively, C'
is the number of classes, and Nj is the size of
private data. The objective is to train a globally
optimal model f,; parameterized by 6, through ag-
gregating client models fj, parameterized by 6y, in
a decentralized manner without exposing private
data on the server.

To mitigate the limitations of FL based on param-
eter exchange, FD leverages knowledge distillation
to exchange soft labels instead of model parameters
by introducing shared proxy data D,, = {(a? >}f¥1
for knowledge transfer between clients and the
server, where N, is the size of the proxy data.
Specifically, in each communication round ¢t € 7',
the server randomly selects the set of activated
clients £ C {1,2,..., K} based on a sampling
fraction € to participate in the FD training, where
|| = |e - K|. Each client K first trains its local
model on its own private data Dy, and the local
optimization objective is defined as follows:

9;: = arg Halin E(x,y)NDk [ECE(fk(xa ek)a y)]a (D
k

where Lcg(-) denotes the cross-entropy loss used
for local classification tasks, and [E denotes its ex-
pected value with respect to the local data distri-
bution Dj. The participating clients compute soft
labels on the proxy data D), and upload them to
the server. The server then aggregates these labels

using a weighting scheme proportional to the size
of each client local data to distill the global model.
The corresponding objective function is formulated
as:

Ny
wk:7’ N:[Nl,NQ,,N]C:I, (2)
[INTh
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where o(-) is the softmax function with temper-
ature 7 to control the smoothness of soft labels,
and Lgg is the Kullback-Leibler divergence used
to measure the distribution differences between the
server and the aggregated local models. Finally,
each client further distills its local model using the
KL divergence with the global soft labels predicted
by the global model on the proxy data D,,.

0 = arg Helin Eu, D, [LxL (hg(zp), hi(zp))]-
k
)
4 Method

We construct OOD benchmarks in natural language
processing tasks to investigate the challenges of FD
in real-world scenarios. Then, we propose DPS-
FD, a novel framework of Domain-aware Proxy
Selection for FD to address the OOD challenge by
reconstructing the domain-aware proxy data. Fur-
thermore, we introduce a vocabulary-constrained



LLM-based proxy generation strategy coupled with
the DPS mechanism to mitigate the OOD problems
of FD without proxy data.

4.1 OOD Benchmark Construction

To better understand the challenges of FD in real-
world scenarios, we investigate the role of proxy
data in OOD settings. Before introducing the
OOD setting, we first consider a multi-domain
non-IID configuration in natural language process-
ing, which accounts not only for label distribution
skew but also for the domain distribution of each
client (Xiao and Liu, 2025; Yang et al., 2023; Xiao
et al., 2024; Mao et al., 2025; Yan et al., 2025).
Specifically, each client keeps private data from a
distinct domain, and the label distribution across
clients is made heterogeneous by sampling accord-
ing to a Dirichlet Distribution with different o pa-
rameters. Building upon the multi-domain non-I1ID
setup, we simulate OOD settings by replacing the
original test set—composed of data from the client
domains—with a test set sampled from the domains
not seen by the clients. Both the private data and
the proxy data are sampled from an open-source
Amazon product review database.!

4.2 Domain-Aware Proxy Selection

As shown in Figure 1, in communication round ¢,
each client optimizes its local model using its la-
beled private data and utilizes the DPS mechanism
to reconstruct domain-aware proxy data and up-
loads the corresponding local outputs to the server.
The server aggregates the outputs and optimizes
the global model through knowledge distillation.
The global outputs given by the server are subse-
quently broadcast to all clients for local distillation,
enabling bidirectional knowledge transfer.

DPS enables each client £ to select the most rel-
evant domain samples from the proxy data D,, al-
lowing clients to transmit high-confidence, domain-
specific knowledge that enhances the robustness
of the global model, while the server selects glob-
ally representative samples to improve the gener-
alization of the global model. By taking the union
of these selected samples, we construct a domain-
aware proxy data D that serves as a more effective
and efficient knowledge transfer medium between
clients and the server.

In each communication round t € {1,...,T},
after local training on its private data Dy, client k

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

computes the centroid representation ¢y, of its do-
main, and the server computes the global centroid
¢y from the proxy data Dy as:
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where fi(z) and f,(z) denote the input x feature
representations of the local model and the global
model, respectively. For each proxy sample x; €
Dy, we calculate its cosine similarity with each
client centroid and the global centroid:

fk(mz; ek)

|| fre (35 0n)| HCkH
fo(@i; bg) - g

1 fg(i30g)| legll”

Each client and the server then select the top-K
proxy samples most similar to its domain represen-
tations, respectively:

simg (z;) =

(N

simg(x;) =

Py, = TopK ({zi € Dy | simy(z;)}),

P, = TopK ({z; € Dy | simg(z;)}). ©

Finally, the domain-aware proxy data used for
knowledge distillation is constructed as the union:

K
=JPup, )

k=1

This selection process is repeated in each commu-
nication round, ensuring that the proxy data dynam-
ically aligns with evolving domain representations
as the training progresses.

4.3 LLM-Based Proxy Generation

The global model benefits from additional knowl-
edge that helps align the client-specific distribu-
tions and facilitates more effective knowledge trans-
fer. High-quality proxy data provides a bridge for
the global model to capture patterns not fully repre-
sented in individual client private data, enhancing
both robustness to domain-specific variations and
generalization to unseen domains. In the absence
of proxy data, the global model has to rely solely
on local clients, which leads to weak alignment
among local distributions and reduced overall per-
formance.

To address the challenge of unavailable proxy
data in FD, we propose a vocabulary-constrained
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LLM-based proxy data generation strategy. As
shown in Figure 2, we first construct a vocabulary
from tokenizing real proxy data, which serves as a
constraint to ensure that generated samples adhere
to realistic lexical distributions and domain-specific
semantics. To effectively generate diverse and high-
quality proxy data, we adopt a few-shot prompting
strategy that consists of two complementary prompt
templates:

* System Prompts The system prompt de-
fines the overall role and objective of the LLM,
instructing it to act as a linguistic expert spe-
cialized in generating diverse, fluent, and con-
textually coherent product review texts tai-
lored for FL tasks.

* User Prompts The user prompt provides
few-shot representative samples drawn from
real environments as in-context demonstra-
tions.

To ensure linguistic consistency and data complex-
ity, we constrain the average sentence length to
approximately 90 words per generated text. As
shown in Figure 2, two-stage prompting design al-
lows the LLM to capture both global generation
intent and domain-specific semantics. 2

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

Model | & | aa b, ¢ h. s |cost(%)

with proxy data
FD-LP ‘ 80.7 ‘ 79.8 84.7 914 774 81.8 ‘ 100

FD-GP  |81.4|80.3 84.1 85.0 756 78.7| 100
DPS-FD |82.9(80.6 85.1 81.9 76.0 78.9| 98.3

without proxy data

FD-VC [782]75.0 80.5 73.9 68.4 72.7| 100
DPS-FD [81.0|77.0 82.4 765 70.0 75.1| 95.9
w/o VC|77.7]75.8 793 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.

S Experiments

We evaluate our proposed methods, DPS-FD along
with a vocabulary-constrained LLM-based genera-
tion under OOD both with and without proxy data.

5.1 Settings

We conduct experiments on a sentiment classifica-
tion task under heterogeneous client settings, con-
sidering both the presence and absence of proxy
data. To simulate OOD scenarios, data are sampled
by label within each domain from the Dirichlet
distribution with concentration parameters o =
{0.3,0.5,0.8,1.2,1.5} for clients, respectively, to
control the degree of heterogeneity.

Backbones We assign different pre-trained
language models to the 5 clients, namely
BERT-base-cased, BERT-large-cased,
RoBERTa-base, RoBERTa-large, and
XLNet-large-cased model, respectively, while
using RoBERTa-1arge as the global model for the

server.3

Data Clients keep local data from specific do-
mains, i.e., automotive (a.), baby (b.), clothing (c.),
health (h.), and sport (s.), respectively, while the
global distribution (g.) from all domains unseen by
the clients.

5.2 Training and Inference

We train the models for 5 communication rounds
with 3 local epochs per round, using an initial learn-
ing rate of 2e-5. AdamW is adopted as the opti-
mizer, with a maximum sequence length of 128 and

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 782 476 934 769 815

FD-GP 78.0 476 932 760 814

DPS-FD | 76.7 835 898 774 750
without proxy data

FD-VC | 763 476 940 733 717

DPS-FD 785 84.6 904 765 823

w/oVC | 752 821 913 700 728

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 to
5, corresponding to different numbers of domain-
specific data. For the proposed DPS-FD method,
we select the top 25k samples on each client and the
top 35k samples on the server to form the refined
proxy data. GPT-3.5-turbo is used as the LLM
in the LLM-based generation strategy. We use an
NVIDIA GPU with 24 GB memory for training
and inference.

5.3 Baselines

We evaluate the proposed DPS-FD framework
against a series of baselines to thoroughly investi-
gate the impact of proxy data and the effectiveness
of our approach under OOD settings.

¢ FD-LP refers to the standard FD method (Lin
et al., 2020), which uses proxy data consisting
only of samples from the client domains.

* FD-GP uses global proxy data composed of
samples from all domains that are unseen by
the clients.

* FD-VC leverages a vocabulary-constrained
LLM-based generation strategy to synthesize
proxy data without proxy data.

* DPS-FD is our proposed model, applying
DPS on FD with global domain proxy data,
with proxy data generated by a vocabulary-
constrained LLLM, and with proxy data gener-
ated by an unconstrained LLM.

5.4 Results

Table 1 and 2 shows the results of the global server
model and the local client models, respectively, on
our proposed model and several baseline models.

Proxy Data Influence As shown in Table 1, the
global model of FD-GP outperforms that of FD-
LP, indicating that global-domain proxy data, com-
pared to local-domain proxy data, can more ef-
fectively mitigate distribution shifts under OOD
settings.

» With proxy data, our proposed DPS-FD
achieves superior performance across both
global and local domains except for "clothing"
domain. By incorporating the DPS, clients
and the server dynamically identifies and uti-
lizes proxy samples that better align with
the distributions of local and global domains.
DPS effectively filters out noisy or irrelevant
samples, leading to high-quality proxy data
that enable more effective and efficient knowl-
edge transfer, demonstrating the effectiveness
of DPS with proxy data.

* Without proxy data, DPS-FD outperforms
DPS-FD without vocabulary-constraint by
approximately 3.3%, demonstrating that
vocabulary-constrained LLM generation pro-
duces higher-quality proxy data. We claim
that high-quality proxy data can greatly im-
prove the performance of the global model in
FD. Moreover, DPS-FD substantially outper-
forms FD-VC, indicating that DPS remains
effective even with synthetic proxy data.

Local Models Table 2 shows F1 scores of each
local model evaluated on their own local test set.
Existing methods perform poorly on local distribu-
tion of the "baby" domain, achieving only 47.6%
F1 scores, whereas our proposed DPS-FD substan-
tially achieves the improvements on the local test
set. DPS effectively mitigates the interference from
other domains and improve the performance of
local models within their own domains by filter-
ing out noise and irrelevant proxy samples. This
demonstrates that DPS-FD not only enhances the
global model on server but also somehow enhances
the local model on clients.

Communication Cost To facilitate a fair com-
parison, we normalize the communication cost of
the traditional FD method to 100% as a baseline.
As shown in the column cost of Table 1, DPS-FD
achieves a slight yet meaningful reduction in com-
munication cost from 100% to 98.3% with proxy
data and from 100% to 95.9% without proxy data.
The overall cost is determined by the number of



Model | g | a b. ¢ 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 85.1 819 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/ oroxy data (15k, 15k) 826  89.8

proxy (25k, 35k) 829 983

w/o proxy data (15k, 15k) 80.7 783

proxy (25K, 35k) 81.0 963
10 Clients

W/ oroxy data (15k, 15k) 842 959

proxy (25K, 35Kk) 840  99.8

w/o broxy data (15k, 15k) 814 803

proxy (25k, 35k) 827 936

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

clients I, the proxy data size |Dp|, and the num-
ber of communication rounds 7', and is typically
expressed as (K< + 1) - |Dp| - T'. By constructing a
domain-aware proxy data | D% |, DPS-FD improves
model performance and reduces unnecessary com-
munication by selecting representative samples that
capture the distribution of each domain.

5.5 Comparisons with SOTA Models

As shown in Table 3, our proposed DPS-FD signifi-
cantly outperforms existing FD methods, including
DS-FL (Itahara et al., 2023), MHAT (Hu et al.,
2021), and FedKD (Wu et al., 2022), in terms of
global distribution performance with proxy data.
This demonstrates not only superior robustness and
generalization capabilities across heterogeneous
client distributions, but also highlights the effec-
tiveness of our domain-aware proxy selection in al-
leviating distribution shift and knowledge misalign-
ment. Moreover, DPS-FD achieves this improved
performance while reducing communication costs
compared to DS-FL and MHAT, benefiting from
a effective knowledge exchange process, except
for FedKD, which adopts a one-shot distillation
paradigm.

6 Discussion and Analysis

We take the analysis on the performance of DPS-
FD in effect of the number of client, top-K selec-

=
2
= 82
X2 g
& 5
= | n
& 807 81 —
O

< - 8L - 80

15 20 25 30 35
Server Top-K (k)

Figure 3: F1 scores varies with the top-K selections of
the clients and server

tion, and quality of proxy data.

6.1 The Number of Clients

To investigate the effect of client number on train-
ing of the global model, 5 additional clients are
introduced and assigned data of beauty, patio,
pet, shoes, and software domains from the open-
source Amazon product review database, using
BERT-base-cased as the local model.

As shown in Table 4, both with and without
proxy data, the global model performance on the
global distribution improves significantly as the
number of participating clients increases. The im-
provement can be attributed to the increased di-
versity of domain data introduced by increased
clients. As more heterogeneous domains partic-
ipate in training, the global model is exposed to a
broader spectrum of feature distributions and se-
mantic variations, enabling it to learn more domain-
invariant representations. This diversity reduces
sensitivity of the global model to domain-specific
biases, enhancing its generalization and robustness
under OOD distribution shifts.

6.2 Top-K Selection

In DPS-FD, the choice of the top-K most similar
samples selected by the client and the server plays
a crucial role, as it directly affects the trade-off
between model performance and communication
cost. We vary the number of selected samples on
the client side as {10k, 15k, 20k, 25k} and on the
server side as {15k, 20k, 25k, 30k, 35k} under the
setting with proxy data.

As shown in Figure 3, different top-K combi-
nations lead to noticeable variations in the global
model performance. The configurations (15k, 15k)
and (25k, 30k) achieve strong suboptimal perfor-
mance of 82.6%, indicating that comparable ac-
curacy can be maintained with reduced commu-
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under vocabulary-constrained (top) and unconstrained
(bottom) settings, represented in the TF-IDF reduced
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nication cost. As shown in Table 4, with proxy
data, the (15k, 15k) configuration yields a substan-
tial reduction in communication cost while main-
taining comparable global model performance. In
particular, the communication overhead decreases
by 9.5% when 5 clients are involved. Addition-
ally, without proxy data, the same (15k, 15k) set-
ting achieves an even greater reduction in com-
munication cost by 18% and 13.3% respectively,
demonstrating that moderate top-K selections on
both client and server sides can effectively balance
model performance and communication efficiency
under different data availability.

6.3 Quality of Proxy Data

We take the insight analysis on vocabulary con-
straints for the quality of proxy data generated by
LLMs. We compare two generation strategies: with
vocabulary constraints and without constraints. We
tokenize the real data to construct a global vocab-
ulary and enforce the LLM to generate samples
using only the words in vocabulary. The uncon-
strained LLM directly generates samples based on

same prompts without vocabulary constraints.

By constraining the vocabulary during LLM-
based generation, we effectively intervene in the
lexical choice process, guiding the generated sam-
ples toward a distribution aligned with real-world
data. This targeted intervention reduces spurious
lexical variations and enhances the semantic rel-
evance and consistency of the generated samples.
Furthermore, as showed in Figure 4 (top), the dis-
tribution of proxy data generated under vocabulary
constraints is significantly closer to that of the real
proxy data, demonstrating the effectiveness of our
posed vocabulary constraints.

Additionally, the unconstrained generation strat-
egy allows the LLM to produce samples solely
based on the system and user prompts, without any
explicit lexical guidance. As shown in Figure 4
(bottom), the distribution of proxy data generated
without constraints can be highly arbitrary, devi-
ating substantially from the distribution observed
in real proxy data. This randomness introduces
spurious lexical variations and reduces semantic
alignment, which can in turn limit the effectiveness
of the generated samples for distillation. Uncon-
strained generation produces proxy samples that
are linguistically plausible but semantically irrele-
vant or inconsistent, and applying vocabulary con-
straints during LLLM-based proxy data generation
reduces the likelihood of such undesirable sam-
ples. Together with the results of Table 1, the im-
provement observed under vocabulary constraints
highlights the importance of controlling lexical dis-
tributions to ensure that proxy data are semantically
meaningful and relevant to global domain.

7 Conclusion

In this paper, we propose domain-aware proxy se-
lection that constructs a representative proxy data
by jointly considering client-specific and global
domain samples to better adopt the proxy data for
OOD problems in FD. Additionally, to address the
absence of proxy data, we introduce a vocabulary-
constrained LLM-based proxy data generation strat-
egy, which mitigates the generation of linguistically
plausible but semantically irrelevant or inconsistent
samples. By incorporating the proxy selection strat-
egy with the generation strategy, DPS-FD enhance
the robustness and generalization of FD both with
and without proxy data. Our experimental results
demonstrate that our models outperform existing
methods under OOD settings.



Limitations

Our method relies on LLMs to synthesize proxy
data. LLM-generated data are less reproducible
and incur higher API costs and longer response
time. We only simulate 5 and 10 clients in our
experiments, and we believe that using more clients
would be more effective. We take classification as
a representative example in this work, and need to
conduct more comprehensive validation.
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A Prompts

The following prompt templates are used to guide
the LLM in generating proxy data.

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:

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.
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Algorithm 1: Domain-Aware Proxy Selec-
tion
Input: labeled private data { Dy }5_;
unlabeled proxy data D,; global
model 6,; local models {04 }5_;;
communication rounds 7’
Output: global model 0,
if D, then
‘ Use the real proxy data D,, ;

else
Generate a synthetic proxy data D,

using LLM-based generation strategy ;

end
for each communication round
t=1,2...,Tdo
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)(3) ;
end
Server executes:
Select the global domain proxy data via
Eq. (6)(7)(3) ;
Construct a domain-aware proxy data
D;; via Eq. (9);
Update the global model on D} via
Eq. 4 ;
Client executes:

for each client k in parallel do
Update the local model on D) via

Eq. (5);
end

end

B Algorithm of Domain-Aware Proxy
Selection

Algorithm 1 summarizes the overall workflow of
DPS-FD and details how the proposed domain-
aware proxy selection is incorporated into the FD
process.
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