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Abstract

Federated Learning (FL) has emerged as a privacy-preserving framework for train-
ing models on data generated at the edge. However, the heterogeneity of data silos
(e.g., label skew and domain shift) often leads to inconsistent learning objectives
and suboptimal model performance. Inspired by the data-driven approach, we
propose Flick, a novel data generation framework for heterogeneous Federated
Learning with Commonsense Knowledge from Large Language Models (LLMs).
In Flick, the client performs the local data summary to capture client-specific
knowledge in textual form. The central server then distills task-relevant, high-
quality knowledge from the out-of-the-box LLM – guided by cross-client-specific
insights – to generate informative text prompts. These prompts direct a generative
model in producing synthetic data, enabling global model fine-tuning and local
data compensation. This process gradually aligns the label and feature distributions
across clients. Extensive results on three datasets demonstrate that Flick improves
the global model accuracy by up to 11.43%, and accelerates convergence by up to
12.9×, validating its effectiveness in addressing data heterogeneity. The code can
be found at https://github.com/Ran-ZHU/Flick.

1 Introduction

With the proliferation of mobile devices equipped with sensing capabilities, edge-generated data
has unlocked new opportunities for cyber-physical services. Meanwhile, advances in computing
and networking at the edge have driven the adoption of edge computing, where deploying deep
learning models near data sources enables agile and efficient AI applications within distributed
systems [1–3]. In this context, Federated Learning (FL) has emerged as a key paradigm that enables
collaborative model training on decentralized data while preserving data privacy [4–6]. FL proceeds
in communication rounds, where participating devices (clients) perform several steps of Stochastic
Gradient Descent (SGD) on local data and send the updated models to a central server for aggregation
into a global model. A commonly used algorithm is FedAvg [5], which alternates between local
updates on clients and global parameter aggregation among clients by a central server. However, the
performance of the global model is often hindered by the non-identically and/or non-independently
distributed (non-IID) nature of data silos across clients. Specifically, when data distributions are
heterogeneous – due to class imbalance or domain shifts (e.g, sketch vs. photo) – clients may learn
inconsistent objectives. This leads to slower convergence and reduced generalization in the resulting
global model (Figure 1(left)).

To solve this problem, previous works proposed solutions such as 1) modifying loss functions for local
models [7–10], 2) re-weighting central aggregation for the global model [11–13], or 3) using adaptive
hyper-parameters for local training [14–16]. However, since the local objective is only computable on
clients, those model-driven methods that align the global optimum with local (surrogate) objectives
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Figure 1: Problem (left �gure): Heterogeneous data across clients–speci�cally label skew and
domain shift–leads to cross-domain variance and inferior overall accuracy, rendering the degraded
global model in FL.Solution (middle �gure): In data-drivenapproaches, most existing frameworks
compensate for heterogeneous data by generating samples locally. However, a server-based generation
framework offers the potential to run computationally intensive image generation models, thus
providing high-quality synthetic samples.Flick 's Gain (right �gure): Flick improves the test
accuracy by a large margin while requiring fewer generated samples.

cannot fundamentally eliminate the model bias caused by heterogeneous local data. A few recent
works aiming at addressing this issue are based ondata-drivenmethods by utilizing generative models
– either on the server or client side – to produce pseudo samples or synthetic data for �ne-tuning
the global model or enriching local datasets, which requires sensitive information shared between
clients and the server such as local data distribution, a small portion of local data or a large number
of data features [17–20]. These approaches raise severe privacy concerns. On the other hand, many
frameworks [18, 21–23] perform generative models directly on the client side to avoid transmitting
privacy information to the server. While this allows for ef�cient data augmentation tailored to locally
observed data, only client-speci�c augmentation remains insuf�cient for addressing domain shift
challenges. Also, the effectiveness and ef�ciency of local generation are inherently constrained by the
limited scope of knowledge and computational resources of clients. We ask the following question:

Can we design a generative framework utilizing limited low-sensitivity cross-client knowledge and
task-relevant commonsense of LLMs to quickly promote FL's performance under data heterogeneity?

In this paper, we proposeFlick , a novel server-side data generation framework to mitigate data
heterogeneity, with a particular focus onlabel skewanddomain shift. Flick, in a nutshell, provides
a novel design to distill client-speci�c knowledge while leveraging Large Language Models (LLMs) –
as an extra informative source – to instill task-relevant commonsense knowledge into data generation.
The synthetic data is then used to re�ne both local data silos and the global model. Speci�cally,
at the beginning of each communication round, the participating client selectively captions the
local samples using a pre-trained image-to-text model [24] and reports the local summaries (in the
form of token sequences) to the server. This process extracts and converts salient yet sensitive
local information into a relatively low-sensitive textual format. The central server inFlick then
employs a carefully designed prompt template to instruct an out-of-the-box LLM in analyzing local
information (referred to as cross-client-speci�c knowledge) while incorporating the LLM's inherent
commonsense knowledge to produce informative text prompts. These text prompts are subsequently
fed into an image-generation model, bene�ting from the powerful computational resources to run
a computationally intensive model on the server side, and thus can generate high-quality synthetic
samples. These data points serve two key purposes: 1) the server sends the generated samples
back to the clients to compensate for heterogeneous data silos, and 2) the server �ne-tunes the
aggregated global model on the generated samples. These designs distinguishFlick from existing
data augmentation methods. For the gain (Figure 1(right)),Flick improves the global model accuracy
by up to 8.1% compared to local augmentation with the same amount of generated samples, and the
global model inFlick achieves comparable accuracy to local augmentation while the latter requires
6.3� generated samples. We attribute this performance gap to the effective distillation of task-relevant
commonsense knowledge from LLMs, which is further facilitated by cross-client-speci�c insights. In
summary, we make the following key contributions:

• We design Flick, a framework to enhance FL's performance on non-IID data by blending local
and server-generated samples. It integrates low-sensitive cross-client-speci�c knowledge and
LLMs' commonsense knowledge, enabling clients to progressively acquire unbiased data in
both label and domain aspects.
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• We design a local summary method to encode client-speci�c knowledge into token sequences to
facilitate task-speci�c data generation at the server. The generated samples serve two purposes –
local data compensation and global model �ne-tuning – to enhance FL's overall performance.

• Extensive evaluations on three datasets demonstrateFlick signi�cantly enhances FL's perfor-
mance, achieving up to 11.43% higher model accuracy and 12.9� faster convergence. Moreover,
our study highlightsFlick as a �exible pipeline adaptable to various LLMs and image-generation
models.

2 Related Work

Existing works to solve heterogeneous FL can broadly be classi�ed as model-driven and data-driven.

Model-driven Heterogeneous FL.Model-driven methods seek to mitigate the diverse model updates
caused by inconsistent local objectives through modi�cations to the loss function, robust aggregation
methods, or adaptive hyper-parameter settings. For the skewed label distribution, some works [7–9]
introduce penalty terms into the local loss function. Alternatively, FedNova [12] re-weights the
local updates during central aggregation, while FedOpt [13] and FedAvgM [11] take aggregation
as an optimization problem and apply various optimizers to average the updates. In terms of
domain shift, FedHEAL [25] selectively aggregates weight parameters based on their importance
to performance improvement, and FedBN [26] excludes the parameters of batch normalization
layers from aggregation. Futhermore, concurrent frameworks also adapt hyper-parameters across
communication rounds to solve the data heterogeneity issue, such as learning rate and weight decay
for SGD solvers [16] or the proportion of participating clients [15].

Data-driven Heterogeneous FL.In data-driven paradigms, auxiliary data/pseudo samples are
synthesized via generative models deployed on either the client or server side, which are leveraged
to re�ne the global model or augment local training distribution. Based on the entity generating
data, works can be categorized into local generative and server generative approaches. In local
generative methods, clients typically maintain a local generator that is periodically updated. For
instance, the conditional Generative Adversarial Network (GAN) in FAug [17] and the Conditional
AutoEncoder (CVAE) in FedDA [18]. The Gen-FedSD [22] and ReGL [23] generate synthetic data
more directly by feeding a local Stable Diffusion (SD) model with textual prompts from prede�ned
templates. Alternatively, FRAug [21] performs augmentation in the feature embedding space rather
than in the input space. In server generative methods, such as FedFTG [19] and DynaFed [27],
pseudo-samples are generated based on knowledge distilled from the global model. FGL [20]
shares a similar motivation withFlick, as both use client-side information to guide server-side data
generation. However, FGL requires clients to caption all local images, incurring substantial overhead
and exposing sensitive information such as local data distributions. It also relies on large volumes
of synthetic data for global model �ne-tuning, increasing computational cost. In contrast,Flick
minimizes the client-side effort during the local summary phase, while achieving ef�cient data
generation by integrating cross-client-speci�c insights with commonsense knowledge distilled from
out-of-the-box LLMs.

3 Flick Design

In FL, the server searches for the optimal global modelW � by aggregating local updates from a set
of clientsJ , iterating overN 2 N communication rounds. In roundn 2 [N ] ([N ] = f 1; � � � ; N g),
a subset of clientsJ n � J perform SGD on their local datafD j gj 2J in parallel whereD j =
f (xk

j ; yk
j ) 2 Rd � NC jk 2 [jD j j]g, with d, C (number of classes) representing the dimensions of

input and output space. The global objective functionL (W) is the weighted sum of local objectives:

W � = arg min
W

L (W) = arg min
W

X

j 2J

pj L D j (W); (1)

where the weights for local objectivesfL D j (W)gj 2J satisfy
P

j 2J pj = 1 ; the fraction of local
samplespj = jD j j=

P
j 2J jD j j. Speci�cally, the local objective ofj -th client is the empirical loss

over the local data, that is,L D j (W) =
P

(x;y )2D j
l (W; x; y)=jD j j wherel is the loss function.
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Figure 2:Flick overview: it bootstraps participating clients to summarize their local data, distilling
client-speci�c knowledge into low-sensitivity tokens. The central server uses an out-of-the-box LLM
to analyze local summaries and instill inherent commonsense knowledge into generated text prompts.
A text-to-image model then produces synthetic samples, which are used in two ways: to compensate
for the local datasets of clients and to �ne-tune the aggregated global model.

In the context of data heterogeneity, the local data distributionD j � P j (x; y) differs between
clients, meaningPj 1 (x; y) 6= Pj 2 (x; y), 8j 1; j 2 2 J ; j 1 6= j 2. Following the taxonomy of non-
IID data in [28], we rewritePj (x; y) asPj (xjy)Pj (y). In this paper, we focus on two types of
data heterogeneity: label skew and domain shift, where the marginal distributionPj (y) and the
conditional distributionPj (xjy) may vary across clients, respectively. To address this problem,
we proposeFlick, a data-drivenapproach where the central server generates new data points~Dn

j
for each participating clientj 2 J n . In this way, the local data is progressively updated over
communication rounds, such thatDn

j = Dn � 1
j [ ~Dn

j . For the stale clientj 62 Jn , the local dataset
remains unchanged, i.e.,Dn

j = Dn � 1
j . The data across clients progressively approaches an IID

condition, wherePj 1 (xjy) ' P j 2 (xjy) andPj 1 (y) ' P j 2 (y) with 8j 1; j 2 2 J ; j 1 6= j 2. All
notations used throughout this paper are summarized in the Appendix A.

3.1 Flick Overview

The overall framework ofFlick is illustrated in Figure 2.Flick introduces two additional phases
into the FL work�ow: local summary and data generation. Clients �rst summarize their local
data by selectively captioning samples. The server then generates new data points by analyzing
the collected captions using an LLM guided by a designed prompt, fusing client-speci�c insights
with commonsense knowledge embedded in the LLM. Generated samples are stored in a server-
maintained data pool, which supports both global model �ne-tuning and local data compensation.
Flick is designed to ensure effective data generation and ef�cient utilization of synthetic data, aiming
to enhance global performance and convergence. However, designingFlick is non-trivial: 1) the
server requires clients to report information about local data, raising potential privacy concerns; 2)
data generation has to balance the sample quality and sample quantity within limited budgets (e.g.,
maximum generation cost, generation latency), necessitating careful prompt design and generative
database management; 3) two types of generated sample usage are complementary and equally
important for improving global model performance: progressively providing clients with additional
samples to approach the IID condition yields long-term bene�ts while �ne-tuning the global model
provides a more straightforward yet slight improvement. Detailed designs are presented in the
following sections.

3.2 Local Summary Phase

In roundn, clientsJ n initialize their models with the latest global weightsW (n; 0)
j = W n � 1, and per-

form � j 2 Z+ steps of SGD on the local dataDn � 1
j : W (n;� j )

j = W n � 1� �
P � j � 1

k=0 rL B ( n;k )
j

(W (n;k )
j ),

whererL B ( n;k )
j

(W (n;k )
j ) is stochastic gradient over a mini-batchB(n;k )

j � D n � 1
j at stepk 2 [� j ]. �
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Figure 3: Illustration of the data generation phase: by feeding the designed prompt containing cross-
client-speci�c knowledgeT n , the server obtains the text prompts for data generation in thei -th class
(e.g., dog) from the LLM output. To reduce generation cost,Flick �rst retrieves historical samples
from the server-held data pool based on the Sentence-BERT (SBERT) embeddings [36] similarity
between the LLM-generated and historical text prompts. For remaining text prompts that fail to �nd
matches in the historical data, the server uses a generative image model to produce synthetic samples.

is the learning rate. The post-training summary phase extracts client-speci�c knowledge from local
data, providing the server with references for data generation. To achieve this, each participating client
selects representative samples and uses an image-to-text model as a caption generator to transform
samples into low-sensitivity textual information, which is then of�oaded to the server.

Sample Selection.To minimize the privacy risk and local captioning overheads, the representative
samplesD̂n � 1

j � D n � 1
j of thej -th client for captioning should be limited in size, while still ensuring

coverage of all classes held by the client. In this way, we propose a loss-based sample selection
strategy where samples are chosen based on their informativeness for the updated modelW (n;� j )

j .
Speci�cally, clientj calculates the class-wise loss of the local model across the holding classesCn � 1

j :

ln
j;c =

1

jD n � 1
j;c j

X

(x;y )2D n � 1
j;c

l (W (n;� j )
j ; x; y); (2)

whereDn � 1
j;c refers to the set of local samples in the classc, andDn � 1

j =
S

c2C n � 1
j

Dn � 1
j;c . We de�ne

the average class-wise loss as�ln
j =

P
c2C n � 1

j
ln
j;c =jCn � 1

j j.

The sample selection follows the criteria: for each classc 2 Cn � 1
j , if the class-wise lossln

j;c � �ln
j , we

select the sample fromDn � 1
j;c with the largest loss in that class. Conversely, ifln

j;c > �ln
j , we select the

sample with the smallest loss. The rationale behind this is that, for classes where the updated model
performs above average, we choose the sample with the largest loss, as it has a signi�cant in�uence
on model training [29]. For classes where the model has inferior performance, selecting the sample
with the smallest loss ensures that the representative samples are less likely to be noisy or distorted.

Sample Captioning.Each clients extracts a set of representative samplesD̂n � 1
j for captioning. As

the text generation task, the learning-based image captioning provides natural language descriptions
for visual content using the encoder-decoder model structure [30–32]. Among existing methods,
we employ VLP model [33, 24, 34] pre-trained on large-scale image-text pairs for local captioning.
Each client feeds imageŝDn � 1

j into the VLP model for inference, generating a set of output token
sequences~T n

j , which are captions for corresponding representative samples.

Privacy Consideration. Compared to frameworks where clients of�oad raw local data or latent
features to the server [17, 18], Flick has a privacy-conscious design for the local summary, adhering
to the data minimization and anonymization principles de�ned in work [35]. Speci�cally, it offers a
minimally invasive method by selectively captioning a small subset of representative local samples
into token sequences, providing the server with essential yet low-sensitive information for data
generation. We also conduct the privacy assessment of the local summary design in Appendix E.
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3.3 Data Generation Phase

In roundn, the central server collects locally updated modelsfW (n;� j )
j gj 2J n and token sequences

of local representativesf ~T n
j gj 2J n . The server aggregates local updates for a global model�W n =

1P
j 2J n jD j j

P
j 2J n jD j jW (n;� j )

j . In parallel, the server decodes the token sequences~T n
j into the

text captionsT n
j and pools them intoT n =

S
j 2J n T n

j . Based on the analysis ofT n supported

by LLMs, the server provides clients with new data pointsf ~Dn
j gj 2J n , where ~Dn

j = f (xk
j ; yk

j ) 2
Rd � NC jk 2 [j ~Dn

j j]g, to compensate for local data distribution by blending each local datasetDn � 1
j .

Simultaneously, the server �ne-tunes the aggregated global model with generated samples to update
the model weights from�W n to W n .

Generative Data Pool.The server inFlick maintains a generative datasetGs = f (xk
s ; yk

s ; mk
s )jk 2

[jGs j]g to pool the pairs of data points(xs; ys) along with corresponding text promptsms used to
generate each data point. Speci�cally, by feeding text prompts into a generative modelf W G , for
instance, a latent diffusion model (LDM) [37], the server generates synthetic samplex = f W G (m)
in the classy. The server-held datasetGs is tightly coupled with the data generation process by using
it in three ways: as a validation dataset for evaluating local updates on task-speci�c classes, as a
database for retrieving historical samples, and as a �ne-tuning dataset for global model enhancement.
Compared to previous frameworks [38–40] constructing the public/auxiliary dataset residing in the
server,Gs differs in two aspects: 1) the public dataset typically requires either web-sourced data
or soliciting data from paid anonymous workers, whereasGs in Flick is entirely self-contained and
generated from scratch; 2) server-side datasets in previous work are usually static whileGs is dynamic
and evolves over the communication rounds by updating with new samples.

Algorithm 1: Data generation and usage.
input : CaptionsT n ; Local updatesfW j gj 2J n ;

Sever-held datasetGn � 1
s ; ThresholdsTv , Ts ;

Generative modelf W G ; BudgetG.
output : Fine-tuned global model weightsW n ;

Compensated local datasetfD j gj 2J n .

Server Executes Data Generation:
/* obtain decision matrix */

1 Val C �jJ n j  validatefW j gj 2J n onGn � 1
s

2 D n
C �jJ n j  1(Val � Tv )

3 M n
s  extract historical text prompts inGn � 1

s
4 for i = 1 ; 2; � � � ; C do
5 if

P
j 2J n D i;j > 0 then

/* obtain text prompts */
6 M n

i  feed LLM prompt (T n ; G; i )
7 Sim  pair-wise similarity (M n

i , M n
s )

/* retrieval-based samples */
8 (M 0n

i ; M 0n
s )  1(Sim � Ts )

9 D ( n;i )
retr  samples fromGn � 1

s by M 0n
s

/* generation-based samples */

10 D ( n;i )
gen  feedf W G text promptsM n

i n M 0n
i

11 Dn
i  D ( n;i )

retr [ D ( n;i )
gen

/* local data compensation */
12 for j 2 J n do
13 ~Dn

j  
S

i 2 [C ] Dn
i � 1(D i;j = 1)

14 Dn
j  send ~Dn

j to clientj executingDn � 1
j [ ~Dn

j

/* global model fine-tuning */
15 Gn

s  update server-held dataset by
S

i 2 [C ] Dn
i

16 W n  �ne-tune global model byGn
s

Synthetic Data Generation To gener-
ate the task-required samples, the server
�rst determines class-level data require-
ments for each client based on valida-
tion accuracy of local models on the cur-
rent server-side datasetGn � 1

s , as shown
in Algorithm 1(line 1-2). We use matrix
D n 2 NC �jJ n j to record decisions inn-
th round, where the entryD i;j 2 f 0; 1g
in thei -th row andj -th column indicates
whether supplementing clientj with sam-
ples of classi . The value ofD i;j de-
pends on the performance of local model:
D i;j = 1 when the validation accuracy

of W (n;� j )
j on classi is below the prede-

�ned thresholdTv , suggesting that client
j would bene�t from additional samples
of classi to improve local training, and
D i;j = 0 otherwise.

The server then generates samples for
classesI n = f i ji 2 [C];

P
j 2J n D i;j >

0g. The generation procedure follows
three steps: 1) Given a generation budget
G (equal for each class), an out-of-the-
box LLM generates text promptsM n

i =
f mk

i jk 2 [G]g following the designed
prompt shown in Figure 3. The prompt
template instructs LLM in extracting in-
formation from the provided cross-client-
speci�c knowledgeT n while instilling in-
herent commonsense knowledge to pro-
duce informative text prompts for thei -th class. 2) To reduce generation overheads, the server
retrieves historical samples from the data poolGn � 1

s by comparing the similarity between generated
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text promptsM n
i and pooled text promptsM n

s = f mk
s jmk

s 2 Gn � 1
s g. We calculate the cosine

similarity of Sentence-BERT (SBERT) embeddings [36] for each pair of text prompts fromM n
i

andM n
s . For the text promptsM 0n

i � M n
i where the highest pairwise similarity with historical

text promptsM 0n
s � M n

s exceeds a prede�ned thresholdTs, the server includes the corresponding
data pointsD (n;i )

retr = f (xk
s ; yk

s )j(xk
s ; yk

s ; mk
s ) 2 Gn � 1

s ; mk
s 2 M 0n

s g, thereby avoiding the need to
generate new samples. 3) For the remaining text promptsM n

i n M 0n
i , the server employs an image

generatorf W G (�) to synthesize new data pointsD (n;i )
gen = f (f W G (mk

i ); yk
i )jmk

i 2 M n
i n M 0n

i g. In
this way, the server provides each classi 2 I n with samples obtained by either retrieval or generation:
Dn

i = D (n;i )
retr [ D (n;i )

gen . Algorithm 1(line 5-11)describes the overall data generation process. More
data generation details, including synthetic samples, are provided in Appendix G.

3.4 Generated Data Usage

The server uses the generated samples in two ways: for global model �ne-tuning and for local
data compensation, as described in Algorithm 1(line 12-16). The server sends the corresponding
generated samples toj -th client: ~Dn

j =
S

i 2I n Dn
i � 1(D i;j = 1) , where1(�) is the indicator function.

Each client then compensates for its local data distribution by updatingDn
j = Dn � 1

j [ ~Dn
j , 8j 2 J n .

In parallel,Flick updates the server-held data poolGn � 1
s by replacing the stale samples with latest

generated samples
S

i 2I n Dn
i , keeping the dataset size constant. The server then uses the updated

datasetGn s to �ne-tune the aggregated global model, updating the weights from�W n to W n .

4 Experiments

4.1 Experimental Setup

Datasets and Models.We extensively evaluateFlick on the multi-domain image classi�cation task,
where data of different domains exhibit heterogeneous appearances but share the same labels. We
use three datasets:(1) PACS [41], consisting of 9,991 images in 7 classes across the following
four domains:Photo, Art Painting, Cartoon, and Sketch; (2) Of�ce-Caltech [42], containing 10
overlapping classes between the Of�ce dataset [43] and Caltech256 dataset [44], with data from
four domains:Amazon, Caltech, DSLR, and Webcam; (3) DomainNet[45], a large-scale benchmark
covering six domains: Clipart, Infograph, Painting, Quickdraw, Real, and Sketch, each originally
containing 345 object classes. Following prior work [20, 26, 46], we construct a subset of DomainNet
by selecting the top 10 most common classes for our experiments.

In our experiments, we simulate federated settings with heterogeneous data distributions. For the
PACS dataset, we use 20 clients, and for Of�ce-Caltech, we adopt 8 clients. Data from each
domain is partitioned into 5 (PACS) or 2 (Of�ce-Caltech) subsets using a Dirichlet distribution with
concentration parameter� = 0 :1 and� = 0 :05, respectively. To evaluate the scalability ofFlick
in large-scale federated settings, we further conduct experiments on the DomainNet dataset with
100 clients, where 20% are randomly selected to participate in each communication round. Each
domain is split into 15 or 17 subsets using a Dirichlet distribution with� = 0 :1. Across all three
datasets, each client receives data from a single domain with a skewed label distribution, effectively
simulating real-world scenarios characterized by both domain shift and label skew. Following prior
works [21, 25, 47], we employ ResNet-18 as the shared model architecture for PACS and DomainNet,
and ResNet-10 [48] for Of�ce-Caltech across all compared methods.

Baselines and Metric.Our evaluation is based on four baselines: the vanilla FedAvg [5] and three
model-driven methods– FedProx [9], FedDyn [49], and FedNAR [16]–designed for heterogeneous
FL. Building upon each baseline, we incorporateFlick and compare it withsevencounterparts:
methods tailored to mitigate domain shift such as FedBN [26] and FedHEAL [25]; and generative
methods including DynaFed [27], FedFTG [19], and FGL [20] (server-side), as well as FRAug [21]
and Gen-FedSD [50] (client-side). We run all methods three times per setup and report the average
and standard deviation ofTop-1 accuracy. Model convergence is assessed by the round-to-accuracy
performance (#Round) de�ned as the number of rounds required to reach the target accuracy (i.e., the
best accuracy of baseline methods). As a generative method, we also report statistics on generated
data points, including the number of samples at the target accuracy (#Sample) and the total generated
samples over all rounds (#Total Sample). Evaluation on the temporal scale is provided in Appendix D.
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Table 1: Global model accuracy (%) under both domain shift and label skew. AVG denotes the
average accuracy across all domains, and� indicates the accuracy gain compared with vanilla
methods.Bestin bold. Acronyms in the PACS dataset: Photo (P), Art Painting (A), Cartoon (C), and
Sketch (S); In the Of�ce-Caltech dataset: Amazon (A), Caltech (C), DSLR (D), and Webcam (W).

PACS Of�ce-Caltech
Methods

P A C S AVG � " #Round# A C D W AVG � " #Round#

FedAvg[5] 73.54 86.37 84.82 87.49 83.06� 1.19 - 142 68.52 62.44 79.46 72.92 70.84� 1.31 - 135
+FedBN [26] 80.70 84.82 90.33 90.29 86.54� 0.45 3.48 81 66.58 62.89 82.14 80.83 73.11� 0.71 2.27 135
+FedHEAL [25] 85.19 86.91 93.45 85.96 87.88� 0.14 4.82 50 73.23 63.56 79.76 80.56 74.28� 0.96 3.44 48
+DynaFed [27] 74.39 85.03 87.95 89.34 84.18� 1.46 1.12 79 78.91 62.45 72.10 72.34 71.45� 0.72 0.61 99
+FedFTG [19] 75.61 89.81 88.10 88.64 85.54� 0.17 2.48 90 72.69 62.89 72.10 64.00 67.92� 0.80 -2.92 -
+FGL [20] 88.96 87.69 97.62 85.09 89.84� 0.60 6.78 22 67.36 62.22 85.71 80.00 73.82� 1.72 2.98 45
+Flick 91.99 94.59 97.74 93.91 94.49� 0.10 11.43 11 75.82 64.00 96.43 77.78 78.51� 0.56 7.67 37
FedProx[9] 74.82 87.53 86.98 87.69 84.25� 1.17 - 142 65.93 60.11 79.46 76.25 70.44� 0.68 - 135
+FedBN [26] 77.43 87.05 88.39 89.02 85.47� 0.25 1.22 113 64.77 62.22 82.14 78.33 71.87� 0.51 1.43 59
+FedHEAL [25] 84.10 86.84 94.79 84.20 87.48� 0.17 3.23 50 76.68 64.89 78.57 68.33 72.12� 0.54 1.68 59
+DynaFed [27] 77.43 85.77 87.05 87.94 84.55� 0.49 0.30 81 77.65 61.11 79.24 69.00 70.25� 1.33 -0.19 -
+FedFTG [19] 73.79 89.17 84.52 91.62 84.78� 0.60 0.53 115 70.47 62.89 75.67 65.67 68.68� 1.72 -1.76 -
+FGL [20] 87.99 91.51 95.68 88.13 90.83� 0.24 6.58 21 72.54 65.56 82.14 76.67 74.23� 0.11 3.79 69
+Flick 91.87 94.16 98.07 93.27 94.34� 0.09 10.09 19 74.96 64.59 96.43 79.44 78.86� 0.47 8.42 40
FedDyn[49] 75.12 83.76 91.07 87.50 84.36� 0.20 - 22 70.98 59.11 82.14 80.83 73.27� 0.54 - 100
+FedBN [26] 78.76 85.56 89.88 88.58 85.70� 0.22 1.34 22 75.39 64.67 83.93 78.33 75.58� 1.45 2.21 97
+FedHEAL [25] 80.22 85.67 91.22 86.68 85.95� 0.27 1.59 26 74.09 60.00 78.57 86.67 74.83� 0.98 1.56 50
+DynaFed [27] 78.80 87.47 91.17 83.80 85.31� 0.63 0.95 15 75.73 60.45 77.67 74.34 72.05� 0.46 -1.22 -
+FedFTG [19] 79.05 85.56 91.77 85.66 85.51� 0.55 1.15 20 75.47 62.07 78.14 73.78 72.37� 0.52 -0.90 -
+FGL [20] 81.96 87.33 91.87 84.05 86.30� 0.49 1.94 18 72.80 60.89 82.14 80.83 74.17� 0.20 0.90 37
+Flick 87.50 93.42 95.24 93.40 92.39� 0.14 8.03 12 77.85 63.33 91.07 83.75 79.00� 0.71 5.73 22
FedNAR[16] 81.19 87.47 93.60 80.52 85.70� 0.46 - 142 67.88 60.89 76.79 78.33 70.97� 0.46 - 135
+FedBN [26] 82.77 89.17 94.49 88.96 88.85� 0.82 3.15 35 69.95 60.22 78.57 81.67 72.60� 0.48 1.63 129
+FedHEAL [25] 83.37 83.35 95.39 84.77 87.22� 0.20 1.52 81 73.06 63.56 85.71 71.67 73.50� 0.35 2.90 45
+DynaFed [27] 86.08 87.90 94.74 86.93 88.91� 0.53 3.21 46 68.03 63.33 79.24 65.67 69.09� 0.63 -1.88 -
+FedFTG [19] 80.95 91.72 93.15 86.04 87.97� 0.88 2.27 100 78.91 65.11 61.38 65.67 67.78� 1.83 -3.19 -
+FGL [20] 87.99 87.90 96.58 85.85 89.58� 0.81 3.88 22 69.43 62.45 85.71 70.83 72.11� 0.32 1.14 47
+Flick 92.35 91.83 97.47 92.83 93.62� 0.31 7.92 12 73.96 62.22 91.96 80.42 77.14� 0.49 6.17 43

Implementation Details. For fair comparisons, all methods are implemented using the same settings.
We use SGD as an optimizer with a learning rate of 0.01; the weight decay is4e� 5 and the momentum
is 0.9. The batch size for local training is 64 and 32 for the two datasets, respectively, with four clients
participating in each round. The communication rounds are set to 150. We utilize “Salesforce/blip-
image-captioning-large” [24] for the image captioning and “sd-legacy/stable-diffusion-v1-5” [51]
for the image generation, sourced from Hugging Face. We also use “gpt-4o-mini” from OpenAI
API [52] to analyze of�oaded captions. More details are given in Appendix B.

4.2 Performance Evaluation

Flick Effectiveness.Table 1 presents performance under the heterogeneous setting with both domain
shift and label skew. We observe thatFlick outperforms all counterpart methods across integrated
baselines, consistently yielding substantial improvements in global model accuracy and requiring
signi�cantly fewer rounds to reach the target accuracy. Speci�cally,Flick improves the Top-1 accuracy
by up to 11.43% on the PACS dataset and 8.42% on the Of�ce-Caltech dataset while reducing #Round
from 142 and 100 to 11 and 22, respectively. The performance of DynaFed and FedFTG heavily
depends on the quality of generated pseudo samples, posing signi�cant challenges when facing
relatively high-resolution data such as 224� 224� 3 images adopted in our experiments, resulting
in severe variance across the two datasets. FGL [20] constructs a large IID synthetic dataset before
FL training using captions from all local data, with its size matched toFlick for a fair comparison,
which is used to �ne-tune the global model to boost FL performance. However, due to its reliance on
local data side information, FGL underperforms compared toFlick. Additionally, creating a large
synthetic dataset in advance introduces substantial overhead, making it dif�cult to reach the target
accuracy within a short time frame (see Appendix D). Besides, we investigate the performance of
Flick's under the domain shift-only setup where each client holds data from a single domain while
maintaining balanced label distributions across clients. Figure 5 shows the superior performance of
Flick compared to domain shift-speci�c methods (i.e., FedBN and FedHEAL) across two datasets.
These results highlight thatFlick effectively fuses cross-client-speci�c knowledge while installing
commonsense insights from the LLMs into synthetic data, signi�cantly mitigating the heterogeneity
problem in FL. More experimental results can be found in Appendix C.2.
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Figure 4: Learning curve of ablation study.

(a) PACS dataset (b) Of�ce-Caltech dataset

Figure 5: Performance across various baseline methods
under domain shift only.

Table 2: Performance across local generative methods.

PACS
Methods

P A C S AVG " #Round#

FRAug [21] 79.85 85.99 90.48 84.39 85.18� 0.32 21
Transformation [50] 87.94 90.16 95.04 90.57 90.93� 0.52 31
Gen-FedSD [22] 90.78 94.27 96.73 93.15 93.73� 0.27 19
Flick 91.99 94.59 97.74 93.91 94.49� 0.10 11

Of�ce-Caltech
Methods

A C D W AVG " #Round#

FRAug [21] 58.03 50.67 82.14 85.00 68.96� 0.66 -
Transformation [50] 72.88 62.52 75.00 77.22 71.91� 1.84 138
Gen-FedSD [22] 77.98 64.44 83.93 75.00 75.34� 0.21 48
Flick 75.82 64.00 96.43 77.78 78.51� 0.56 37

Comparison with Local Generative
Methods. We also compareFlick with
local generative methods: FRAug, Gen-
FedSD, and a transformation-based local
augmentation method that locally gener-
ates data points through random transfor-
mations such as cropping, rotation, and
image mirroring [50]. For Gen-FedSD
and transformation-based methods, the
number of samples per class depends
on the local data distribution, with more
samples generated for underrepresented
classes. To ensure a fair comparison, we
keep the consistent budget of generated samples across all methods withFlick. Table 2 shows that
local generative methods, by leveraging their own determined data distributions, can perform precise
augmentation to balance local datasets effectively. This leads to notable performance gains over other
model-driven approaches and even some server-side methods. Among them, sample-wise methods
(i.e., Gen-FedSD and Transformation) consistently outperform the feature-wise method (i.e., FRAug)
across two benchmarks. AlthoughFlick is a server-side data-driven framework, it avoids introducing
data generation overhead on clients while achieving superior performance by centralizing LLMs
usage and leveraging cross-client-speci�c knowledge.

Table 3: Ablation study on the PACS dataset.

LS CK DR LC GF AVG #Round #Sample#TotalSample

8 4 4 4 4 91.82� 0.29 19 430 1218
4 8 4 4 4 92.92� 0.22 27 312 400
4 4 8 4 4 94.75� 0.13 11 339 1665
4 4 4 8 4 89.11� 0.40 26 630 3239
4 4 4 4 8 93.75� 0.04 19 504 1169
4 4 4 4 4 94.49� 0.10 11 270 1083

Ablation Study. To assess the effec-
tiveness of key components inFlick, we
conduct an ablation study on the PACS
dataset with �ve breakdowns:Local Sum-
mary (LS), Commonsense Knowledge
(CK), Data Retrieval (DR), Local Com-
pensation (LC), and Global Fine-tuning
(GF). Results in Table 3 show that the
variant ofFlick without the local sum-
mary phase leads to a 2.67% accuracy
drop, as the server generates the data solely based on class names. It highlights the importance of
cross-client-speci�c knowledge in acquiring task-related information from LLMs.Flick without
commonsense knowledge directly uses client-speci�c captions for data generation, relying solely
on the local summary. As training progresses, local compensation depends primarily on retrieved
samples rather than high-quality data generated through the integration of cross-client insights and
commonsense knowledge, leading to fewer generated samples, slower convergence, and reduced
model accuracy. The variant ofFlick without local compensation brings more data generation over-
head while introducing limited performance improvement. Besides,Flick without data retrieval does
not signi�cantly affect performance; however, it results in more samples being generated, introducing
extra overhead without proportional gains. Figure 4 further showcases the bene�ts of synthetic
data usage: global �ne-tuning speeds up the model convergence at the beginning, and the combi-
nation of local compensation and global �ne-tuning yields consistent and substantial performance
improvements throughout training. More ablation studies can be found in Appendix C.3.

Scalability Analysis. To further evaluate the scalability ofFlick in large-scale federated learning, we
extend our analysis to the DomainNet dataset [45] with 100 clients. As illustrated in Figure 6,Flick
consistently delivers superior performance in both model accuracy and round-to-accuracy (#Round)
across four different baseline methods, demonstrating its robustness under highly heterogeneous and
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(a) Model accuracy. (b) Round-to-accuracy.

Figure 6: Model performance across various baseline methods on the DomainNet dataset.

large-population FL scenarios. In particular,Flick improves accuracy by up to 11.35%, 12.11%,
5.82%, and 6.50%, and accelerates convergence by up to 10.36� , 5.48� , 3.58� , and 4.17� compared
with the respective baselines. Notably, although FGL achieves fast convergence by �ne-tuning the
global model on a large IID synthetic dataset, this comes at the expense of substantial computational
and generative overhead, makingFlick more appealing in resource-constrained federated settings.
Comprehensive con�gurations and detailed results are included in Appendix C.4.

5 Discussion

We provide extensive quantitative analyses in the Appendix D, E, F, offering deeper insights into
Flick's system ef�ciency, privacy preservation, and practical deployability.Flick improves global
performance without exposing raw data, as only lightweight and low-sensitivity token summaries
are transmitted, inherently reducing privacy risks. Although server-side synthetic data generation
introduces additional computation, this cost is fully of�oaded from clients and is largely offset by
the fast convergence enabled through rich LLM knowledge infusion. Moreover, directly deploying
large models on clients is infeasible in real-world edge intelligence due to strict resource constraints,
and querying cloud-based LLMs could cause privacy leakage. In contrast,Flick allows compact
client models to inherit the knowledge of LLMs in a cost-effective and communication-ef�cient
manner. We believeFlick highlights that foundation models and lightweight client models play
complementary roles: while large models provide rich knowledge, small models remain the only
practical and privacy-preserving learners at the edge, making their collaboration essential in real
deployments.

6 Conclusion

In this paper, we design a novel generative frameworkFlick to address the data heterogeneity,
including both label skew and domain shift issues in FL, where the central server generates synthetic
samples by integrating cross-client-speci�c knowledge with the commonsense knowledge embedded
in out-of-the-box LLMs.Flick allows clients to selectively caption their samples, distilling client-
speci�c knowledge into low-sensitivity textual information that is then explored by the server to
generate data with the power of LLMs to boost FL training. We also explore the generated data for
local data compensation and global model �ne-tuning, further enhancing the global model accuracy
and convergence performance. Extensive experiments on three datasets have been conducted to
validate the effectiveness ofFlick. Speci�cally,Flick improves global model accuracy by up to 11.43%
and facilitates round-to-accuracy performance from 142 to 11. Besides, Flick produces consistently
superior performance against other counterparts on DomainNet with 100 clients, demonstrating its
potential to enhance model performance in large-scale heterogeneous scenarios.
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Appendix

A Notations

All notations used in this paper are summarized in Table 4. We omit the superscript of symbols
indicating temporal information, e.g.,J n refers to a set of participating clients in communication
roundn.

Table 4: Symbols and notations in the paper.
Symbol Explanation

J Set of clients
D j ; D̂ j Set of local/representative samples of clientj

~D j Set of generated samples for clientj
~Tj ; Tj Tokens sequences/text captions from clientj
Gs Data pool maintained by server
M i Set of text prompts for classi
Wj Weights of updated local model
�W, W Weights of aggregated/�ne-tuned global model
D Decision matrix for data generation
I Set of classes of generated samples
� j Number of local SGD steps for clientj
N Number of communication rounds
C Number of task-speci�c classes
G Budget for the number of generated samples

Tv , Ts Threshold for validation accuracy/text similarity

B Experimental Details

B.1 Visualization of the PACS, Of�ce-Caltech, and DomainNet datasets

We evaluate the performance ofFlick and its counterparts on three benchmark image datasets:
PACS [41], Of�ce-Caltech [42], and DomainNet [45]. Each benchmark is a multi-class classi�cation
task, where each class includes samples from different domains. The PACS dataset comprises seven
classes:dog, elephant, giraffe, guitar, horse, house, and person. The Of�ce-Caltech dataset contains

Figure 7: Example samples from different classes and domains in the PACS dataset [41].
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Figure 8: Example samples from different classes and domains in the Of�ce-Caltech dataset [42].

Figure 9: Example samples from different classes and domains in the DomainNet dataset [45].

ten classes:backpack, bike, calculator, headphones, keyboard, laptop, monitor, mouse, mug, and
projector. Following prior work [20, 26, 46], we construct a sub-dataset of the DomainNet dataset
for our experiments by selecting the top ten most common classes:airplane, clock, axe, basketball,
bicycle, bird, strawberry, �ower, pizza, bracelet. Figures 7, 8, and 9 illustrate the diverse domains
within individual classes. In the PACS dataset, signi�cant feature variations across domains within
the same class are clearly observable, making domain differences explicit. In contrast, domain
differences in Of�ce-Caltech are more latent, for instance, variations with background, view, and
clarity of the object, posing additional challenges in effectively addressing the domain shift problem
within this benchmark. DomainNet contains six highly heterogeneous domains, where the appearance
gap of the same class across domains can be extremely large, making our experiments on this dataset
more realistic and representative of real-world scenarios. To simulate heterogeneous FL settings with
domain shifts, we partition the data and assign data from one domain exclusively to each client.

B.2 Hyperparameter Settings

Here, we provide more details about the experimental training parameter settings. All methods are
implemented in Python, with neural networks developed using PyTorch. In local training, local
epochs are set to 5, and the input data size is �xed at224� 224. We set the server-held data pool size
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