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ABSTRACT

Federated Learning (FL) is a distributed paradigm for privacy-preserving machine learning, where clients jointly
build deep models by exchanging local updates instead of raw data. Despite its advantages, FL typically requires
many communication rounds. When the models contain large parameter sets, this leads to high communication
overhead and burden on the system. To overcome these challenges, we introduce a federated data-free knowl-
edge distillation framework specifically tailored for image classification tasks, which utilizes a Pre-trained
model and forms an Ensemble of client models serving as Teachers during the distillation stage (FedPET). To
further alleviate the problem of low-quality synthetic samples in data-free settings, we design the Training Sam-
ple Generation (TSG) module that enhances sample quality through channel feature exchange by exploiting the
spatial and channel characteristics of visual data, thereby boosting student model training. Comprehensive ex-
periments on multiple image classification benchmarks verify that FedPET consistently delivers substantial gains
over state-of-the-art (SOTA) approaches. The results confirm the effectiveness of our method in reducing commu-
nication costs while sustaining student model performance in visual federated learning scenarios, highlighting

its potential for real-world deployment in federated knowledge distillation scenarios.

1. Introduction

Ensuring data security and safeguarding privacy have become
paramount concerns in modern technology development. Traditional
machine learning paradigms rely on centralized data collection, which
poses significant risks to user data privacy, security, and compliance.
Moreover, in real-world distributed scenarios (e.g., terminal devices,
medical systems), data is often scattered across clients (i.e., data silos),
making centralized training models that aggregate multi-source data
prohibited. Thus, alternative approaches balancing data utility, secu-
rity, and privacy compliance are urgently needed [1].

Federated Learning (FL) emerges as a promising solution, enabling
model training across decentralized data sources without transferring
raw data to a central server [2]. FL operates by training local models on
clients, iteratively uploading updates to the server for global model ag-
gregation, and then distributing the refined global model back to clients
for further optimization-this cycle continues until convergence.

However, frequent exchange of model updates between the server
and clients in FL leads to high communication overhead, especially for
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large-scale deep learning models with massive parameters. For decen-
tralized clients with limited bandwidth and throughput, such transmis-
sion costs are impractical [3].

Efforts to enhance FL communication efficiency include gradient
compression and knowledge distillation. Gradient compression reduces
update size but suffers from severe performance degradation at high
compression ratios and struggles with decentralized data heterogeneity
[4]. Knowledge distillation transmits local model predictions on shared
public data to cut overhead, but sharing even anonymized data is un-
feasible in privacy-sensitive scenarios (e.g., medical records, personal-
ized recommendations). Thus, developing communication-efficient FL
techniques independent of additional data remains a critical unsolved
problem.

To address these challenges, we propose FedPET, a federated model
compression approach designed for visual applications, integrating data-
free knowledge distillation and ensemble distillation. FedPET uses a pre-
trained model and an ensemble of client models as teachers to guide
distillation: first, a pre-trained model on the server constrains random
noise and labels to train an image generator, with intermediate features
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stored in the Training Sample Generation (TSG) module’s feature pool;
after clients upload local models, the TSG module samples features to
generate diverse synthetic data; finally, the pre-trained model and client
ensemble model jointly train the client-aggregated student model using
synthetic data, achieving model compression while maintaining accu-
racy compared to state-of-the-art methods.

Specifically, our contributions can be summarized in three aspects:

¢ To address the balance between model accuracy and compression
rate in data-free distillation within federated learning, we innova-
tively use pretrained models and ensemble models as the teacher for
data-free knowledge distillation, ensuring both accuracy and com-
pression.

e To improve the diversity of generated samples and the effectiveness
of model distillation, we use a channel feature exchange method op-
timized for convolutional feature maps. It randomly swaps half of the
feature channels between two sampled features from a feature pool,
generating mixed features that are passed through the deeper layers
of the generator to produce diverse synthetic images as training data.

e We conduct extensive experiments to validate our method. Com-
pared to traditional federated learning methods such as FedAvg and
federated data-free distillation, our method demonstrates significant
improvements in performance by at least 1.6%.

2. Related work
2.1. Federated learning

Extensive research focuses on federated learning aggregation algo-
rithms to address communication overhead and data heterogeneity. Fe-
dAvg [2] periodically aggregates local models on a central server for
global updates, serving as the baseline for FL optimization. FedProx [5]
introduces a proximal term to constrain local updates, keeping them
close to the global model to mitigate heterogeneity. SCAFFOLD [6]
adopts variance reduction techniques with control variables to correct
client drift caused by Non-IID data. FedDyn [7] employs linear and
quadratic penalty terms to dynamically align global and local optimiza-
tion objectives. MOON [8] further corrects local training via model-level
contrastive learning, enhancing adaptation to heterogeneous data.

2.2. Data-free knowledge distillation

Data-Free Knowledge Distillation (DFKD) transfers knowledge from
a pre-trained teacher to a lightweight student without raw data. DFKD
[9], the earliest attempt, reconstructs training data using the teacher
model and its metadata. ZSKD [10] models teacher outputs as a Dirich-
let distribution to constrain synthetic data generation. Deeplnversion
[11] improves generation quality by regularizing via batch normaliza-
tion statistics of the teacher. Additionally, generative models create sur-
rogate data, supporting data-free distillation across scenarios.

2.3. Knowledge distillation in federated learning

DFKD aligns with FL’s privacy-preserving nature, driving federated
distillation research. FedDF [12] uses ensemble distillation, optimiz-
ing the global model with averaged client logits. FedGen [13] trans-
fers local model parameters to the server, training a conditional gen-
erator via DFKD for local model refinement. DENSE [14] introduces a
framework for one-shot federated learning (FL) that trains a generator
to approximate the prediction distribution of an ensemble of client mod-
els, enabling the distillation of a global model without requiring mul-
tiple rounds of communication. However, its generation strategy may
encounter difficulties in fully capturing the intricate characteristics of
non-independent and identically distributed (Non-IID) data. To mitigate
the issue of catastrophic forgetting of the generator across iterations,
DFRD [15] introduces an Exponential Moving Average (EMA) copy of
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the generator and proposes dynamic weighting strategies to extract local
knowledge more accurately. While these methods mitigate communica-
tion overheads, they primarily rely on recovering information from local
models, often overlooking the value of pre-trained prior knowledge, and
the diversity of their generated synthetic samples remains limited.

3. Proposed method

First, we define key assumptions: Let D= {X € R*"% p =
1,2, ..., K} denote the training dataset, where x' € X are training images
and y' € Y their corresponding labels. Let fp(x;0p) be the teacher net-
work pre-trained on D. The goal of traditional data-free knowledge dis-
tillation is to learn a lightweight student classification network f¢(x;6)
that mimics fp(x; 0p)’s classification capabilities without using D.

3.1. Framework overview

The FedPET process is illustrated in Fig. 1. Based on conventional
data-free knowledge distillation, we generate synthetic images in the
federated learning framework to train the student network.

Specifically, FedPET has three core stages: 1) Optimize the genera-
tive network with the pretrained teacher; 2) Generate training images
via Channel Feature Exchange (CFE); 3) Conduct knowledge distilla-
tion on the client-aggregated model using pretrained and client ensem-
ble models as dual teachers. The CFE module enhances the generator’s
ability to produce diverse synthetic images, improving distillation effec-
tiveness. Dual teachers enable the student network to learn visual rep-
resentations from the pretrained model and extract client knowledge by
mimicking the ensemble model’s logits, thus boosting the aggregated
student model’s performance.

3.2. Generator optimization and data generation

This stage aims to train a high-performance generator that captures
the pretrained model’s training space (stored on the server) to enhance
generated data diversity. We use a generative network G to produce
synthetic data and labels {&, y}, aligning their distribution with the pre-
trained model’s real training dataset D = {X, }}. At the start of each
global epoch, we initialize a mini-batch of Gaussian random noise z and
uniform random class labels y € {1,2,..., K} as input to G, which out-
puts x = G(2).

To refine this output, we apply cross-entropy loss £, via the pre-
trained model to constrain % and y, ensuring synthetic data is accurately
classified into target categories under the teacher’s guidance.

Moreover, we incorporate Batch Normalization (BN) regularization
loss Lp Ng [11,16] (common in data-free distillation) to align feature
mean/variance in BN layers with the teacher’s running mean/variance.
Training G with both Lcp, and Lpy, aligns synthetic data with the
distribution of clients’ original data theoretically. The overall loss for
optimizing G is:

@

where Acg, and Apy, are weight coefficients balancing the two loss
terms.

To further improve generated data quality, we design a feature pool
storing hidden representations of synthetic images during G’s optimiza-
tion. With channel feature exchange (CFE), these hidden features en-
hance training sample diversity. The synthetic sample generation pro-
cess is shown in Fig. 2.

To train f¢(-) with diverse synthetic data, we first sample features
from the feature pool. Let F/ and F] denote features from different
synthetic images (generated by G) extracted from layer i. After sam-
pling, we perform channel-wise feature exchange by randomly swap-
ping half the feature channels between F and F}, producing two mixed
features:

Lg=2AcEs LcEg+ 4BNg - LBNg

F!, =cfe(F., F)) (2a)
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G, represent layers i + 1 to n of the generative network G.

Fl =cfe(F),F) (2b)

We then feed F;b and F[;'a into G’s deeper layers (from i + 1 to n),
resulting in two distinct synthetic images %/, and %, . The CFE method
broadens feature variations to enhance generated image diversity com-
pared to traditional models.

3.3. Multi-teacher knowledge distillation based on pretrained model and
ensemble model

Methods like FedAvg (direct model aggregation) fail to fully exploit
clients’ unique data characteristics under heterogeneous data. We use an
ensemble model with pretrained models to train the global model via
generator-based data-free distillation. Specifically, we distill knowledge
from the ensemble model into the client-aggregated global model by
minimizing prediction discrepancy between dual teachers (ensemble +
pretrained models) and the student (global model) on synthetic data.
The distillation process is detailed below:

First, we compute the ensemble model’s logits for synthetic data:
ECAUSHINEEE D YRRATEN ) 3)
Let C be the client set; fp(X, {Gk}fﬂ) is the ensemble model’s average
logits for input %. 6% denotes the k-th client’s model parameter, and
f¥(%,6%) is the k-th client’s prediction function outputting logits for .

Next, we extract knowledge from the ensemble and pretrained mod-
els into the global model by minimizing the following objective function,
which combines their logits via weighted average:

L4s(5:05) = KL (agfe 3 (651
@
+apfp(®). 5(%:05) )
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; represent layers 1 to n of the generative network G.

where aj; and ap are weight coefficients for the ensemble and pretrained
teacher models respectively; fp(%) is the pretrained model’s logits for %.

Relying solely on KL divergence may make student and teacher fo-
cus on different features despite same labels. We introduce a multi-scale
Spatial Activation Region Consistency (mSARC) constraint [17] to guide
the student network f¢(-)’s intermediate layers to focus on spatial re-
gions aligned with the pretrained teacher f»(-). Concretely, we enforce
consistency between Class Activation Maps (CAMs) [18] of the i, -th
layer (student) and j,-th layer (teacher), defined as:

! 2
Lusarc = Ex ) ||CAM,, (S, %) — CAM,, (T, %) (5)
k=1

where k =1,2,---,1, and i, j, denote layer indices.

Finally, the overall multi-teacher knowledge distillation loss £ 1k p
is:

(6)

where Ag; and 4,,¢4pc are weight coefficients balancing the KL diver-
gence and mSARC loss terms.

£MTKD = }‘KL : £dis + }‘mSARC : £mSARC

4. Results

In this section, we provide an empirical evaluation of FedPET. Sec-
tion 4.1 outlines the experimental setup. Section 4.2 presents compar-
isons between FedPET and representative state-of-the-art FL. methods
as well as federated data-free knowledge distillation approaches. Sec-
tion 4.3 examines communication efficiency improvements. Section 4.4
reports ablation studies to assess the contribution of individual compo-
nents and the impact of key parameters.

4.1. Experimental settings

4.1.1. Dataset

To thoroughly evaluate the performance of FedPET, we adopt the
CIFAR-10 [19] and CIFAR-100 [19] datasets, which are widely applied
in FL studies and are considered challenging benchmarks under feder-
ated settings. CIFAR-10 and CIFAR-100 each contain 60,000 color im-
ages with a resolution of 32 x 32, comprising 10 and 100 categories,
respectively.

To model client-level data heterogeneity, following prior studies
[20-22], we partition the training data according to a Dirichlet dis-
tribution Dir(w), which produces Non-IID local datasets across clients.
Here, o controls the imbalance degree: smaller values of w correspond
to higher data heterogeneity.

4.1.2. Baselines
We evaluate FedPET against several representative federated learn-
ing approaches, including FedAvg, FedProx, SCAFFOLD, FedDyn, and
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Table 1

Test accuracy comparison on CIFAR-10 and CIFAR-100.
Method CIFAR-10 CIFAR-100

w=1 w=0.6 w=0.3 w=1 w=0.6 w=03

FedAvg 83.81 82.02 79.43 50.13 50.67 50.17
FedProx 84.10 82.36 80.12 51.25 50.94 50.82
FedDyn 85.19 82.87 80.15 53.27 51.68 50.51
MOON 84.34 82.67 80.97 52.51 52.55 51.88
SCAFFOLD 85.99 84.55 82.14 53.32 53.91 54.36
FedGen 83.91 82.23 79.72 50.38 50.71 50.08
FedDF 84.47 82.92 80.97 52.12 51.36 51.26
FedFTG 87.34 86.06 84.38 56.94 56.49 55.96
FedPET(ours) 92.54 91.21 88.98 68.77 68.23 67.59

MOON, along with data-free knowledge distillation methods such as
FedGen, FedDF, FedFTG, DENSE, and DFRD. Since FedDF does not ex-
plicitly define the procedure for generator training, we adopted the same
strategy as FedGen. For DENSE and DFRD, we strictly followed the con-
figurations reported in DFRD to ensure a fair and consistent comparison.

4.1.3. Network architecture

For both the CIFAR-10 and CIFAR-100 datasets, we utilize ResNet18
[23] as the backbone architecture for the student model, while ResNet34
[23] serves as the backbone for the pretrained teacher model. Addition-
ally, to investigate the impact of our method on improving communica-
tion efficiency, we further employed VGG [24] and Wide ResNet [25]
as the backbone architectures for the student and teacher models.

4.1.4. Hyperparameters

In our approach, the number of local training epochs is set to E = 5,
and the number of active clients is fixed at K = 10. The global training
is conducted for 200 rounds, where the learning rates of the local model
and the generator are configured as 0.01 and 0.001, respectively. The
temperature parameter for knowledge distillation is set to 30. Unless
otherwise specified, the weight coefficients of the pretrained teacher ap
and the ensemble teacher af in Equation 1.6 are assigned values of 3.2
and 0.1, respectively.

4.2. Performance comparison

4.2.1. Comparative analysis with mainstream methods

We evaluated accuracy of all baselines on CIFAR-10 and CIFAR-100
with o set to 1, 0.6 and 0.3. Detailed results are in Table 1. FedPET
achieves the best performance across all IID and Non-IID scenarios. It
outperforms mainstream methods by at least 4% in highly heteroge-
neous settings with w equal to 0.3 or 0.6. FedPET maintains performance
improvements under IID conditions. Its higher accuracy over FedGen
and FedDF comes from the CFE module, which enhances synthetic sam-
ple diversity and improves knowledge transfer.

4.2.2. Comparative analysis with state-of-the-art methods

We compared FedPET with SOTA federated data-free knowledge dis-
tillation methods DENSE and DFRD on CIFAR-100. FedPET’s parameters
match those in DFRD for fairness. Table 2 presents detailed results. Fed-
PET consistently outperforms DENSE and DFRD by 1.6% in test accuracy
across various  values. It shows strong robustness in high heterogene-
ity scenarios with @ equal to 0.01 or 0.1, where traditional methods
struggle.

The observed performance improvement can be attributed primarily
to the enhanced diversity of synthetic samples and the synergistic ef-
fect of the proposed dual-teacher strategy. In contrast to DENSE, which
relies on a basic generator, FedPET integrates the TSG module to gener-
ate synthetic images with richer semantic variations by mixing feature
channels, thereby forcing the student model to learn more robust deci-
sion boundaries. Furthermore, while DFRD mitigates generator forget-
ting via EMA, its knowledge base is confined to client models. In com-
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Table 2
Test accuracy comparison of SOTA federated data-free knowl-
edge distillation methods on CIFAR-100.

Method CIFAR-100 Runtime Ratio
w=1 w=0.1 o = 0.01

DENSE 58.43 50.84 40.24 0.06

DFRD 61.69 54.05 43.47 0.05

FedPET(ours) 63.29 55.82 49.56 1

parison, FedPET leverages both the domain-specific knowledge derived
from the client ensemble and the general visual features from the server-
side pre-trained teacher. This combination effectively compensates for
the fragmented knowledge of client models under extreme Non-IID set-
tings, achieving higher accuracy than DFRD.

4.2.3. Computational complexity analysis

We further analyze the computational complexity of FedPET. Theo-
retically, client-side complexity is minimal since clients are required to
train only a lightweight student network, which is essential for resource-
limited edge devices. The primary computational burden is shifted to the
server, involving the optimization of the generator and the multi-teacher
distillation process.

We evaluate efficiency using the Runtime Ratio, defined as the run-
time of the compared method divided by that of FedPET over the same
number of global epochs. As shown in Table 2, FedPET demonstrates
greater computational complexity compared to DENSE and DFRD. This
increased training time is a deliberate trade-off for enhanced perfor-
mance and robustness, directly attributed to the additional computa-
tions required by the TSG module and the multi-teacher distillation
mechanism. Given that servers typically possess abundant computing
resources than clients, and considering the significant reduction in com-
munication overhead, we believe that the server-side computational cost
is justified by the substantial accuracy gains achieved in heterogeneous
federated scenarios.

4.3. Communication efficiency improvement

We analyzed compression performance of distilled models on CIFAR-
10 and CIFAR-100 to verify FedPET’s ability to reduce model transmis-
sion volume. Compression ratio is defined as Model Storage Size Reduc-
tion divided by Original Model Storage Size, with the pretrained teacher
model as the benchmark. Detailed results are in Table 3.

FedPET achieves a minimum compression ratio of 47.39% relative to
the pretrained teacher model, nearly halving model storage size. Com-
pression is accompanied by a maximum accuracy decrease of 6.29%,
showing a good balance between compression efficiency and perfor-
mance retention. ResNet-based architectures perform notably: the stu-
dent model reduces storage by over 40% while maintaining comparable
classification accuracy, making it suitable for bandwidth-limited scenar-
ios.

4.4. Ablation study

4.4.1. Impacts of weight coefficient ap and ap

To assess how the pretrained teacher model and client ensemble
teacher model affect the student model’s training effectiveness, we con-
ducted ablation experiments on CIFAR-10. We varied the weight ra-
tio between the pretrained model and client ensemble model, denoted
as the teacher weight ratio p. ap represents the weight coefficient of
the pretrained teacher model, and ay represents that of the ensem-
ble teacher model, as defined in Eq. (4). Specific results are shown in
Tables 4, 5 and Fig. 3. Fig. 3 visualizes the accuracy differences between
different p values and the baseline (p = 1), clarifying the relationship
between the pretrained teacher model’s weight ratio and the student
model’s accuracy.
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Table 3
Model compression ratio and accuracy comparison under different architectures.
Teacher Student Teacher Model ~ Student Model ~ Compression ~ Model Accuracy
Model Model Storage(Mb) Storage(Mb) Ratio(%) Decrease(%)
ResNet-34 ResNet-18 81.50 42.88 47.39 3.16
WRN-40 WRN-16 94.87 88.58 69.80 6.29
VGG-11 VGG-8 92.24 87.58 57.60 4.66
Table 4 Table 6
Test accuracy (%) for different teacher weight ratio (p > 1). Impact of different key modules on model accuracy.
Weight Weight Teacher Weight  Global Model Key Module/Loss Function ~ Associated Process Global Model Accuracy
Coefficient a ~ Coefficient ¢,  Ratio p Accuracy(%) Full Training 92.54
6.4 0.1 64 92.34 —Lepg Sample Generation 92.14
3.2 0.1 32 92.54 —Lpn,g Sample Generation 84.92
1.6 0.1 16 92.5 =L, 5ARC Knowledge Distillation ~ 91.59
0.8 0.1 8 92.49 —Pretrained Model Knowledge Distillation 91.05
0.4 0.1 4 90.33 —Ensemble Model Knowledge Distillation ~ 92.13
0.2 0.1 2 90.09
0.1 0.1 1 89.97
Table 5 knowledge in the federated learning knowledge distillation framework.
able

Test accuracy (%) for different teacher weight ratio (p < 1).

Weight Weight Teacher Weight  Global Model
Coefficient ap  Coefficient a;  Ratio p Accuracy(%)
0.1 0.1 1 89.97
0.1 0.2 a3 89.89
0.1 0.4 /a 89.75
0.1 0.8 /s 88.95
0.1 1.6 116 88.92
0.1 3.2 /5 88.96
0.1 6.4 s 85.61
Accuracy Variation with Teacher Weighting Ratio p Changing
p=1/64]  -4.36
p=1/32 -1.01
p=1/16 -1.05
p=1/8 -1.02
p=1/4 0.22—
p=12 0.08-
o= 0.0
p=2 -0.12
p=4 —0.36
p=8 2.52
p=16 2.53
p=32 2.57
p=64 2.37
-4 -2 0 2 4

Fig. 3. Accuracy variations with teacher weight ratio p. p = 1 is the baseline.
The global model has the lowest accuracy at p = é and highest accuracy at
p=32.

With p =1 as the baseline, we calculated accuracy differences be-
tween different p values and the baseline. As the pretrained teacher
model’s weight ratio p increases, the student model’s accuracy improves
consistently. This trend continues until p reaches 32:1, where the student
model achieves peak performance. This shows the pretrained teacher
model’s importance in transferring robust and generalized knowledge to
the student model. When p further increases to 64:1, the student model’s
accuracy decreases slightly. This decline results from the client ensem-
ble teacher model’s disproportionately small contribution. The ensemble
model’s limited influence reduces effective transfer of local knowledge
learned by clients, which could otherwise complement the global knowl-
edge from the pretrained teacher.

In contrast, as the client ensemble teacher model’s weight ratio in-
creases, the student model’s overall accuracy shows a slight downward
trend. It reaches the lowest point when p is 1:64. These results indi-
cate the client ensemble teacher model represents incomplete knowl-
edge learned by local clients. It serves as a repository for local client
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It mainly strengthens the student model’s ability to learn from knowl-
edge shared among clients, but its contribution to improving the student
model’s performance is slightly inferior to that of the pretrained teacher
model.

The results confirm the pretrained teacher model’s dominant role
in enhancing the student model’s performance. As a global knowledge
source, the pretrained model’s high-quality representations help the stu-
dent model achieve superior accuracy, especially in scenarios with het-
erogeneous client data distributions. This also shows proper allocation
of teacher model weights is crucial for optimizing the student model’s
performance.

4.4.2. Necessity of each component for FedPET

We conducted comprehensive ablation experiments on CIFAR-10 to
verify effectiveness of key modules and loss functions in FedPET. Table 6
presents student model test accuracy after systematically excluding spe-
cific components. The analysis clarifies their impact on performance and
stability.

Results show removing any key module leads to noticeable ac-
curacy drop. Excluding the mSARC constraint reduces accuracy by
over 0.95%, demonstrating its significant role in guiding the student
model to mimic the teacher model’s spatial activation patterns. Absence
of the CFE module causes marked decline in both performance and
stability, emphasizing its importance in enhancing generated sample
diversity.

The cross-entropy loss Lcp, aligns generated synthetic data with
teacher predictions. Its removal reduces accuracy substantially, high-
lighting its role in ensuring the generator produces meaningful train-
ing data. Batch Normalization regularization loss £, aligns synthetic
data distribution with real data distribution. It is indispensable as its
absence leads to less stable performance and significant accuracy de-
cline, underlining its necessity for maintaining consistency in generator
outputs.

Removing the pretrained teacher model causes a sharp accuracy
drop, confirming its knowledge serves as a robust foundation for initial-
izing the student model especially in heterogeneous data scenarios. Ex-
cluding the ensemble teacher model which aggregates knowledge from
all clients slightly decreases global model performance, indicating its
utility in capturing diverse client knowledge and balancing local varia-
tions.

Notably, the accuracy decrease caused by removing L, is similar
to that caused by removing the ensemble model. Our analysis shows
that among parameters yielding the best results, the ensemble model’s
low weight parameter makes its distillation effect on the student model
less pronounced, leading to this outcome.
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5. Conclusion

This paper introduces FedPET, a novel federated data-free knowl-
edge distillation method designed to tackle the challenges of model com-
pression and communication efficiency in federated learning environ-
ments. FedPET leverages a multi-teacher knowledge transfer approach
based on synthetic data. In each global epoch, a pretrained teacher
model on the central server is first used to optimize an image gen-
erator, enhancing the diversity of generated images through the TSG
module. After aggregating and ensembling local client models, data-free
knowledge distillation is performed, utilizing both the pretrained model
and the clients’ ensemble model as teachers. Extensive experiments
demonstrate that FedPET significantly outperforms state-of-the-art
methods.

Despite its promising performance, FedPET has several limitations
that should be discussed. First, with respect to modality specificity,
while the dual-teacher framework is conceptually generic, the current
TSG module depends on Channel Feature Exchange (CFE), which is
specifically tailored for the spatial and channel characteristics of visual
data. Extending FedPET to non-visual domains would require adapting
the generation strategy. Second, in terms of computational overhead,
the iterative optimization of the generator and the distillation process on
the server incur higher computational costs compared to simple aggrega-
tion methods. While FedPET can theoretically extend to larger datasets,
server-side training runtime would increase dramatically, resulting in a
trade-off for reduced communication bandwidth. Finally, the method’s
effectiveness depends partially on the domain relevance of the pre-
trained teacher model. A significant domain gap between the pre-trained
model and the client data may limit the effectiveness of knowledge ini-
tialization. Future work will focus on addressing these limitations and
exploring more efficient generation methods.
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