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Abstract—This report presents research findings highlighting
the particularities and effects of utilizing pre-trained models in
conjunction with one-shot federated learning (OFL) for fine-
tuning tasks. The primary objective was to analyze and quantify
the differences that pre-training introduces to the Federated
Learning process when constrained to a single round of commu-
nication and to identify potential advantages that could bridge
the performance gap with traditional Federated Learning (FL).
Experiments with the ResNet-18 model were conducted, either
randomly initialized or pre-trained on the ImageNet dataset, and
then fine-tuned for a visual recognition task on the CIFAR-
10 dataset. The impact of data heterogeneity is demonstrated,
highlighting key differences between OFL and FL. Unlike FL,
pre-training does not bridge the gap between non-IID and
IID data. The effect of model size is explored, showcasing the
potential of pre-training to enable the training of more complex
models. Insights into the effects of various weight regularization
methods and the determination of optimal model checkpoints
are presented. These findings enhance our understanding of the
behavior of local models during fine-tuning within a one-shot
federated learning framework.

Index Terms—One-Shot Federated Learning; Pre-Training;
non-IID data; ResNet; Ensemble Learning; Deep Learning

I. INTRODUCTION

Federated Learning (FL) is a framework for fine-tuning
models across multiple clients, where each client utilizes its
private data for training without sharing it directly. In the
standard FL process, clients perform several local updates
on their models, which are then shared with a central server
for aggregation and redistribution. This cycle, constituting a
single communication round, is repeated iteratively until the
model converges. This framework for model fine-tuning is
particularly relevant in sensitive domains like healthcare and
finance, where privacy is crucial.

On the other hand, One-shot Federated Learning (OFL)
[1] seeks to minimize communication costs by reducing the
process to a single communication round. OFL also mitigates
privacy risks associated with the sharing of model parameters
or gradients, a known vulnerability of FL where private data
can be reconstructed from publicly shared gradients [2]. In
OFL, clients train their models to convergence locally and
transmit the final models to the server. However, this approach
often results in lower accuracy compared to traditional FL,
particularly when client data are highly non-IID. The lack of
iterative communication exacerbates client drift, as each model
becomes more specialized to its local data.

The use of pre-trained models for initialization has been
explored in the context of FL and has demonstrated significant
benefits. It has been shown to mitigate the effects of non-
IID data on the final model, allowing for an increase in
the number of local epochs per round without negatively
impacting the final accuracy [3]. Building on these insights, we
hypothesized that pre-training could yield similar benefits in
OFL, potentially offsetting its limitations, such as exacerbated
client drift.

Our research investigates whether pre-trained models can
bridge the performance gap in OFL, as seen in FL. Specifically,
we examine their effectiveness in handling non-IID data, their
role in enabling more complex model architectures, and their
interaction with regularization techniques for mitigating drift.

Contributions Our work presents the first comprehensive
investigation into the effects of pre-training on One-shot
Federated Learning (OFL). Contrary to traditional Federated
Learning (FL), where pre-training reduces the performance
gap between IID and non-IID data distributions, we demon-
strate that this benefit does not extend to OFL. Specifically,
while pre-training in FL yields a substantial 4.79 percentage
point reduction in the IID/non-IID performance gap, the cor-
responding reduction in OFL is minimal at 0.45 percentage
points.

We also explore the effectiveness of model complexity in
the pre-trained setting, showing that deeper architectures like
ResNet-50 can outperform simpler ones such as ResNet-18
when initialized with pre-trained weights. With pre-training,
ResNet-50 achieves a 0.66 percentage point improvement over
ResNet-18, whereas with random initialization, it performs
2.33 percentage points worse.

To maximize the benefits of pre-trained models, we inves-
tigate various regularization techniques designed to preserve
learned representations. Among these, weight decay demon-
strates particular promise, yielding a 0.31 percentage point
improvement over the baseline model.

Our experimental framework encompasses the CIFAR-10
dataset, varying levels of data heterogeneity, and different
ResNet architectures. Unlike conventional OFL approaches
that rely on model distillation, we directly evaluate ensemble
performance using various aggregation methods. Additionally,
we observe that pre-trained models demonstrate superior con-
vergence properties, achieving lower local losses and higher
accuracies in early epochs. These models consistently require
fewer epochs to reach 95% of their peak accuracy, particularly
in homogeneous data settings.

The source code1 of this work is largely adapted from
Allouah et al.’s work [4] on FENS2.

II. RELATED WORK

Federated learning (FL) Federated Learning (FL), in-
troduced through FedAVG by McMahan et al. [5], enables
distributed model training while preserving data privacy. In
this framework, clients share model parameters with a central
server after local training, and the server aggregates these pa-
rameters through averaging. Various improvements to FedAVG
have been proposed, particularly focusing on non-IID data
challenges. These include enhanced aggregation schemes [6],

1https://gitlab.epfl.ch/sacs/semester-projects/fall-2024/ofl-pretraining
2https://github.com/sacs-epfl/fens

https://gitlab.epfl.ch/sacs/semester-projects/fall-2024/ofl-pretraining
https://github.com/sacs-epfl/fens
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[7] and modifications to local training through proximal terms
[8] or control variations [9]. However, the iterative sharing
of model parameters remains vulnerable to privacy attacks, as
demonstrated by [2].

One-shot federated learning (OFL) One-shot Federated
Learning (OFL) was introduced by Guha et al. [1] to address
the communication overhead and privacy concerns of iterative
FL. Their approach uses ensemble methods and knowledge
distillation for model aggregation. Subsequent work has fo-
cused on two main directions: knowledge distillation-based
methods requiring public datasets [10], and parameter-based
aggregation methods [11]. While various improvements have
been proposed, including synthetic data generation [12] and
cluster-based methods [13], OFL still generally underperforms
compared to traditional FL, particularly with non-IID data. Re-
cently, FENS [4] demonstrated promising results by combining
OFL’s efficiency with a lightweight FL phase for prediction
aggregation, significantly reducing the performance gap with
traditional FL.

Pre-training Pre-training has demonstrated significant ben-
efits across various domains, improving both convergence
speed and accuracy in downstream tasks [14]. Research has
shown that pre-training can enhance model robustness [15]
and reduce catastrophic forgetting [16]. However, despite its
widespread success, the impact of pre-training in federated
learning contexts, particularly in OFL, remains largely unex-
plored.

III. PROBLEM FORMULATION

A. Classic OFL

Consider a one-shot federated learning system with max-
imum M clients indexed by i ∈ [M ]. Each client i has a
local dataset Di = {(xi,j , yi,j)}ni

j=1, where xi,j represents the
feature vector and yi,j is the corresponding label.

Let θ ∈ Rd denote the model parameters. Each client i aims
to solve the following optimization problem:

πi = argmin
θ

Li(θ), (1)

where

Li(θ) =
1

ni

ni∑
k=1

ℓ(θ;xi,k, yi,k), (2)

with Li the empirical risk of client i and ℓ the loss function.

In OFL, the final ensemble model is formulated as:

π(x) =
∑
i∈[M ]

piπi(x), (3)

The weight pi assigned to client i is typically set as pi = ni

n ,
where n =

∑
i∈[M ] ni in OFL. The ensemble model is

generally distilled into a single global model using either
proxy data or synthetic data at the server. In our work, we
explore alternative aggregation schemes, including learnable
approaches, which are detailed in the next section.

B. Aggregation

Following the work of Allouah et al. [4], we generate
the ensemble model using different aggregation schemes.
This allows us to generate an ensemble model with non-
linear trainable models which have been shown to outperform
standard aggregators such as weighted averaging.

Let λ ∈ Rq denote the aggregator model parameters. The
ensemble model is defined as:

π(x) := fλ(π1(x), . . . , πM (x)), (4)

with π1, . . . , πM the client models obtained from 1 and 2.

For trainable aggregators, the objective is defined as the
following empirical risk minimization problem:

min
λ∈Rq

1

|D|
∑

(x,y)∈D

ℓ(fλ(π1(x), . . . , πM (x)), y), (5)

with ℓ the loss function. The final ensemble model is given
by π(x) := fλ̂(π1(x), . . . , πM (x)).

1) Averaging: A static aggregation defined as:

f =

M∑
i=1

λi ⊙ πi(x),

where λi = [ 1
M , . . . , 1

M ] and ⊙ denotes coordinate-wise
product.

2) Weighted Averaging: Following Gong et al.’s FEDKD
[17], weighted averaging aggregates predictions by assigning
class-specific weights to each client based on their local data
distribution. For each client i, a weight vector λi ∈ RC is
computed, where C is the number of classes:

λi =

[
n1
i∑

i∈[M ] n
1
i

,
n2
i∑

i∈[M ] n
2
i

, . . . ,
nC
i∑

i∈[M ] n
C
i

]
,

where nj
i represents the number of samples of class j in client

i’s local dataset, and M is the total number of clients. This
weighting scheme gives more importance to clients with larger
class-specific sample sizes. The final prediction for an input x
is computed in the same way as simple averaging above. This
approach ensures that clients with more samples of a particular
class have greater influence on predictions for that class.
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3) Neural Network Aggregation: The neural network ag-
gregator learns a nonlinear mapping from the concatenated
predictions of all clients to the final prediction. Given an input
x, the aggregation is performed through a two-layer neural
network:

f(x) = W⊤
2 σ(W⊤

1 z)

where:

• z = concat(π1(x), . . . , πM (x)) ∈ RMC is the concatena-
tion of all client predictions, with πi(x) ∈ RC being the
prediction vector from client i

• W1 ∈ RMC×k is the weight matrix of the first layer,
where k is a hyperparameter controlling the dimension
of the hidden layer

• W2 ∈ Rk×C is the weight matrix of the output layer
• σ(x) = maxx, 0 is the ReLU activation function

The network is trained on a validation set to minimize the
cross-entropy loss between the aggregated predictions and true
labels. This non-linear approach allows the model to learn
complex relationships between client predictions, potentially
capturing complementary information from different clients
and adapting to their individual strengths and weaknesses.

IV. EXPERIMENTAL SETUP

A. Datasets, Models, Initialization

We conduct our experiments on the CIFAR-10 dataset
[18], which consists of 60,000 32x32 color images evenly
distributed across 10 classes, focusing on a classification task.
The dataset is partitioned among 20 clients using a Dirich-
let distribution with a configurable α parameter to simulate
varying degrees of non-IID-ness: smaller values of α result in
more non-IID distributions, while larger values approach IID
distribution.

Our primary model is ResNet-18 [19], evaluated with either
randomly initialized weights or pre-trained weights. Addi-
tional experiments were conducted using ResNet-50 as well.
For both, the pre-trained version provided by the PyTorch
TorchVision library3, is trained on ImageNet [20]. To align
with Nguyen et al. [3], we replace batch normalization layers
with group normalization layers, as group normalization is
better suited for federated settings than batch normalization
[21]. It is important to note that this modification leaves the
group normalization layers in the pre-trained models untrained,
as they are reset during this process.

B. Training Configuration

We execute the training of 20 clients in parallel using the
standard PyTorch training workflow within a containerized en-
vironment on a cluster. The cluster specifications are detailed
in Appendix A.

3https://github.com/pytorch/vision

a) Local Training: Each client performs local training
over 500 epochs using SGD optimizer with an initial learning
rate of 0.0025. The learning rate is adjusted using Cosine
Annealing scheduler.

b) Aggregator Training: The Neural network model (ref.
III-B3) is trained using the Adam optimizer. The training
process uses k = 80 with a learning rate of 5 × 10−5, batch
size of 16, and runs for 300 epochs.

V. RESULTS

A. Data heterogeneity effects

One of the interesting findings of the work from Nguyen
et al. [3] is the gap between models trained on IID data and
models trained on non-IID data getting smaller when starting
with pre-trained weights. In addition, they found that they
could increase the number of updates to the local clients
without degrading the accuracy of the final model. Since OFL
represents an extreme case of increasing the number of local
client updates, we investigated the impact of using pre-trained
weights in this setting.

The results in figure 1 highlight the differences between tra-
ditional FL and OFL approaches when comparing pre-trained
and randomly initialized models. In the FL setting, pre-trained
weights significantly reduce the performance gap between IID
and non-IID scenarios to 13.89 percentage points, compared
to 18.68 percentage points with random initialization. This
observation aligns with the findings of [3], which emphasize
that pre-trained weights help mitigate the challenges posed by
data heterogeneity.

In contrast, this benefit is not observed in the OFL setting,
where the performance gap remains nearly unchanged —
10.04 percentage points for pre-trained weights versus 10.48
percentage points for random initialization. The difference
between the gaps for pre-trained and random initialization
models is a notable 4.79 percentage points in FL but only
0.45 percentage points in OFL.

We hypothesize that combining client models into a single
global model at the end of each FL round acts as a regularizer.
With pre-trained weights, this process likely positions the
global model within a connected low-loss valley, as described
in the work of Chen et al. [22] enabling effective aggregation
despite heterogeneous data. In contrast, random initialization
with FL may not initially place the global model in a suitable
region of the loss landscape, limiting its ability to use highly
heterogeneous data. In OFL, the high number of local epochs
likely causes models to drift away from the pre-trained position
in the loss landscape, often becoming trapped in isolated low-
loss valleys, regardless of whether the data is IID or non-IID.

https://github.com/pytorch/vision
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Fig. 1: Average accuracy across 3 seeds of ResNet-18 model trained with FEDADAM FL and OFL ResNet-18 ensemble model
with NN aggregation (ref. III-B3) trained on IID (α = 1) and non-IID (α = 0.05) data.

B. Model size effects

In Table I, we observe the effects of the non-IID data distri-
bution on the performance of ResNet models with random ini-
tialization. Notably, as the complexity of the model increases
(from ResNet-8 to ResNet-18 to ResNet-50), the accuracy
decreases under non-IID settings, evidenced by the lower
scores for ResNet-50 compared to ResNet-18 and ResNet-8.
This trend suggests that deeper models are more prone to over-
fitting when exposed to heterogeneous data, potentially due
to the increased parameter space and susceptibility to finding
suboptimal solutions in the absence of sufficient regularization
or training data diversity.

Dataset α ResNet-8 ResNet-18 ResNet-50

CIFAR-10 0.05 68.22 57.63 54.10
0.1 75.61 64.71 63.06

TABLE I: Average accuracy with standard deviation across 3
seeds of different ResNet ensemble models with NN aggre-
gation (ref. III-B3) with random initialization under non-IID
settings. ResNet-8 results are obtained from [4].

Figure 2 compares the performance of randomly initialized
ResNet-18 and ResNet-50 models under varying levels of data
heterogeneity. Similarly to Table I, ResNet-18 outperforms
ResNet-50 for the same reasons regardless of the data het-
erogeneity level.

When examining figure 3, which compares ResNet-18 and
ResNet-50 with pre-trained weights, we observe an intriguing
trend. ResNet-18 performs better under high data heterogene-
ity, likely due to its simpler architecture being less prone to
overfitting localized patterns. However, as data becomes more
homogeneous, ResNet-50 surpasses ResNet-18, leveraging its
greater capacity to extract nuanced features. Quantitatively,
ResNet-50 performs on average 0.66 percentage points above
ResNet-18 across all heterogeneity values when in the pre-
trained setting, whereas it performs 2.33 percentage points
below ResNet-18 when in the randomly initialized setting.
Pre-training appears to stabilize fine-tuning in ResNet-50, by
positioning its weights closer to the global optimum in the

optimization landscape, reducing the risk of getting stuck in
local optima despite the model’s complexity.
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Fig. 2: Average accuracy with standard deviation across 3
seeds of ResNet-18 and ResNet-50 ensemble models with
NN aggregation (ref. III-B3) with random initialization under
varying data heterogeneity.
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Fig. 3: Average accuracy with standard deviation across 3
seeds of ResNet-18 and ResNet-50 ensemble models with
NN aggregation (ref. III-B3) with pre-trained weights under
varying data heterogeneity.

These results suggest that pre-training plays a critical role
in enabling complex models to perform well under favor-
able conditions. By positioning the model in advantageous
regions of the loss surface, pre-training allows ResNet-50
to fully exploit its capacity and avoid poor initializations.
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Fig. 4: Average accuracy with standard deviation across 3 seeds of ResNet-18 ensemble models with NN aggregation (ref.
III-B3) with various regularization strategies applied to pre-trained weights under varying data heterogeneity. An observation
on the influence of random seed on performance in highly heterogeneous data is detailed in Appendix B.

This aligns with findings from [23], which highlight that
pre-trained models converge more effectively to shared low-
loss basins, even in diverse data settings. Such convergence
mitigates the challenges of isolated or unfavorable loss regions,
showcasing the potential of pre-training in optimizing complex
architectures like ResNet-50.

C. Weights regularization

To maintain stability in the earlier layers of the pre-trained
model while allowing the later layers to adapt more freely,
we explored the use of gradual layer-wise regularization
strategies. The approach involves applying a higher penalty
to earlier layers, encouraging them to retain their pre-trained
representations, while allowing the later layers to adjust more
during fine-tuning. This is hypothesized to contribute to a
better global model after aggregation. Building on the work of
Tinn et al. [24], we adopt strategies such as layer-wise learning
rate decay and layer freezing to enhance the stability of the
fine-tuning process.

We explored three approaches to training the model:

• The method proposed by Clark et al. [25], in which a
layer-wise learning rate decay factor of 0.9 is applied
across the network layers.

• A layer-wise weight decay strategy inspired by the above
training [25], where a base weight decay of 0.01 is ap-
plied, decreasing with a decay factor of 0.9 for successive
layers.

• The method of Grießhaber et al. [26], where 25% of
the model’s layers were frozen during training, as this
configuration was found to be optimal in their procedure.

As shown in figure 4, the results highlight the impact
of different regularization methods. Layer-wise weight decay
maintains accuracy similar or higher to the base model, while
layer-freezing and learning rate decay show a noticeable drop.

The weight decay method shows potential, being on average
0.31 percentage points above the base model across different
heterogeneity levels, and could be a way to further capitalize
on the benefits of pre-trained models.

Intuitively, the methods analyzed by Tinn et al. [24] (learn-
ing rate decay and layer freezing) operate on the relative
update of the weights, making their effectiveness sensitive
to the number of training epochs. While the learning rate is
reduced, executing too many epochs may diminish the benefits
of these approaches. In contrast, the layer-wise weight decay
regularization we propose directly impacts the absolute values
of the weights. It allows larger weight magnitudes in the later
layers, facilitating task-specific training on CIFAR-10, while
penalizing large weights in the earlier layers to preserve the
pre-trained representations. This approach is more robust to
the number of epochs, which likely explains the observed
performance gains.

D. Affinity term regularization

In order to keep the local learned models closer to the
initialization point of the pre-trained model, we have used a
technique developed by Chen et al. [22]. This involves adding
an affinity regularization term to the loss function of each
client, which penalizes the squared Euclidean distance between
the local model and the initial model weights. Equation 2
becomes:

Li(θ) =
1

ni

ni∑
k=1

(
l(θ;xi,k, yi,k) + λa∥θ − θ0∥2

)
, (6)

where λa is the affinity coefficient. A larger value of λa

imposes a greater penalty on client models that deviate further
from the pre-trained model.
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Fig. 5: Accuracy progression of ResNet-18 ensemble models with weighted averaging aggregation under varying data
heterogeneity.

α λa = 0 λa = 0.01 λa = 0.1 λa = 1

0.1 74.40 71.22 67.00 54.04

TABLE II: Accuracy of ResNet-18 ensemble models with NN
aggregation (ref. III-B3) with pre-trained weights at α = 0.1
heterogeneity with different affinity coefficients.

As shown in Table II, affinity regularization reduced model
accuracy, with the baseline model performing best in the NN
ensemble setting and accuracy declining as the affinity coef-
ficient increased. Consequently, further exploration of affinity
regularization was deemed unnecessary. Chen et al.’s ablation
studies [22] offer a possible explanation: the affinity term alone
improved accuracy by only 1.5 percentage points, whereas
combining it with the diversity term — a loss term summing
distances between model pairs to encourage variability —
achieved a 4 percentage point increase. This complementary
effect was not tested in our experiments, and the affinity term’s
hyperparameters may have been suboptimal.

E. Optimal Checkpoints

Through our experiments, we observed that selecting the
best model for each client based on validation accuracy
evaluated on the client’s local dataset, which shares the same
distribution as the training data, and constructing an ensemble
from these locally optimal models resulted in lower test
accuracy for the ensemble compared to using the final models
from each client. This observation led us to hypothesize the
existence of an optimal checkpoint during training at which
the ensemble model achieves its best performance.

To investigate this hypothesis, we saved the client models at
regular intervals (every 20 epochs) and evaluated the resulting
ensemble models on the test dataset at these same intervals.
However, as shown in figure 5, the ensemble model does not
display a clear optimal checkpoint. Instead, it quickly reaches a
plateau where additional training provides no further benefits,
and the performance remains stable without declining. This
suggests that while training does not yield a specific “best”
checkpoint for the ensemble, it is sufficient to train until this
plateau is reached.

Figure 5 highlights how pre-trained models accelerate con-
vergence, especially in non-IID scenarios. Table III shows that
with highly non-IID data α = 0.05), pre-trained models con-
verge in just 60 epochs, compared to 300 epochs for randomly
initialized models. This demonstrates the value of pre-training
for faster convergence in heterogeneous distributions. As data
homogeneity increases (larger α), this advantage diminishes;
for α = 1, the gap in epochs to reach 95% of final accuracy
narrows to less than 20. However, pre-trained models still
achieve higher absolute accuracy.

α Random init epochs Pre-trained epochs

0.05 300 60
0.1 200 140
1.0 100 80

TABLE III: Epochs required for ResNet-18 ensemble model
with weighted averaging aggregation to reach 95% of the best
accuracy under varying data heterogeneity.

α Random init epochs Pre-trained epochs

0.05 38 17
0.1 72 38
1.0 171 70

TABLE IV: Epochs required for average across 20 clients of
local ResNet-18 model accuracies to reach 95% of the best
accuracy under varying different data heterogeneity.

Figure 6 confirms the faster convergence rate: the average
local loss across the 20 clients is consistently lower with a
stronger drop in the early epochs for pre-trained models. Sim-
ilarly, the average local accuracy across clients is consistently
higher, with a sharper incline during the initial epochs for
pre-trained models. Table IV further demonstrates that local
models consistently require fewer epochs to achieve 95% of
their peak accuracy. This difference is most pronounced when
training on a homogeneous dataset, likely due to the reduced
noise level. However, when accounting for noisy variations
in the non-IID accuracy curves, the behavior of local model
training appears similar between IID and non-IID settings.
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Fig. 6: Average across 20 clients of local training losses and accuracies of ResNet-18 models under varying data heterogeneity.

VI. DISCUSSION

The objective of this project was to conduct a compre-
hensive investigation into the effects of pre-training on One-
shot Federated Learning (OFL), with particular focus on how
it compares to traditional Federated Learning (FL) across
different aspects of model training and deployment.

A. Key Findings

Our investigation revealed several important insights about
the relationship between pre-training and OFL. Most notably,
we found that the accuracy gap bridging benefit of pre-training
in non-IID vs IID settings observed in traditional FL do not
transfer directly to the OFL setting. This finding suggests
that OFL may require different approaches to handle data
heterogeneity.

The relationship between model complexity and pre-training
emerged as another significant finding. Our results demonstrate
that deeper architectures like ResNet-50 can effectively lever-
age pre-trained weights to outperform simpler models such as
ResNet-18. This suggests that pre-training can help stabilize
the training of more complex models, enabling them to better
utilize their capacity for feature extraction.

In our exploration of regularization techniques, weight de-
cay emerged as a promising approach for maximizing the
benefits of pre-trained models. However, other techniques such
as layer freezing and layer-wise learning rate decay showed
decreased performance, while affinity regularization failed
to improve model accuracy in the neural network ensemble
setting.

B. Limitations

A key limitation of our study is hyperparameter optimiza-
tion. Due to computational constraints, we couldn’t exhaus-
tively tune hyperparameters for each model configuration,
which may have limited performance improvements for dif-
ferent architectures.

Another limitation arose when replacing batch normaliza-
tion with group normalization. The group normalization layers
were reinitialized instead of being trained, which may have
hindered the model’s ability to fully benefit from pre-training,
particularly in handling batch statistics across different data
distributions.

C. Future Work

Our findings open several promising avenues for future
research:

1) Investigation of alternative regularization techniques
specifically designed for OFL with pre-trained models.
Given the limited success of traditional regularization
methods, developing approaches that better account for
the continuous nature of OFL could yield significant
improvements.

2) Exploring the integration of the diversity term into the
loss function, given its complementarity to the affinity
term, as demonstrated in prior studies.

3) Exploration of custom pre-training approaches using
datasets like Tiny ImageNet, specifically designed to
address the initialization issues with normalization lay-
ers. This could help ensure that all model components,
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including group normalization layers, benefit from pre-
training, potentially leading to better overall perfor-
mance.

4) Development of adaptive checkpoint selection mecha-
nisms. Given that optimal stopping points may vary
across clients in heterogeneous settings, future work
could explore training a meta-network that considers
data distribution characteristics to determine client-
specific stopping points. This approach might help
achieve the performance gap reduction seen in tradi-
tional FL within the OFL setting. Such a network could
learn to analyze local data distributions and model be-
havior patterns to make informed decisions about when
to checkpoint each client’s model.

These research directions could help bridge the gap between
theoretical understanding and practical implementation of pre-
training in OFL systems, ultimately leading to more robust and
efficient federated learning solutions.

VII. CONCLUSION

This work presents a thorough investigation of pre-training
effects in One-shot Federated Learning, revealing that the
benefits observed in traditional Federated Learning do not
directly transfer to the one-shot setting. While pre-training
proves ineffective at reducing the IID/non-IID performance
gap in OFL, it demonstrates value in stabilizing more com-
plex architectures and can potentially be enhanced through
appropriate regularization techniques. These findings provide
important insights for OFL behavior.
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APPENDIX

A. Compute Resources

The cluster used for training consists of

• 2 x AMD EPYC 9454 48-Core Processor with 8 x
NVIDIA H100 SXM5 80GB HBM3 GPU

• 2 x AMD EPYC 7543 32-Core 2.8GHz Processor with
8 x NVIDIA A100 SXM4 80GB GPU

• 2 x Intel(R) Xeon(R) Gold 6240 18-Core 2.60GHz Pro-
cessor with 4 x NVIDIA V100 SXM2 32GB GPU.

In wall-clock time, the local models training takes around 2.5
hours for ResNet-18, 4 hours for ResNet-50. Incorporating
the affinity loss term caused the ResNet-18 model training to



MASTER SEMESTER PROJECT, AUTUMN 2024 9

take 16 hours. Aggregation training requires approximately 30
minutes.

B. Seeds on high heterogeneity

An interesting observation was the significant influence of
the random seed on the final accuracy of all OFL ensemble
models in the highest heterogeneity setting (α = 0.05).
Specifically, the second seed (91) always underperformed
compared to the first and third seeds (90 and 92) across
both NN aggregation and weighted averaging. This disparity
particularly affected the weight decay regularization results, as
summarized in Table V.

Method Seed 90 Seed 91 Seed 92

Base ResNet-18 Pre-trained 69.18 63.82 69.08
Weight Decay 69.68 64.52 69.46
Layer Freezing 68.58 63.10 68.56
Learning Rate Decay 67.72 62.34 68.54

TABLE V: Comparison of methods across different random
seeds (90, 91, 92).

As shown in Table V, the weight decay regularization
method consistently achieved the highest accuracy across all
seeds, outperforming the other methods. This supports the con-
clusion regarding the potential of weight decay regularization
discussed in Section V-C.
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