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Abstract

Traditional Federated Learning (FL) necessitates numerous
rounds of communication between the server and clients,
posing significant challenges including high communica-
tion costs, connection drop risks and susceptibility to pri-
vacy attacks. One-shot FL has become a compelling learn-
ing paradigm to overcome above drawbacks by enabling the
training of a global server model via a single communica-
tion round. However, existing one-shot FL. methods suffer
from expensive computation cost on the server or clients
and cannot deal with non-IID (Independent and Identically
Distributed) data stably and effectively. To address these
challenges, this paper proposes FedCGS, a novel Federated
learning algorithm that Capture Global feature Statistics
leveraging pre-trained models. With global feature statistics,
we achieve training-free and heterogeneity-resistant one-shot
FL. Furthermore, we extend its application to personalization
scenario, where clients only need execute one extra commu-
nication round with server to download global statistics. Ex-
tensive experimental results demonstrate the effectiveness of
our methods across diverse data-heterogeneity settings.

Code — https://github.com/Yuqin-G/FedCGS

Introduction

Federated Learning (FL) is an emerging framework that en-
ables multiple parties to participate in collaborative learning
under the coordination of a central server, which aggregates
model updates rather than private data, enhancing privacy in
distributed learning (McMahan et al. 2017). However, typ-
ical FL requires numerous communication rounds between
the server and clients, leading to significant challenges. First,
clients must maintain constant connections with the server
to upload and receive updates, resulting in high communica-
tion costs and the risk of connection drops (Li et al. 2020b;
Kairouz et al. 2021; Chen et al. 2023), which is unbearable
for bandwidth-limited or real-time FL applications. Second,
frequent communication increases the system’s vulnerabil-
ity to data and model poisoning attacks (Mothukuri et al.
2021; Rao et al. 2024; Guan et al. 2024; Yazdinejad et al.
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2024), as adversaries can refine their strategies by exploit-
ing global model updates, compromising the learning pro-
cess and model integrity.

To solve above challenges, one-shot FL, which restricts
the communication rounds between clients and the server
to a single iteration (Guha, Talwalkar, and Smith 2019),
has emerged as a promising solution. Existing one-shot FL.
methods can be broadly divided into three categories: 1)
Knowledge distillation methods (Li, He, and Song 2021;
Zhang et al. 2022; Dai et al. 2024). 2) Generative methods
(Heinbaugh, Luz-Ricca, and Shao 2023; Yang et al. 2024a,
2023,2024b). 3) Bayesian methods (Neiswanger, Wang, and
Xing 2013; Jhunjhunwala, Wang, and Joshi 2024; Hasan
et al. 2024). Knowledge distillation methods obtain global
models by distilling knowledge from an ensemble of client
models using auxiliary public data or synthetic data gener-
ated by the ensemble. However, these distillation steps im-
pose a significant computational cost on the server and re-
quire careful hyperparameter tuning (Kurach et al. 2019).
Generative methods aim to train the global model on the
server by using synthetic samples that match the distribu-
tion of each client’s data. These approaches, though effec-
tive, brings about privacy concerns when the generated data
closely mimics the original client data in the server (Rao
et al. 2024; Carlini et al. 2023). Bayesian methods approxi-
mate each client’s posterior distribution and aggregate them
into a global model within a single communication round.
However, these methods face high computational and mem-
ory costs, and using approximations to reduce these costs
can lead to significant errors, compromising both calibration
and accuracy (Neiswanger, Wang, and Xing 2013; Hasan
et al. 2024). Moreover, both of these three kinds of methods
have poor performance and robustness when dealing with
non-IID (Independent and Identically Distributed) data.

Recently, FedPFT (Beitollahi et al. 2024) has been pro-
posed to leverage pre-trained models to improve both the
accuracy and computation efficiency of one-shot FL. Specif-
ically, each client uploads the Gaussian Mixture Mod-
els (GMMs) learned from class-conditional feature. Sub-
sequently, the server trains a classifier using synthetic fea-
tures generated from GMMs on the server. With compet-
itive performance, low computation overhead and robust-
ness to data heterogeneity, FedPFT (Beitollahi et al. 2024)
shows the feasibility of adapting the classifier with fixed



pre-trained backbone in one-shot FL. However, GMMs may
not effectively fit the local feature distributions. Addition-
ally, different sampling and training strategies will influence
the final performance. Actually, there is no need to gener-
ate clients’ features for training the classifier. We can obtain
the parameter-free classifier heads using feature statistics if
we could get the global feature statistics. In this paper, we
propose FedCGS, a novel Federated algorithm that Capture
Global feature Statistics in a communication-efficient and
privacy-preserving way by leveraging pre-trained models.
We then utilize these statistics to achieve global one-shot
FL and personalized one-shot FL. with competitive perfor-
mance. Our key contributions are highlighted as follows:

* We propose FedCGS, a FL framework that utilizes
pre-trained model to capture global feature statistics in
computation-efficient and privacy-preserving manner.

Leveraging global feature statistics, we make use a
parameter-free Naive Bayes classifier instead of the
learnable linear classifier to achieve heterogeneity-
resistant one-shot FL with competitive performance. Ad-
ditionally, we propose personalized one-shot FL that
each client uses these statistics as feature alignment reg-
ularizer for local training through one extra communica-
tion round to download the global statistics.

Extensive experiments show that FedCGS improve
communication-accuracy frontier both in label shift and
feature shift settings.

Related Work
One-shot Federated Learning

Existing one-shot FL. methods can be broadly divided into
three categories: 1) Knowledge distillation methods (Li,
He, and Song 2021; Zhang et al. 2022; Dai et al. 2024).
2) Generative methods (Heinbaugh, Luz-Ricca, and Shao
2023; Yang et al. 2024a, 2023, 2024b). 3) Bayesian methods
(Neiswanger, Wang, and Xing 2013; Jhunjhunwala, Wang,
and Joshi 2024; Hasan et al. 2024).

Guha et al. (Guha, Talwalkar, and Smith 2019) introduce
the first one-shot FL algorithm, which uses an ensemble of
local models as the final global model. Knowledge distil-
lation methods aim to reduce storage by consolidating the
ensemble into a single model through knowledge distilla-
tion. FedKT (Li, He, and Song 2021) achieve knowledge
distillation using public data. DENSE (Zhang et al. 2022)
eliminates the dependency on public data by using the en-
semble of client-uploaded local models to train a generator,
which then produces synthetic data for knowledge distilla-
tion. Similarly, Co-Boosting (Dai et al. 2024) progressively
enhances both the ensemble model and the synthesized data
to improve knowledge distillation. However, these methods
demand substantial computation on the server and require
meticulous hyperparameter tuning.

Generative methods are proposed to train the global
model on the server using generated data. DOSFL (Zhou
et al. 2020) trains the global model on the server using the
distilled synthetic data from local clients. FedCVAE (Hein-
baugh, Luz-Ricca, and Shao 2023) trains a conditional vari-
ation auto-encoder (CVAE) on each client, after which the
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decoders and the local label distribution are sent to the
server to generate data for training a global model. FedDISC
(Yang et al. 2024a) utilize data features to generate samples
through auxiliary pre-trained diffusion model in context of
semi-supervised FL. Like this, FGL (Zhang et al. 2023),
FedCADO (Yang et al. 2023) and FedDEO (Yang et al.
2024b) upload text prompts, classifiers and descriptions re-
lated with local data distribution respectively to provide suit-
able guidance for diffusion model. Nevertheless, generating
data on the server that closely resembles client data raises
privacy concerns (Carlini et al. 2023).

Bayesian methods estimate the posterior distribution of
each client model within a Bayesian framework and ag-
gregate them into a global model. (Neiswanger, Wang, and
Xing 2013) demonstrate how to aggregate local posteri-
ors in a single communication round in FL. (Hasan et al.
2024) introduce a novel aggregation technique that inter-
polates between predictions from the Bayesian Committee
Machine (Tresp 2000), reducing errors from approximations
(Neiswanger, Wang, and Xing 2013). FedFisher (Jhunjhun-
wala, Wang, and Joshi 2024) and FedLPA (Liu et al. 2023)
utilize the empirical Fisher information matrix to approxi-
mate local posteriors, which are then used to compute the
mode of the global posterior. Although Bayesian one-shot
FL methods offer strong theoretical guarantees, they suffer
from high computational costs, especially when dealing with
large models.

Recently, FedPFT (Beitollahi et al. 2024) was introduced
to enhance both accuracy and computational efficiency in
one-shot FL by leveraging pre-trained models. In this ap-
proach, each client uploads the GMMs learned from class-
conditional features, and the server then trains a global clas-
sifier using synthetic features generated from these GMMs.
FedPFT (Beitollahi et al. 2024) demonstrates the effective-
ness of adapting a classifier with a fixed pre-trained back-
bone in one-shot FL. However, sampling features to train
a linear classifier can lead to a performance bottleneck, as
GMMs may not effectively fit the local feature distributions,
especially when local data is insufficient. Moreover, the vari-
ations of sampling strategies and classifier training configu-
rations will affect the final performance. Distinct from this,
we capture global feature statistics through a carefully de-
signed uploading scheme and directly obtain the Gaussian
Naive Bayes head as the global classifier in a training-free
manner.

Federated Learning with pre-trained Models

Pre-trained models, such as ResNet (He et al. 2016), ViT
(Dosovitskiy et al. 2021) or BERT(Devlin et al. 2019), have
been widely used to benefit downstream tasks. Recently, FL
with pre-trained Models is becoming a popular topic with
the increasing prevalence of pre-trained models (Nguyen
et al. 2022; Chen et al. 2022). Due to the millions of pa-
rameters in pre-trained models, fine-tuning the entire model
in FL leads to high communication costs and memory foot-
print issues. Therefore, recent research suggests that using
parameter-efficient tuning methods, such as Adapter (Chen
et al. 2024), Prompt Tuning (Guo, Guo, and Wang 2023;
Guo et al. 2023; Li et al. 2024; Bai et al. 2024), Low-Rank



Adaption (Wu et al. 2024; Nguyen, Munoz, and Jannesari
2024). In our method, we fix the backbone of the pre-trained
model, and utilize it to extract features from local dataset for
subsequent steps.

Method
Problem Formulation

Federated Learning (FL) involves a server coordinating with
several clients to collaboratively train a global model with-
out sharing private data. Suppose a FL system that con-
sists of a central server and M clients with their local
datasets Dy, ..., Dy, correspondingly. These local datasets
are sampled from M distinct distributions and have differ-
ent sizes. The goal of FL is to train a global model w that
optimizes the following loss function across all clients:

nblnﬁ Z Li( (1
ZG[M
where £;(0) = Ilgi\ > s.ep, L(0;0;) is the empirical risk
objective computed on the local data set D; at the ¢-th client,
£(-,-) is a loss function and d; denotes a sample from D,;.
In contrast, the goal of personalized Federated Learning

(pFL) is to personalize the global model with labeled data of
each client to better adapt to the local data distribution:

min £(07.5r) Z Li( ()
01.m
16[1\/[]
Here, 01.)s denotes the collection of local models.

Capture Global Feature Statistics

As shown in Fig 1, in our FedCGS, each client ¢ extracts
class-specific features from its own dataset for each class

Jj € '{17 e C} and calculates the statistics S; = {B;} U
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where D] = {x}, € D; | y = j} and f denotes the fea-
ture extractor of the pre-trained model. After that, each client
uploads S; to the server. Now, we demonstrate how to cal-
culate global prototype and global empirical covariance (of
features) with these uploaded parameters:

global prototype pu = [u', p%,--- ,u¢]. We denote N7
as the total number of instances belonging to class j over

all clients (N7 = S°M  N7) and A7 as the sum of features
belonging to class j over all clients (47 = ZM AJ
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Figure 1: Framework of our FedCGS. S; is the local statis-
tics of client ¢ as shown in . We obtain global feature statis-
tics through aggregating local feature statistics

global empirical covariance of features 3. Here, we de-
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where ;o denotes the global mean of features. We could get
w as follow:
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Algorithm 1 summarizes the procedure of FedCGS with
pseudocode. Noticed that each client is required to upload
the class-wise label count N7, which could potentially lead
to the leakage of label information. However, for subse-
quent calculations, only the aggregated label counts N7 is
necessary. Therefore, we can employ Secure Aggregation
(Bonawitz et al. 2017) as shown in line 5, ensuring that the
server does not gain access to any individual client’s label
information. Detailed discussion about privacy can be found
in Discussion.

Subsequently, we illustrate how to utilize global feature
statistics to achieve global one-shot FL and personalized
one-shot FL with outstanding performance.

FedCGS for global one-shot FL.

Instead of sampling synthetic features from GMMs to di-
rectly train the linear head (Beitollahi et al. 2024), we fix the
pre-trained models as backbone and use a Gaussian Naive



Algorithm 1: Procedure of FedCGS
Server Executes:
1: for client i = 1 to M do {in parallel}

2: {A],N/}S_,, Bi + ClientStats(D;)
3: end for
4: for each class j € C' do
5: N7 < SecureAgg (Zj\il NZ)
6: A3 A
7w« —AJ
8: end for . _
9: N« >0 N
o .
10: A3 2 Al
11: B« YMY B;
122 8« A5 (B-—p"A—ATp+ Nu'p)

ClientStats(D;)

1: for eachclass j € C do

2:  LetD! ={x) € Di|yx = 5}, |D}| = N/
3 A=Y, f2)

4: end for '

50 Bi ¢ Y ,cp, f(@) " f(2)

6

s return S; = {B;YU{(AJ,N))|j=1,...,C}

Bayes classifier as the head of network, which can be con-
figured directly from feature statistics. For class j, the class
probability for a test point z* is:

N (f (2
i
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©)

p(y* = j|f(l'*),71',[,t, 2) =

_ mexp () 2 @) - J(e) TS )
S5 myexp (W) TS f(at) = S(ud) T ")
(10)

where 7; NWJ Therefore, the weight W € RE*4 and the
bias b € R for the classifier can be expressed as:

1. |
() T2

3 an

wj = Z_luj,bj =logm; —
Refer to appendix for detailed calculation.

FedCGS for personalized one-shot FL.

Unlike existing one-shot FL, FedCGS can benefit personal-
ized FL leveraging global feature statistics. The clients only
need to execute one extra communication round to download
global feature statistics after obtaining global feature statis-
tics, which is the reason we call it personalized one-shot FL.

In personalized FL, each client usually owns insufficient
data, making the locally learned feature representation prone
to overfitting and poor generalization. Here, each client uses
global prototypes @ downloaded from server as a regular-
ization term for better local feature representation learning
(finetune entire model on local datasets). Specifically, tak-
ing client 7 as an example, the objective of local training can
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be formulated as:
rréi_n L(0;) = Li(0;) + AR (0, p),

A ¢ 12
7JZZfo9 MJHQ’

Z j=1 TED]
(12)

Feature alignment regularizer R (-, -) has been proven to be
highly effective in few-shot learning, domain adaption and
federated learning (Li et al. 2020a; Tan et al. 2022; Xu,
Tong, and Huang 2023). Different from existing personal-
ized FL methods that involves feature alignment, our global
prototype p remains fixed while others, like FedProto (Tan
et al. 2022), updates it in the server with each communica-
tion round.

Experiments

To show the effectiveness of our proposed FedCGS, we con-
duct experiments on both the global one-shot FL and the
personalized one-shot FL. More details and extra results are
included in the appendix.

Global one-shot FL

Datasets and Partitions. Our experiments are conducted
for classification task on the following image datasets:
SVHN (Netzer et al. 2011), CIFAR10 (Krizhevsky, Nair,
and Hinton 2009b), CIFAR100 (Krizhevsky, Nair, and
Hinton 2009a), PACS (Li et al. 2017), and OfficeHome
(Venkateswara et al. 2017). For label shift scenario, we
use Dirichlet distribution to generate disjoint non-IID client
training datasets as same as other global one-shot FL. meth-
ods (Zhang et al. 2022; Heinbaugh, Luz-Ricca, and Shao
2023; Dai et al. 2024) for fair comparison. For feature shift
scenario, we follow the domain generalization settings in
(Bai et al. 2024). Specifically, we select three domains for
training and distribute their data across M clients. Data from
a single domain may be spread across multiple clients, but
each client belongs to only one domain. The global model is
then tested on the target domain. For all datasets, we adopt
a commonly used ResNet18 (He et al. 2016) pre-trained on
ImageNet as the backbone.

Baselines. To evaluate our proposed method, we compare it
with the canonical baseline FedAvg (McMahan et al. 2017),
Ensemble and other state-of-the-art (SOTA) methods in one-
shot FL : Dense (Zhang et al. 2022), Co-Boosting (Dai et al.
2024), and FedPFT (Beitollahi et al. 2024). DENSE is the
first data-free knowledge distillation method for one-shot
federated learning, which distills knowledge from an en-
semble of client models. Ensemble maintains an ensemble
of local models at the server, serving as the upper bound
for DENSE. Ensemble is a strong baseline, but it requires
storing all local models on the server, which leads to signifi-
cant storage overhead and limits scalability and efficiency.
Co-Boosting is the SOTA one-shot FLL method based on
data-free knowledge distillation, which improves the qual-
ity of the ensemble model and data generation simultane-
ously. We avoid comparing with baselines that are inher-
ently multi-round, such as FedProx (Sahu et al. 2019), as



\ o \ FedAvg (one-shot)  Ensemble DENSE Co-Boosting FedPFT FedCGS

0.05 13.97+1.26 38.81£0.89  31.26+£0.73  44.37+0.42  56.08+0.49 63.95+0.00

CIFAR10 | 0.1 27.28+1.34 57.29+0.54 56.21+0.24  60.41+0.67 56.43+0.23  63.95+0.00
0.5 51.91+0.46 66.00£0.42 62.42+0.43  67.43+x0.36 56.80+0.18 63.95+0.00

0.05 17.57+0.58 22.43+0.63 14.31+0.61  20.30+0.76  36.79+0.21  39.95+0.00

CIFAR100 | 0.1 21.46+0.38 28.07+£0.47 17.21+£0.36  24.63+0.64  37.16+0.34  39.95+0.00
0.5 35.26+0.22 37.89+0.49 26.49+0.32 3443045 37.95+0.27 39.95+0.00

0.05 16.75+0.63 42.26+£0.54 37.49+042 41.90+0.38  42.55+0.24 57.77+0.00

SVHN 0.1 24.88+0.39 53.34+0.23  51.53+0.37 57.13+£0.28  43.03+0.17 57.77+0.00
0.5 44.39+0.46 82.93+0.29 77.44+0.26  84.65+0.24  43.84+0.42 57.77+0.00

Table 1: Test accuracy (%) of the global model for different methods over three datasets at three levels of statistical heterogeneity

(where a lower « signifies more heterogeneity).

‘ Domain ‘ FedPFT FedCGS
P 87.98+1.13 91.02+0.00
A 58.34+2.30 64.21+0.00
PACS C 46.15+1.55 52.30+0.00
S 36.96+1.62 41.03+0.00
| Avg | 57.36£1.65 62.14£0.00
P 67.98+0.71 68.75%£0.00
A 55.74+0.46 57.44+0.00
OfficeHome C 39.26+1.01 40.99+0.00
R 67.75+0.68 73.28%0.00
| Avg | 57.68£0.72  60.12£0.00

Table 2: Test accuracy (%) of the global model of different
methods in PACS and OfficeHome dataset on the domain
generalization test mechanism.

their performance would be similar to FedAvg after a single
round. Additionally, we exclude algorithms that need auxil-
iary data (Lin et al. 2020) or pre-trained generative models
(Heinbaugh, Luz-Ricca, and Shao 2023; Yang et al. 2024b,a,
2023) to ensure fairness of comparison. In feature shift sce-
nario, since the official implementations for this settings are
not provided, we mainly compare our FedCGS with FedPFT.
Additional comparisons with other baselines can be found in
appendix.

Configurations. In the label shift scenario, we simulate a
federated learning environment with 10 clients and set the
client participation ratio p to 1, as in existing one-shot fed-
erated learning methods (Zhang et al. 2022; Dai et al. 2024).
In the feature shift scenario, the data from each source do-
main is randomly split across 5 clients, resulting in 15 clients
in total for 3 domains. For methods involving backpropa-
gation training (FedAvg, Ensemble, DENSE, Co-Boosting,
FedPFT), we set the batch size to 128, the number of epochs
to 50, and use the Stochastic Gradient Descent (SGD) opti-
mizer with momentum = 0.9 and the learning rate = 0.01. For
data-free knowledge distillation, we use the same generator
as in (Dai et al. 2024; Zhang et al. 2022). It is trained with
the Adam optimizer, a learning rate of le-3, for 30 epochs.

FedPFT uploads the GMMs G (K ;) with a diagonal covari-
ance. Here G(K) is the family of all Gaussian mixture dis-
tributions comprised of K, components. Specifically, we set
K as 10. For each client, the class-wise label counts are
used to sample the corresponding number of features from
each GMMs to construct the training dataset.
Experimental Results. We verify that the proposed Fed-
CGS outperforms existing global one-shot FL. methods in
most cases. As shown in Table 1 and Table 2, we test
the performance of global one-shot method in the label-
shift setting and feature-shift setting, respectively. For label
shift setting, we have the following observations: (1) Tra-
ditional FL algorithm FedAvg, which usually requires mul-
tiple rounds to converge, performs poorly in this one-shot
scenario. (2) Ensemble is the upper bound of DENSE, and
it is surpassed by Co-Boosting in some cases. Co-Boosting
introduces several strategies to improve both the gener-
ated data and the quality of the ensemble model. However,
these improvements cannot be achieved under high statis-
tical heterogeneity. (3) All baselines except FedPFT suffer
from a large performance deterioration under high statisti-
cal heterogeneity (o = 0.1, 0.05) (4) Most existing methods
exhibit considerable performance variability with different
random seeds. (5) In our FedCGS, dataset partitioning does
not affect the global quantities A and B, so our FedCGS is
immune to statistical heterogeneity and achieves competi-
tive results compared to most existing global one-shot FL.
methods, especially under extremely high statistical hetero-
geneity (o = 0.05). Specifically, FedCGS surpasses the best
baseline by substantial margins with 7.87%, 3.16%, 15.22%
on CIFAR10, CIFAR100, SVHN respectively. Additionally,
since no training is involved, the performance remains sta-
ble. For feature shift, as demonstrated in our results, Fed-
CGS achieves the highest average accuracy and consistently
outperforms FedPFT across all target domains. This further
substantiates the efficacy of our proposed method.

Personalized one-shot FL

Datasets and Partitions. As same as global one-shot FL,
we conduct experiments on SVHN (Netzer et al. 2011), CI-
FARI10 (Krizhevsky, Nair, and Hinton 2009b), CIFAR100
(Krizhevsky, Nair, and Hinton 2009a) using ResNet18 pre-
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trained on ImageNet. For data partitions, we follow the pre-
vious personalized FL methods (Zhang et al. 2020; Huang
et al. 2021; Xu, Tong, and Huang 2023) that all clients have
same data size, owning s% of data (20% by default) uni-
formly sampled from all classes and (100 — s)% from a set
of dominant classes.

Baselines. We compare the performance of our method
against following baselines: Local-only, where each client
trains its model locally; FedAvg (McMahan et al. 2017) with
vanilla local training; FedAvg-FT that learns a single global
model and locally fine-tuned on local datasets, a simple but
strong baseline; FedProto (Tan et al. 2022), FL. with only
prototype sharing.

Configurations. We use ResNet18 pre-trained on ImageNet
for all datasets. During local training phase for each client,
we employ mini-batch SGD as the local optimizer and set
the batch size to 128, the local epoch to 1 for traditional per-
sonalized FL, 200 for Local-only and ours. The momentum
is set to 0.5, the learning rate is set to 0.01, the weight decay
is set to Se-4 as (Xu, Tong, and Huang 2023). The number
of global communication rounds for traditional personalized
FL is set to 100 across all datasets. All results are reported
averaged across 3 random seeds.

Experimental Results. As shown in Table 3, FedProto (Tan
et al. 2022) and ours consistently outperform the baseline
FedAvg (McMahan et al. 2017) and Local-only. This sug-
gests that the discrepancy between local and global fea-
ture distributions could lead to higher generalization error
and the feature alignment regularization is a good solution.
Additionally, We observer that our FedCGS performs simi-
larly to, and in some cases better than, FedProto (Tan et al.
2022) (e.g., on CIFAR10). That means that fixed global pro-
totypes in FedCGS plays same role as the updated global
prototypes in FedProto (Tan et al. 2022), which illustrates
that features extracted by pre-trained models are sufficiently
strong enough to capture meaningful patterns (Janson et al.
2022; Beitollahi et al. 2024). FedAvg-FT achieves best re-
sults across all datasets, which verifies the statement that
FedAvg-FT is a strong baseline, even outperforming many
personalized FL approaches. We want to emphasize that the
contribution of our personalized one-shot FL lies in provid-
ing a method to enhance local model performance without
requiring multiple communication rounds.

| CIFARIO | CIFARI00 | SVHN
Local-only | 76.25+0.26 | 54.06+0.28 | 80.73+0.37
FedAvg 75.70+0.58 | 48.17+0.51 | 81.16+0.41
FedAvg-FT | 80.47+0.32 | 60.97+0.24 | 84.03+0.23
FedProto 78.07+0.76 | 55.97+0.72 | 82.14+0.57
FedCGS 78.30+0.39 | 55.56+0.61 | 81.20+0.45

Table 3: The comparison of final test accuracy (%) on differ-

ent datasets.

In-deepth Study

Naive Gaussian classifier head. We use the real global fea-
ture statistics captured by FedCGS to generate features in

a GMM style and train the linear head as FedPFT. Addi-
tionally, we train a linear head in the centralized scenario
(using all raw features) and compare the results with our
Naive Gaussian classifier head. As shown in Fig 2, the Naive
Gaussian classifier head achieves performance comparable
to ”Centralized” and outperforms “Linear” (the linear head
trained with generated features). “Linear” can be regarded
as the upper bound of FedPFT, since it uses global fea-
ture statistics to generate features for training, while FedPFT
uses local statistics. This explains why FedCGS outperforms
FedPFT.
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Figure 2: Performance comparison using different classifier
configurations.

Feature expansion. Given that pre-trained feature extrac-
tors may not expressive enough for clear class separation,
we inject a same random projection layer with nonlinear ac-
tivation between each client’s pre-trained feature representa-
tions and output to enhance linear separability. We conduct
experiments on three datasets using pre-trained ResNet18.
As shown in Fig 3, feature expansion improves performance
across all datasets, with particularly notable gains on the
more challenging CIFAR100 dataset. Feature expansion sig-
nificantly enhances performance but also increases commu-
nication overhead (larger d), necessitating a trade-off be-
tween the performance and communication overhead.
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Figure 3: Results of Feature expansion.

Different pre-trained models. Our method relies on the
feature extraction capabilities of pre-trained models, so here



we conducted experiments on three datasets using differ-
ent pre-trained models including ResNet18, ResNet50, Mo-
bileNetV2, EfficientNetB0. As shown in Table 4, using pre-
trained ResNet50 consistently outperforms others. This indi-
cates that our method could achieve significantly great per-
formance if we own a strong enough pre-trained model.

| CIFAR10 | CIFARI00 | SVHN

ResNet18 63.95 39.95 57.77
ResNet50 70.32 46.08 60.31
MobilenetV?2 57.87 24.39 37.49
EfficientNetB0 56.80 31.20 53.80

Table 4: Evaluation (%) of FedCGS using different pre-
trained model.

Comparison with CCVR. We note that CCVR (Luo et al.
2021) shares similar idea as our proposed FedCGS. Specif-
ically, CCVR uploads all clients’ local label distribution,
class-wise mean and class-wise covariance, and utilizing
them to compute the global features distribution statistics
in the server. Finally, virtual features are generated using
GMMs to retrain the classifier as the final global classifier.
However, there are several key differences which we would
like to mention. Firstly, in CCVR, each client uploads the
class-wise covariance, which causes significant communica-
tion overhead. Secondly, the computation process for global
statistics in CCVR is incompatible with Secure Aggrega-
tion, like ours. Thirdly, CCVR faces a challenge similar to
FedPFT (Beitollahi et al. 2024), where variations in sam-
pling strategies and training configurations affect the results.

Discussion
Communication Overhead

Our proposed method only transmits local feature statistics
S;, rather than model updates, to the server. Taking the case
that using pre-trained ResNet18 on CIFAR10 as an example,
the transmitted parameters of Fed Avg/DENSE/Co-Boosting
is |6] = 11,181,642, FedPFT is (2d + 1)K,C = 102,500
and ours is (C' + d) x d + C = 267,274. Our proposed Fed-
CGS achieves higher and more stable accuracy while keep-
ing communication overhead low.

Privacy Discussion

Within the framework of the FedCGS algorithm, each client
i uploads statistics S; as shown in Algorithm 1. Upload-
ing these statistics may arise concerns of potential privacy
risk. However, FedCGS only utilizes the aggregated val-
ues N7,A7,B rather than individual values N7, A7, B; re-
lated with a specific client ¢, therefore Secure Aggregation
(Bonawitz et al. 2017; Mai, Yan, and Pang 2024) can be em-
ployed to ensure that the server only receive the aggregated
values. Existing one-shot FL. methods (Zhang et al. 2022;
Dai et al. 2024; Heinbaugh, Luz-Ricca, and Shao 2023;
Jhunjhunwala, Wang, and Joshi 2024; Yang et al. 2024a,
2023, 2024b; Beitollahi et al. 2024) all need to utilize the
individual values from each client for subsequent steps. For
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example, Co-Boosting requires the parameters of each client
model to build the ensemble, while FedPFT needs the class
information from each client for sampling. This means that
Secure Aggregation cannot be employed to enhance their
privacy-preserving capability.

Considered that applying Secure Aggregation may incur
additional communication overhead. We offer two options:
one is to perform Secure Aggregation for all the local up-
loaded variables, and the other is to apply it only to client

label counts {Nf jC:l to prevent leakage of the local label

distribution, as shown in Algorithm 1. For {Af jC:1 and B;,
it’s difficult to recover private data of client ¢ from these vari-
ables, as they represent the sum of many features. To empir-
ically analyze it, we utilize the feature inversion technology
(Ulyanov, Vedaldi, and Lempitsky 2018). Consider a favor-
able scenario for the attacker, where client j has only a few
samples from the same class. In this case, the server, acting
as an attacker, attempts to reconstruct a specific data sam-
ple from client j using the uploaded variables. The results in
Figure 4 indicate that the uploaded variables cannot be used
to recover the client’s original data.

Inversion Results

Ground Truth

Figure 4: Results of inversion attacks on CIFAR100. As-
sume a client has only 4 ”aquarium fish” samples, as shown
in Ground Truth. The server attempts to reconstruct a spe-
cific data sample from this client. If the server has access to
the Raw Feature of each sample, the reconstructed results
are clear. However, when using our uploaded variables, the
results are poor. The PSNR value (red) is displayed below
each reconstructed image as a quantitative measure.

Conclusion

We introduce FedCGS, a novel FL framework that lever-
ages pre-trained models to capture global feature statis-
tics. By utilizing these global feature statistics, we employ
a parameter-free Naive Bayes classifier instead of a learn-
able linear classifier, enabling heterogeneity-resistant one-
shot FL with competitive performance. Additionally, we
propose a personalized one-shot FL approach, where each
client uses these statistics as a feature alignment regular-
izer for local training, facilitated by one additional com-
munication round to download the global statistics. Exten-
sive experiments demonstrate that FedCGS enhances the
communication-accuracy trade-off in various scenarios.
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