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Abstract

Federated Domain Generalization (FDG) aims to learn a
model from multiple distributed source domains that gener-
alizes well to unseen target domains. While transformers
have achieved remarkable success in various computer vi-
sion tasks, their application to FDG is hindered by their
large size, leading to high communication costs and de-
manding substantial data for effective fine-tuning. Inspired
by the recent progress in parameter-efficient fine-tuning, we
propose a novel approach for FDG that leverages Mixture
of Experts (MoE) within a federated learning framework.
Specifically, we employ a frozen, pre-trained vision trans-
former (ViT) as a backbone and introduce trainable MoE
adapters based on Kronecker products at each client. This
allows us to train only a small fraction of parameters, sig-
nificantly reducing both computational and communication
overhead. Furthermore, the MoE architecture promotes di-
verse feature learning, which is crucial for generalization
to unseen domains. Crucially, during inference, we dynam-
ically combine the client-specific MoE adapters based on
a novel test-time weighting scheme. This weighting is de-
termined by calculating the cosine similarity between the
feature statistics of a given test batch and those tracked at
each client during training. We demonstrate empirically
that our approach, outperforms existing methods that rely
on extensive fine-tuning of large pre-trained models, high-
lighting the efficacy of parameter-efficient fine-tuning and
test-time adaptation for FDG. Our results highlight the cru-
cial role of pre-trained features and the advantages of using
MOoE adapters in the context of federated domain general-
ization. The code is available at: https://github.
com/AhmedMostafaSoliman/FedDG-MoE/

1. Introduction

Federated Learning (FL) [27] has emerged as a powerful
paradigm for training machine learning models collabo-
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ratively across decentralized datasets residing on multiple
client devices (e.g., mobile phones, hospitals). This ap-
proach offers significant privacy advantages by enabling
model training without direct data exchange. However, a
key challenge in FL is the heterogeneity of data distribu-
tions across clients, which can significantly degrade the per-
formance of the globally aggregated model. Federated Do-
main Generalization (FDG) [24] specifically addresses this
issue, aiming to train a model that generalizes well to un-
seen target domains, whose data distributions differ from
those seen during training. This is a crucial capability for
real-world FL applications where models are deployed in
diverse environments.

While most existing FDG methods focus on relatively
lightweight convolutional neural networks (CNNs) [23, 40],
recent advances in computer vision have demonstrated the
superior performance of Vision Transformers (ViTs) [4]
across a wide range of tasks. ViTs, however, present sig-
nificant challenges in the FL context. Their large size leads
to substantial communication overhead when transmitting
model updates between clients and the server, a critical bot-
tleneck in FL, especially with limited bandwidth. Further-
more, effective fine-tuning of ViTs typically requires mas-
sive datasets, which are often unavailable in federated set-
tings where individual clients may have limited data. Sim-
ply applying standard FL algorithms like FedAvg [27] or
FedProx [22] to ViTs can lead to poor generalization due to
overfitting to the specific, and potentially biased, data dis-
tributions of the training clients.

Moreover, naively fine-tuning a pretrained ViT can dis-
rupt the valuable knowledge acquired during pretraining.
Recent research [3, 38] has shown that the feature repre-
sentations learned during large-scale pretraining are often
more aligned with the distributions of unseen test domains
than the distributions of the specific source domains used
for subsequent fine-tuning. This suggests that preserving
the pretrained feature extractor is crucial for achieving good
domain generalization.

Parameter-Efficient Fine-Tuning (PEFT) [11, 14] meth-



ods offer a compelling solution to these challenges. PEFT
techniques, such as adapters [13], train only a small num-
ber of additional parameters while keeping the vast major-
ity of the pretrained model frozen. This dramatically re-
duces communication costs in FL, mitigates overfitting due
to limited client data, and, crucially, preserves the valu-
able pretrained feature representations. Inspired by the suc-
cess of Mixture-of-Experts (MoE) models [7, 31] in learn-
ing diverse representations, we propose incorporating MoE
adapters into the FL framework. MoEs can capture a wider
range of features, potentially leading to improved general-
ization performance in unseen domains.

In this paper, we introduce FedDG-MOoE, a novel Fed-
erated Domain Generalization framework that leverages a
pretrained, frozen ViT as a shared feature extractor and
client-specific MoE adapters. During training, each client
trains its own MoE adapter, capturing domain-specific
knowledge, while also tracking statistics (mean and vari-
ance) of the feature embeddings produced by the frozen
ViT. At test time, when a new client with an unknown do-
main presents data, our method adaptively combines the
learned MoE adapters from the training clients. This com-
bination is based on the similarity between the feature dis-
tribution of the new input and the tracked statistics of each
training client. Clients whose feature distributions are more
similar to the input’s distribution contribute more strongly
to the final prediction, effectively leveraging the most rele-
vant expertise from the federation. This differs significantly
from standard FL aggregation methods that average client
model updates without considering input-specific character-
istics.

Our contributions are summarized as follows:
We propose FedDG-MOoE, a novel framework for Feder-
ated Domain Generalization that combines the strengths
of pretrained ViTs, MoE adapters, and input-adaptive
model aggregation.
We leverage PEFT to address the communication and
overfitting challenges of using large ViTs in FL, while
preserving valuable pretrained knowledge.
We introduce a novel test-time adapter fusion mechanism
that dynamically combines client-specific MoE adapters
based on the similarity between the input feature distribu-
tion and the tracked statistics of each training client.
We empirically demonstrate that FedDG-MoE outper-
forms several strong baselines, including methods that
fine-tune entire pretrained models and standard FL algo-
rithms applied to PEFT models, highlighting the benefits
of our input-adaptive approach.

2. Related Work

This section reviews existing literature relevant to our pro-
posed FedDG-MoE framework. We structure the discussion
by first introducing Federated Learning and its challenges,
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then progressing through general Domain Generalization,
Parameter-Efficient Fine-Tuning, Mixture of Experts, and
finally culminating in a focused discussion of Federated Do-
main Generalization.

2.1. Federated Learning

Federated Learning (FL) [27] enables collaborative model
training across decentralized datasets without direct data
sharing. This paradigm is crucial for privacy-sensitive ap-
plications. Foundational FL algorithms include FedAvg
[27], which averages model weights across clients; Fed-
Prox [22], which adds a proximal term to mitigate client
drift; and SCAFFOLD [17], which uses control variates to
correct for client drift. While these methods work well for
relatively homogeneous data distributions, they often strug-
gle with significant data heterogeneity, a common challenge
in real-world FL deployments.

Recently, there has been interest in leveraging large pre-
trained models within FL. Raha et al. [29] investigate the
impact of different pre-trained architectures on Federated
Domain Generalization (FDG) performance, finding that
larger models can improve generalization when fully fine-
tuned. However, full fine-tuning incurs substantial commu-
nication overhead, making it impractical for many FL sce-
narios. This motivates the need for more parameter-efficient
approaches, such as those explored in our work.

2.2. Domain Generalization

Domain Generalization (DG) aims to train a model that
performs well on unseen target domains, given data from
multiple source domains. Unlike Federated Learning, tradi-
tional DG often assumes access to all source domain data si-
multaneously. Common centralized DG techniques include
meta-learning approaches that simulate domain shifts dur-
ing training [21], methods that encourage learning domain-
invariant representations [23], and techniques that align data
distributions across domains [9].

While effective in centralized settings, these traditional
DG methods are not directly applicable to Federated Do-
main Generalization. A core principle of FL is that data
cannot be shared or mixed across clients. Therefore, tech-
niques that rely on accessing and manipulating data from
multiple domains within a single mini-batch are infeasible
in the federated context. This fundamental difference ne-
cessitates the development of specialized FDG methods.

2.3. Parameter-Efficient Fine-Tuning (PEFT)

Parameter-Efficient Fine-Tuning (PEFT) [11, 13] addresses
the challenges of adapting large pre-trained models to new
tasks while minimizing computational and memory costs.
PEFT methods achieve this by updating only a small frac-
tion of the model’s parameters or by introducing a limited
number of new trainable parameters. This is particularly



beneficial in FL, where communication bandwidth is often
limited.

Adapters [13] are a widely used PEFT technique, insert-
ing small, task-specific modules within the layers of a pre-
trained model. LoRA [14] achieves parameter efficiency by
injecting low-rank trainable matrices. Kronecker adapters
[5] have been explored in Natural Language Processing and
have achieved great success. The Kronecker Adapter rep-
resents weight updates as Kronecker products of smaller
matrices. The work in [12] further explores using Kro-
necker adapters, comparing them to different adapter ap-
proaches and finding that they offer stronger performance
when used to adapt pre-trained vision transformers for out-
of-distribution computer vision tasks. Our work builds upon
these results, extending it to a Mixture-of-Experts frame-
work. PEFT methods not only reduce computational and
communication costs but also often improve generalization
by preserving the valuable knowledge learned during pre-
training [3, 38].

2.4. Mixture of Experts (MoE)

Mixture of Experts (MoE) models [7, 31] enhance model
capacity and representation diversity by combining the out-
puts of multiple “expert” networks. A gating network dy-
namically selects which experts are activated for each input,
allowing the model to specialize different parts of its param-
eter space for different types of data. This input-conditional
routing has been shown to improve generalization perfor-
mance, particularly in settings with heterogeneous data dis-
tributions. MoE approaches, while not typically catego-
rized as strict PEFT, still contribute to parameter efficiency
as not every expert is needed for a given input. Lever-
aging a mixture of parameter-efficient adapters has been
utilized in work like [35], and [19]. Our work leverages
the strengths of MoE by incorporating A mixture of Kro-
necker based-adapter in the Federate Domain Generaliza-
tion (FedDG) realm. This challenges the existing state of
the art on FedDG [41] and Centralized DG [37] that lever-
ages prompt-based adaptation of pre-trained models.

2.5. Federated Domain Generalization (FDG)

Federated Domain Generalization (FDG) combines the
challenges of FL and DG, aiming to learn models that
generalize to unseen domains in a decentralized setting.
PLAN [16] addresses FDG through prompt learning and
aggregation. While effective, this approach is limited by
the representational capacity of the prompts. MaPLe [18]
proposed a multi-modal prompt learning method. Fed-
CLIP [26] explores generalization and personalization of
CLIP models. Our approach, FedDG-MoE, distinguishes
itself by incorporating MoE adapters and a novel test-time
adapter fusion mechanism. This allows for greater repre-
sentational power compared to prompt-based methods and
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enables input-specific adaptation, leading to superior gen-
eralization performance, as demonstrated by our empirical
results.

3. Proposed Method

Client 2 (Domain B)

Client 1 (Domain A) Client 3 (Domain C)

Client Data

Clinet Data

MoE Adapter
(Trainable)

MOoE Adapter
(Trainable)

MOoE Adapter
(Trainable)

Figure 1. Federated Domain Generalization Architecture. Each
client (Domains A, B, C) processes local data through a frozen
ViT-Base model followed by a trainable MoE Adapter. The result-
ing parameters (i, o) are sent to the federated server for aggrega-
tion.
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Adapter
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Final Adapter
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Figure 2. Federated Domain Generalization Inference Architec-
ture. The server stores adapter parameters (4, o) from multiple
domains. For an unseen domain, the client extracts features, cal-
culates similarity to known domains, and creates weighted adapter
parameters for final prediction while maintaining frozen ViT-Base
backbones.

3.1. Preliminaries: Federated Domain Generaliza-
tion

Federated Domain Generalization (FDG) aims to learn a
model that performs well on unseen target domains, given
training data from multiple, heterogeneous source domains.
Formally, consider a federation of K clients, where each
client & € {1,...,K} possesses a local dataset D), =



{(z¥,y¥)}i*,. Here, 2% represents an input sample (e.g.,
an image), and y? is its correspondmg label. The data dis-
tribution Py (X,Y") on each client k is assumed to be differ-
ent,ie., P;(X,Y) # P;(X,Y) fori # j. The goal of FDG
is to learn a model, parameterized by 6, that minimizes the
expected loss on unseen target domains:

Y,

where L is a loss function (e.g., cross-entropy), fy is the
model, and Py (X,Y) represents the data distribution of
an unseen target domain. Importantly, during training, we
only have access to the source domain datasets {Dy }5~_,,
and we cannot access any data from the target domains. The
objective in federated learning is typically achieved by op-
timizing the following objective:

minEp, .., cx,v) [£(fo(X),

mlnz NE(x,y)NPk X,Y) [ (fO( ) )]

Where N = Z w—1 k- In standard federated learning,
the global model weights are obtained as a weighted aver-
age of client models:

‘ 3

K

k=1

3.2. Mixture of Kronecker Product Expert
Adapters

N

Inspired by the success of Mixture-of-Experts (MoE) in en-
hancing model capacity and representation diversity, and
building upon the efficiency of Kronecker product decom-
position for parameter-efficient fine-tuning [12], we pro-
pose a novel Mixture of Kronecker Product Expert Adapters
(FedDG-MOoE) approach.

Our method leverages a pretrained Vision Transformer
(ViT) as a shared feature extractor. The ViT parameters
are frozen throughout the training process to preserve the
valuable knowledge acquired during pretraining and reduce
communication overhead. We introduce client-specific
MoE adapters that are inserted into the ViT architecture.
Specifically, we replace the feedforward network (FFN)
within each Transformer block with our MoE adapter layer.

The MoE adapter is designed to approximate the weight
updates of a standard FFN layer in a parameter-efficient
manner. Let W € Rfuwt*din be the weight matrix of a
standard FFN layer. In our MoE adapter, we approximate
the weight update, AW, as a sum of n Kronecker products:

AW =) "A; @ B;,
i=1
where A; € RP*Y are shared slow weights across all
clients, and B; € R"™* are client-specific fast weights,

1814

with dyyy = p -7 and d;;,, = q - s. This decomposition
allows for sharing a significant portion of the parameters
(A;) across clients, while still allowing for client-specific
adaptation through the B; matrices. To further reduce the
parameter count, each B; is decomposed into two low-rank
matrices u; € R™% and v; € R¥**, where k is a small
rank, much smaller than r and s:

Bi = U;V;.

This low-rank decomposition significantly reduces the
number of trainable parameters per client.

Furthermore, our MoE adapter incorporates a learned,
input-dependent routing mechanism. This mechanism dy-
namically selects a subset of the Kronecker product compo-
nents (experts) for each input. Given an input z, the router
computes a set of n logits. These logits are passed through
a softmax function to produce a weight distribution over the
n experts. The output of the MoE adapter is then a weighted
sum of the outputs of the individual experts:

i=1

where «; is the softmax-normalized weight for expert i,
and b is a shared bias parameter. This input-conditional
weighting allows the model to specialize different experts
for different types of inputs, promoting diverse represen-
tations and improving generalization. An auxiliary loss is
added during training to encourage diversity in expert us-
age. The auxiliry loss ensures a balanced usage of experts,
preventing the model from relying solely on a small subset
of them.

By combining Kronecker product decomposition with a
mixture-of-experts approach and a input-dependant routing,
FedDG-MOoE achieves a high degree of parameter efficiency
while maintaining the capacity to learn diverse and special-
ized representations for improved domain generalization.

X (uzvz))x + b,

3.3. Test-Time Adapter Fusion

A core contribution of FedDG-MOoE is its test-time adapta-
tion capability, enabling generalization to unseen domains.
This is accomplished via a dynamic adapter fusion mech-
anism that leverages client-specific distributional statistics
gathered during training.

During training, each client £ computes and maintains
the mean () and variance (0,%) of the feature embeddings
produced by the frozen ViT backbone over its local dataset,
Dy. These statistics, denoted concisely as S = {px, 03},
characterize the client’s data distribution. Crucially, be-
fore transmission to the server, each element of the mean
vector py is divided by the corresponding element of the
standard deviation vector o. This element-wise scaling,

Py = ’; 21 down-weights feature dimensions exhibiting




high variance within a client’s data, enhancing the robust-
ness of subsequent similarity calculations.

At test time, given an input x4 from an unseen domain,
the following procedure is employed:

Feature Extraction: The frozen ViT backbone extracts
a feature embedding, f(Zest), from the input e .

Similarity Calculation: A modified cosine similar-
ity is computed between the batch-averaged test features
and the precomputed, scaled client statistics. First, fea-
tures from the test batch, Byes;, are averaged: f(Biest) =
m > weB,..,  (x). Both the averaged test features and
the stored client means are then normalized by each client’s
standard deviation:

where € is a small constant for numerical stability. The co-
sine similarity, sg, between the scaled, averaged test fea-
tures, f’(Biest), and each scaled client mean, W, is then
calculated. The purpose of this standard deviation scaling
is to diminish the contribution of features that exhibit high
variability within a given client’s domain. This ensures that
the similarity measure is more strongly influenced by fea-
tures that are characteristic and consistent within each do-
main, rather than those with high intra-domain fluctuations.
In our experiments, we ablate whether we should scale both
the client mean py, and the averaged test features f (Biest)
or not.

Weight Calculation: The similarities {s;, }/_; are trans-
formed into a set of normalized weights, {wk}szl, via a
softmax function with a temperature parameter, 7:

_exp(si/7)
Wy = .

> exp(s;/7)
The temperature 7 controls the sharpness of the weighting
distribution.

Adapter Fusion: A test-sample-specific MoE adapter is
constructed as a weighted linear combination of the trained
client-specific MoE adapter parameters. Denoting the pa-
rameters of client k’s MoE adapter as 6}7°F, the fused

adapter parameters, 0 5F  are given by:

K
= E kaIJCWOE.
k=1

Prediction: Finally a forward pass with x;.s; is per-
formed using the frozen ViT with 49 to generate model
predictions.

This procedure allows the model to adapt to the unseen
domain by dynamically weighting the contributions of dif-
ferent clients based on their similarity to the test data dis-

tribution, thereby improving generalization performance.

MoFE
otest
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The pre-similarity averaging and single softmax applica-
tion, combined with temperature scaling, provide a robust
and efficient mechanism for test-time adaptation.

4. Experiments

This section details the experimental setup and results of
evaluating our proposed FedDG-MoE framework. We first
describe the datasets and implementation details, followed
by a description of the baseline methods used for compari-
son.

4.1. Datasets and Implementation Details

We evaluate FedDG-MoE on three widely used benchmark
datasets for domain generalization: OfficeHome, PACS,
and VLCS.

OfficeHome [33] consists of approximately 15,500 im-
ages from four distinct domains: Art (Ar), Clipart (Cl),
Product (Pr), and Real-World (Rw). Each domain contains
images of 65 object categories found in typical office and
home settings.

PACS [20] (Photo, Art Painting, Cartoon, Sketch) is an-
other popular domain generalization dataset with 9,991 im-
ages across four domains: Photo (P), Art Painting (A), Car-
toon (C), and Sketch (S). It contains seven object categories.

VLCS [6] (VOC2007, LabelMe, Caltech-101, SUNQ9)
is a domain generalization dataset that combines four pho-
tographic domains: VOC2007 (V), LabelMe (L), Caltech-
101 (C), and SUNOQ9 (S). It contains a total of 10,729 images
distributed across five object classes.

For all datasets, we follow the standard federated do-
main generalization setup. Each domain is treated as a sep-
arate client. We perform leave-one-domain-out evaluation:
for each dataset, we train on three domains (clients) and
evaluate on the held-out fourth domain. This process is re-
peated for all possible combinations of training and testing
domains.

4.2. Experimental Setup: Baseline Methods

To evaluate the performance of our Method, we compared
our work against fifteen recent methods, categorized into
four groups based on their underlying learning paradigms.

Centralized Learning (CL) for DG methods utilize
data from all available domains in a centralized fashion
to train a single, well-generalized model. We included
SWAD [1], which exploits the relationship between flat
minima and generalization using stochastic weight aver-
aging; HCVP [15], which employs a hierarchical prompt
generation system and contrastive learning within a Vi-
sion Transformer (ViT) to capture both domain- and task-
specific features; and Doprompt [37], which generates
image-specific prompts by first learning domain-specific
prompts and then training a prompt adapter.



Boosting Federated Domain Generalization by Raha
et al. [30]. This work provides a comprehensive evaluation
of various architectures and pre-training strategies in the
context of Federated Domain Generalization (FedDG). To
ensure a focused and relevant comparison, we selected four
key models from their extensive analysis: Swin-B, ViT-B,
ConvNeXt-S, and ConvNeXt-B. These models were cho-
sen because they represent a diverse range of state-of-the-
art architectures (Transformer and ConvNet-based) and, as
demonstrated in [30], exhibit strong performance in FedDG
scenarios.

Conventional Federated Domain Generalization
(FedDG) methods combine FL and DG principles to
achieve both generalization to unseen domains and data
privacy. The baselines in this category are FedAvg [27],
the foundational FL algorithm, which aggregates a global
model by averaging locally trained model updates; and
FedProx [22], an extension of FedAvg that incorporates
a proximal term to mitigate the effects of statistical het-
erogeneity across client data; FedSR [32], which employs
L2-norm and conditional mutual information regulariza-
tions for a simple yet generalizable data representation;
FedADG [36], which uses adversarial learning to align
source domain distributions with a dynamically gener-
ated reference distribution; CCST [8], which transfers
domain-specific styles across clients to capture a wider
range of domain variations; ELCFS [28], which facilitates
privacy-preserving data exchange in the frequency space to
enhance generalizability; and GA [2], which dynamically
recalibrates local model aggregation weights by minimizing
the variance in generalization gaps across clients.

Finally, Parameter-Efficient Fine-Tuning (PEFT)-
based methods leverage techniques like prompt learn-
ing and adapters to enhance the generalization of Vision-
Language Models (VLMs) in FL scenarios. We included
FedCLIP [25], which uses an attention-based adapter to tai-
lor VLMs to individual clients; PromptFL [4 1], which trains
and averages text prompts using local data;

Our implementation is based on a pre-trained Vision
Transformer (ViT) model, specifically the CLIP-pretrained
ViT-Base/16. We freeze the ViT backbone and only train
the MoE adapter parameters and the classification head, as
described in Section 3. We utilize the Adam optimizer with
a learning rate of 0.001 and a batch size of 64. The feder-
ated learning process consists of 5 communication rounds,
with each client performing 10 local epochs of training in
each round. The temperature scaling parameter mentioned
in section 3 is set to 7 = 0.5.

4.3. Main Results

The performance of our method, in comparison to baseline
approaches, is documented in Table 1, Table 2, and Table
3 for the OfficeHome, PACS, and VLCS datasets, respec-
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Table 1. Leave-one domain out evaluation results on OfficeHome

Algorithm P A C R Avg
Centralized Algorithms
SWAD 86.74 76.26 68.87 87.03 79.73
HCVP 88.01 81.77 69.76 90.62 82.54
Doprompt 88.94 80.95 70.88 90.10 82.72
Federated Algorithms
Full Fine-Tuning
FedAvg (ViT-B) 80.15 62.72 71.11 81.13  73.78
FedAvg (Swin-B) 87.88 68.72 80.01 88.17 81.20
FedAvg (ConvNeXt-S) 88.96 69.73 81.66 89.71  82.52
FedAvg (ConvNeXt-B) 89.81 7331 8442 9031 8446
Full Fine-Tuning (ViT-CLIP)

FedProx 72.02 70.71 48.69 7851 67.48
FedSR 7271 69.12 49.69 179.12 67.66
FedADG 72.89 6931 4876 79.13 67.52

CCST 72.09 69.23 5136 81.27 68.19

ELCES 7144 68.17 5052 80.11 67.56
ELCFS+GA 7335 68.62 50.60 81.23 6845

PEFT (ViT-CLIP)
FedCLIP 87.68 7845 6477 87.84 79.69
PromptFL 92.14 8298 6898 90.27 83.59
FedDG-MOoE (Ours)

FedDG-MOoE (Avg) 94.62 85.62 81.58 92.68 88.63
FedDG-MOE (Scaffold) 94.50 85.17 8190 93.07 88.66
FedDG-MOoE (Prox) 94.64 8529 82.02 92.84 88.70
FedDG-MoE (AM) 94.84 8533 82.70 92.56 88.86
FedDG-MoE (TTF) 9444 8599 81.58 92.86 88.72

Table 2. Leave-one domain out evaluation results on PACS

Algorithm P A C S Avg
Centralized Algorithms
SWAD 99.18 9323 8593 82.03 90.44
HCVP 99.33 93.17 86.89 81.30 90.17
Doprompt 99.63 95.00 86.35 7820 89.91
Federated Algorithms
Full Fine-tuning
FedAvg (ViT-B) 9520 8149 7585 78.64 82.80
FedAvg (Swin-B) 99.52 9326 8536 85.64 90.94
FedAvg (ConvNeXt-S) 99.78 9497 89.41 8475 92.23
FedAvg (ConvNeXt-B) 99.76 95.60 88.09 86.73 92.55
Full Fine-tuning (ViT-CLIP)
FedProx 9743 83.89 6839 6421 7848
FedSR 95.74 88.19 67.45 6592 79.33
FedADG 98.09 8293 6542 6536 77.95
CCST 98.29 87.02 7457 6584 8143
ELCFS 98.14 86.77 7321 65.16 80.82
ELCFS+GA 9756 87.68 75.19 65.86 81.57
PEFT (ViT-CLIP)
FedCLIP 99.76  96.19 9791 8585 94.93
PromptFL 99.58 96.34 98.46 92.19 96.64
FedDG-MOoE (Ours)
FedDG-MOoE (Avg) 99.88 98.05 9829 9224 97.12
FedDG-MOoE (Scaffold) 99.94 97.56 98.29 93.15 97.24
FedDG-MoE (Prox) 99.88 97.66 98.72 9287 97.28
FedDG-MoE (AM) 99.88 97.71 9851 93.03 97.28
FedDG-MoE (TTF) 99.94 98.10 98.46 93.69 97.55




Table 3. Leave-one-domain-out evaluation results on VLCS

Algorithm v L C S Avg
Centralized Algorithms
SWAD 7540 6836 9849 7949 79.31
HCVP 80.08 6626 96.32 81.65 81.08
Doprompt 78.28 66.53 96.70 79.39 80.23
Federated Algorithms
Full Fine-Tuning (ViT CLIP)
FedAvg 7821 65.63 9548 7331 78.16
FedProx 7645 6491 9541 779 78.70
FedSR 78.51 6586 95.16 7349 78.26
FedADG 7643 6576 9521 7596 7834
CCST 7642 6573 96.49 77.67 79.08
ELCFS 76.55 65.02 95.67 7796 78.80
ELCFS+GA 78.89 65.16 96.77 7893 79.18
PEFT (ViT CLIP)
FedCLIP 73.28 6698 9993 87.14 81.83
PromptFL 72.24 68.03 99.65 85.10 81.26
FedDG-MOoE (Ours)
FedDG-MOoE (Avg) 84.40 63.86 99.76 8193 8249
FedDG-MOoE (Prox) 84.21 63.99 100.00 82.64 82.71
FedDG-MOoE (Scaffold) 84.01 6236 99.53 81.76 81.92
FedDG-MoE (AM) 8490 6198 99.76 82.94 82.40
FedDG-MOoE (TTF) 8470 65.12 100.00 81.83 8291

tively. These tables provide a breakdown compared to re-
sults of other methods [1, 2, 8, 10, 15, 22, 25, 27, 28, 30,
32, 36, 37, 41]. The results presented in each table encom-
pass five distinct variations of our proposed approach. The
initial four rows detail the performance of our Mixture-of-
Experts (MoE) method when integrated with various feder-
ated learning algorithms: FedAvg [27], SCAFFOLD [17],
FedProx [22], and AM [34]. The final row in each table
illustrates the results obtained using Test-Time Adapter Fu-
sion (TTF).

4.3.1. OfficeHome Results

An analysis of Table | reveals that our methods achieves
the highest performance across all domains within the Of-
ficeHome dataset. Our Method outperforms these methods
by at least 4.4%, in classification accuracy on OfficeHome.

4.3.2. PACS Results

An analysis of Table 2 reveals that our methods achieves the
highest performance across all domains within the PACS
dataset. Our Method outperforms these methods by at least
1.08%, in classification accuracy on PACS.

4.3.3. VLCS Results

An analysis of Table 3 reveals that our methods achieves the
highest performance across all domains within the VLCS
dataset. Our Method outperforms these methods by at least
1.08%, in classification accuracy on VLCS.
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Table 4. Effect of the number of feature extraction layers (N) on
OfficeHome.

N P A C R Avg
1 9437 8546 81.72 93.05 88.65
2 9444 8599 8158 9286 88.72
39428 8500 8195 9286 88.52
4 9446 8517 8220 93.07 88.73
5 9475 8500 8202 9270 88.62

Table 5. Effect of test batch size (BS) on OfficeHome.

Test BS P A C R Avg
1 9446 85.04 81.60 92.79 87.03

4 9444 8492 8192 93.14 88.61

8 93.71 8550 80.92 9341 88.39

16 94.66 8521 82.04 92.66 88.64
32 9444 8599 81.58 92.86 88.72
64 9451 85.00 82.04 93.07 88.66

Table 6. Effect of softmax temperature scaling factor 7. evaluated
on OfficeHome

T P A C R Avg

1 94.35 8558 81.53 9277 88.56
0.5 9444 8599 81.58 92.86 88.72
025 9439 8558 81.79 9270 88.62

Table 7. Effect of Scaling down the test features f(Btest) evalu-
ated on OfficeHome.

Scaling P A C R Avg
True 9444 8599 81.58 92.86 88.72
False  94.64 8492 8142 9270 8842

Table 8. Effect of Scaling down the test features f(Byes:) evalu-
ated on PACS.

Scaling P A C S Avg

99.88 9795 98.85 92.62 97.33
99.94 98.10 98.46 93.69 97.55

True
False

4.4. Ablation Study

We demonstrate the effect of the different variants of the
Test-Time Fusion model by conducting ablation experi-
ments on OfficecHome dataset [33]. All ablations are com-
pliant with the Leave-one-domain-out protocol.



Table 9. Effect of Scaling down the test features f (Btest) evalu-
ated on VLCS.

Scaling v L C S Avg
True  85.00 63.36 100.00 81.62 82.50
False 87.96 6223 99.53 81.73 82.86

4.4.1. Number of Feature Extraction Layers

We investigated the impact of incorporating features from
multiple layers of the frozen backbone, rather than relying
solely on the final layer’s output. Prior research suggests
that earlier layers in deep neural networks tend to encode
more domain-specific and stylistic information, while later
layers capture higher-level semantic content [39]. Given
that our test-time fusion mechanism relies on measuring
the similarity between a test sample’s features and pre-
computed domain statistics, it is hypothesized that incor-
porating features containing domain specific information is
beneficial.

Table 4 presents the results of this investigation. The
best performing configurations are those that combine fea-
tures from either the penultimate and final layers, or from
a combination of four layers. This optimal performance
suggests a nuanced relationship between feature layer depth
and generalization ability in our framework. While earlier
layers provide crucial domain-specific cues, the inclusion
of deeper, more semantically rich features from later layers
remains important for accurate classification. The results
underscore the importance of balancing domain-specific in-
formation with higher-level semantic understanding for op-
timal test-time adaptation.

4.4.2. Test Batch Size

Table 5 presents the results of experiments conducted with
varying test batch sizes. Our findings indicate that a test
batch size of 32 yields optimal performance. This observa-
tion highlights a trade-off inherent in the test-time adapter
fusion process. Smaller batch sizes allow for a more spe-
cialized fusion of adapters, potentially tailoring the model
more precisely to individual or small groups of samples.
However, smaller batches also reduce the statistical power
for accurately estimating the batch mean, a crucial compo-
nent of the similarity calculation. Conversely, larger batches
provide more robust mean estimations but can dilute the
specialization benefits of the adapter fusion. The superior
performance at a batch size of 32 suggests an appropriate
balance between these competing factors.

4.4.3. Temperature Scaling Factor

We examine the effect of the similarity softmax temperature
scaling factor 7 and report the results in Table 6. Accord-
ingly, a 7 of 0.5 allows for sharp-enough softmax similari-
ties to capture the closest attributes for a test domain from a
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set of training domains.

4.4.4. Scaling Down Test Features

Scaling down both the test features and the client’s mean
using the computed standard deviation could lead to over
regularization. We examine the effect of turning off the
down scaling of test features and report the results on the
3 benchmarks. Table 7, 8, 9 shows the results on Office-
Home, PACS, and VLCS respectively. We do notice that
on the easier benchmarks (PACS, and VLCS) over regu-
larization hurts the performance. On the other hand, it is
beneficial for more complex benchmarks like OfficeHome.

5. Conclusion

This paper introduces FedDG-MOoE, a novel framework
for Federated Domain Generalization that leverages the
strengths of pre-trained Vision Transformers, Mixture-of-
Expert adapters, and a test-time adapter fusion mecha-
nism. By employing parameter-efficient fine-tuning with
Kronecker product-based MoE adapters, FedDG-MOoE sig-
nificantly reduces communication overhead and mitigates
overfitting, crucial challenges in applying large ViTs in fed-
erated learning settings. The MoE architecture promotes
diverse feature learning, enhancing generalization to un-
seen domains. Crucially, our proposed test-time adapter fu-
sion mechanism dynamically combines client-specific MoE
adapters based on the similarity between the input feature
distribution and tracked client statistics, enabling effective
adaptation to new, unseen domains during inference.

Our extensive empirical evaluations on the OfficeHome,
PACS, and VLCS datasets demonstrate that FedDG-MoE
consistently outperforms a wide range of strong baselines,
including methods that fine-tune entire pre-trained models
and standard FL algorithms applied to PEFT models. These
results highlight the effectiveness of our approach in pre-
serving valuable pre-trained knowledge, learning diverse
representations, and adaptively leveraging client-specific
expertise for improved generalization. Ablation studies
further validate the design choices within our framework,
demonstrating the impact of the number of feature extrac-
tion layers, test batch size, and temperature scaling factor.

Future work will explore several directions. First, inves-
tigating more routing mechanisms within the MoE adapters
could further enhance the specialization and diversity of
learned representations. Second, exploring methods for dy-
namically adjusting the number of experts per client based
on data availability and complexity could improve resource
allocation and model efficiency. Finally, extending FedDG-
MOoE to other modalities, could broaden the applicability of
our approach to a wider range of federated tasks. The inter-
section between Federated Domain Generalization, and the
Mixture of Experts paradigm is a promising research avenue
that can bring more efficient, and better performing mod-
els.
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