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Abstract

Federated Learning (FL) offers a decentralized paradigm
for collaborative model training without direct data shar-
ing, yet it poses unique challenges for Domain Gener-
alization (DG), including strict privacy constraints, non-
i.i.d. local data, and limited domain diversity. We intro-
duce FedAlign, a lightweight, privacy-preserving frame-
work designed to enhance DG in federated settings by si-
multaneously increasing feature diversity and promoting
domain invariance. First, a cross-client Representation
enrichment module broadens local domain representations
through domain-invariant feature perturbation and selec-
tive cross-client feature transfer, allowing each client to
safely access a richer domain space. Second, a dual-stage
alignment module refines global feature learning by align-
ing both feature embeddings and predictions across clients,
thereby distilling robust, domain-invariant features. By in-
tegrating these modules, our method achieves superior gen-
eralization to unseen domains while maintaining data pri-
vacy and operating with minimal communication overhead.
We present state-of-the-art results on popular and diverse
Domain Generalization datasets. The code is available at
https://github.com/sunnyinAl/FedALign.

1. Introduction

Conventional machine learning techniques are built on the
assumption that training and test data are identically and in-
dependently distributed (IID). However, this assumption is
often violated in real-world applications where models fre-
quently encounter Out-of-Distribution (OOD) data, leading
to significant performance degradation on unseen domains
[16]. For instance, a model trained on cartoon images may
fail to generalize to sketches due to domain shifts. Deo-
main Generalization (DG) aims to address this limitation
by equipping models with the ability to generalize effec-
tively to unseen data distributions [36].

Despite the promise of DG, many existing approaches
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Figure 1. Illustration of the typical scenario in FL. Each client
contains data from a unique domain, and the test domain (Photo)
differs from all domains present on the clients.
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depend on centralized datasets, a condition that is infeasi-
ble in scenarios where data is distributed across multiple
clients. Federated Learning (FL) [10] provides a decen-
tralized alternative by enabling collaborative model training
without exposing raw data. However, integrating DG within
FL poses unique challenges, including limited domain di-
versity at the client level and stringent privacy constraints
inherent in decentralized environments.

Federated Domain Generalization (FDG) focuses
on learning domain-invariant features—Iabel-relevant at-
tributes that remain stable across diverse domains. Current
FDG approaches predominantly employ two main strate-
gies: Federated Adversarial learning [11, 15, 27, 33] and
Federated Representation Alignment [13, 30, 33].

The first method uses adversarial objectives to align rep-
resentations, but they often incur high computational over-
head and can suffer from training instabilities such as model
collapse [1]. On the other hand, by aligning features across
clients in representation alignment, this line of work aims
to mitigate domain discrepancies. However, limited domain
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Figure 2. Overview of FedAlign: Clients share local model parameters and sample statistics with the server, which aggregates and
redistributes them. Local training incorporates style transfer and feature augmentation followed by representation alignment and prediction
alignment to enhance domain-invariant feature learning, followed by cross-entropy loss incorporated for general classification, and Domain

Discriminator for adversarial training on the augmented representations.

diversity at the client level and strict privacy constraints can
hinder alignment effectiveness at scale.

An alternative solution space involves Federated Style
Transfer [29, 31], which augments local data diversity via
techniques like AdaIN [7] and CycleGAN [37]. While
effective at generating domain-varied samples, these ap-
proaches often demand additional models for feature extrac-
tion and high-dimensional embedding exchanges.

To address these challenges, we propose FedAlign, a
federated domain generalization framework: FedAlign in-
troduces a novel feature-sharing mechanism that enriches
each client’s domain exposure without revealing raw data.
This strategy perturbs domain-invariant features and redis-
tributes them across clients in a privacy-preserving manner,
broadening the effective training distribution while uphold-
ing confidentiality.

A two-step alignment process ensures consistent perfor-
mance across varied domains: Supervised Contrastive Loss
encourages representations of samples with identical labels
to converge, effectively reducing intra-class variance across
domains. Jensen—Shannon Divergence enforces prediction
consistency by aligning output distributions for both origi-
nal and perturbed data, further bolstering out-of-distribution
robustness.

By focusing on privacy-preserving feature transfers and
a dual-stage alignment of representations and predictions,
FedAlign addresses the critical limitations of existing FDG
methods specifically, the interplay of limited local data, in-
sufficient domain diversity, and strict privacy constraints.
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2. Related Work

2.1. Representation Alignment

A prominent line of research in Domain Generaliza-
tion (DG) focuses on representation alignment—reducing
domain-specific variations by aligning feature distributions
across multiple domains. Notable examples include:

Approaches like DANN [3-5] deploy a domain classi-
fier to guide alignment, ensuring the extracted features are
domain-invariant. By training the feature extractor and do-
main classifier in an adversarial manner, these methods suc-
cessfully mitigate domain discrepancies.

CORAL [19] aligns second-order statistics (e.g., covari-
ance matrices) between source and target feature distribu-
tions, thereby reducing mismatches in feature representa-
tions. Methods grounded in Maximum Mean Discrepancy
(MMD) [20, 24, 25] leverage kernel-based metrics to align
representations across domains, promoting feature embed-
dings.

Although these alignment techniques have demonstrated
improved performance on unseen domains, they commonly
assume centralized access to all training domains conflict-
ing with the FL framework.

2.2. Style Transfer

A range of style transfer-based domain generalization (DG)
methods [22, 23, 28] aim to enrich domain diversity, thereby
improving model robustness on unseen target domains.
These approaches can be broadly separated into two main
categories:

In the first category, generative models are employed



to synthesize data with diverse styles [14, 17]. By en-
hancing variability in color, texture, and other visual at-
tributes, these methods reduce reliance on domain-specific
features. However, generative modeling often demands sub-
stantial computational resources and can encounter training
instability—including model collapse in adversarial train-
ing—thereby jeopardizing convergence and overall perfor-
mance.

A second line of work leverages data augmentation tech-
niques such as MixStyle [35] and Mixup [32]. Instead of
synthesizing entirely new samples, these methods manipu-
late existing data to boost intra-batch diversity. Specifically:
MixStyle interpolates channel-wise style statistics within a
batch, promoting domain-invariant feature learning. Mixup
merges data samples and their corresponding labels to ex-
pand the decision boundary.

Compared to generative approaches, augmentation-
based methods are more computationally efficient and in-
herently free from adversarial training instability, rendering
them particularly suitable for large-scale DG applications.

2.3. Federated Domain Generalization

Most Existing Federated Domain Generalization (FDG)
methods focus on learning domain-invariant representa-
tions across heterogeneous clients, but face significant chal-
lenges:

Approaches like FedADG [33] use a global discrimina-
tor to extract universal features while preserving privacy.
However, they often suffer from high computational costs
and training instability, including potential model collapse.
Methods such as FedSR [13] employ L2-norm and con-
ditional mutual information regularization to align feature
distributions. Yet, they struggle in large-scale settings due
to limited domain diversity at individual clients, hindering
out-of-distribution generalization. To address limited local
diversity, CCST [2] uses cross-client style transfer based on
AdalN [7]. While it expands training distributions, it relies
on pre-trained VGG networks [18], introducing high com-
munication overhead and privacy risks [9, 12]. Addition-
ally, pre-trained networks may inadvertently include tar-
get domains, conflicting with domain generalization prin-
ciples. Alternative approaches include: FedIIR [6], which
aligns client gradients to learn domain-invariant relation-
ships, FedCCRL [26], which uses feature alignment to im-
prove domain-invariant feature learning and GA [34], which
dynamically adjusts aggregation weights to minimize client
performance disparities.

Despite these advancements, they lack consistent superi-
ority in empirical evaluations, highlighting ongoing perfor-
mance and scalability challenges in FDG.

Overall, existing methods often overlook the dual con-
straints of limited data volume and domain diversity at the
client level. Their reliance on high-dimensional data ex-
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change or costly adversarial training underscores the need
for efficient, privacy-preserving, and robust FDG solu-
tions—a gap that FedAlign aims to address.

3. Methodology

3.1. Preliminary

Federated Domain Generalization (FDG) aims to train
models collaboratively across multiple clients, where each
client holds data from distinct domains. The goal is to de-
velop a global model that generalizes effectively to unseen
target domains without direct access to their data. Let X
and Y denote the input images and target domains, respec-
tively. Consider M source domains:

Ssource = {Si |1 =1,2,..., M}, (1)

with each domain sampled from a unique joint distribu-

tion P;(z,y), where z € X and y € Y. These distributions

differ significantly across domains, such that P;(x,y) #

Pj(x,y) for i # j, reflecting real-world domain shifts in
data distribution.

In a federated learning setting, data from each domain .S;
is distributed across K clients, denoted as D, C S;. Each
client performs local training on its private dataset and com-
municates only model updates or minimal statistics with a
central server to preserve privacy. The objective of FDG is
to collaboratively train a global model f : X — Y across
K.M data subsets that minimizes the prediction error on an
unseen target domain Smget:

Infin]E(w,y)NSmgel [E(f(x)a y)] ) (2)

where ¢(-) is a task-specific loss function, such as
cross-entropy.  Importantly, the unseen target domain
Starget 18 inaccessible during training, and its joint distri-
bution Pireei(,y) differs from all source domain distri-
butions P;(x,y), i.e., Paret(z,y) # Pi(z,y) for all ¢ €
{1,2,...,M}.

To ensure privacy, the server is not allowed to directly ac-
cess the data stored on the clients. Instead, after local train-
ing, each client uploads its model parameters to the server.
The server then aggregates these parameters and distributes
the updated model back to the clients.

Let 6! represent the model parameters of client ¢ at train-
ing round t. The server performs aggregation using the fol-
lowing weighted averaging formula:

K-M

1
0 = =" nb)
N i=1

where N = Zfif "'n; denotes the total number of data
samples across all participating clients, and n; represents
the number of samples available on client . Once aggrega-
tion is complete, the server transmits the updated parame-
ters §**1 back to each client.



Algorithm 1 FedAlign

Require: Client datasets {Dy, | k& = 1,..., K} where
Dy, = {(xs,y:)};*,, global model f = g o h with
encoder h and classifier g, communication rounds 7',

local epochs F, learning rate 7

1: SERVER SIDE:

2: fort=1,...,T do

3: Select a subset of clients C; to participate.

4: Broadcast global parameters 6; to selected clients.
5: for k € C; do

6: Receive updated client parameters 0y, ¢ 1.

7: end for

8: Update global parameters: (N = > kec, k)

0 —]’E: 0
t+1 = N NEVE t+1
keCy

9: end for

10: Client Side:

11: Input global parameters 6.

12: fore=1,...,Fdo

13:  for abatch X € REXCXHXW q¢

14: Generate augmented batches:

XM =Mm(x), X@=M(X).
15: Compute representations and predictions:
7,2M, 23 = p(X),h(XW), h(X?),
V.Y, Y@ = g(2),9(2M), 9(2?).
16: Obtain domain features and domain labels:
Zgom = concat(Z, Z(l), Z(z)).
doiig = 0Bx1, dag = l2Bx1,
d = concat(dorig, daug)-
17: Compute domain predictions: d= D(Zgom)-
18: Compute domain loss using BCE with logits:
Lp = BCEWithLogitsLoss(d, d).

19: Compute total loss: L = Lcps+A1 Lra+A2Lys.
20: Update local model on L using 7.
21: end for
22: end for

23: Return 6, ;11 to the server.
Output: Global model 87 after T" rounds of com-
munication.
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3.2. Framework Overview

An illustration of the proposed FedAlign framework is pro-
vided in Fig. 2, and the detailed algorithmic steps can be
found in Algorithm 1. Our approach integrates MixStyle-
based cross-client feature augmentation along with Domain
Adversarial Training for multi-level alignment objectives.

Client-Side Processing and Augmentation

Given a batch of samples X € REXCXHXW ‘where B de-
notes the batch size, C the number of channels, and H and
W the image height and width, respectively, we first apply
Cross-Client Representation Enrichment (Sec. 3.3) to gen-
erate two additional augmented batches:
XU =M(X), X =MX), 3)
where M(-) represents the composition of MixClus-
ter module (described in Algorithm 2) and AugMix (de-
scribed in Algorithm 3) in the Cross-Client Representation
Enrichment Module. The MixCluster module interpolates
channel-wise statistics (mean and standard deviation) be-
tween two selected samples and AugMix applies multiple
augmentation chains, each with diverse operations.

After Cross-Client Representation Enrichment, the
FedAlign framework extracts representations and generates
predictions for each of the augmented batches. Let Z rep-
resent the latent feature space. We decompose the model f
into two components:

f=goh, 4)

where h represents the representation encoder and g is the
classifier.

h: X — Z, g:Z%Y

The extracted features representations Z' and Z2 and the
output predictions Y'! and Y2 are as follows:

Z=nX), zO=nxW) zO@=px®) 5

Y=9(2), YW=9(z0), Y®=42®). ©

3.3. Cross-Client Representation Enrichment Mod-
ule

To address the challenge of limited domain diversity in
federated learning, we introduce an enhanced version of
MixStyle, called MixCluster, a computationally lightweight
strategy for capturing domain-specific features. While Aug-
Mix perturbs style information (e.g., color and texture).
Together, these Representation Enrichment Modules effec-
tively simulate additional, previously unseen domains, ex-
panding the training data distribution and improving model
resilience against domain shifts.

Consider a batch of input samples X = {z; | ¢
1,..., B}, where B is the batch size. For each sample z,



MixStyle computes the channel-wise mean p(x) and stan-
dard deviation o (z) as:

1 H W
,LL(Z')C = W Z Z Le,h,ws (7N

h=1w=1

1 H W
U(Z‘)C = W Z Z(xc,h,w - /’L(x)c)27 (8)

h=1w=1

where H and W are the height and width of the feature map,
and c indexes the channels. Along with the locally trained
model parameters, each client also uploads the channel-
wise statistics, namely the mean and the standard deviation
(Egs. (7). (8)).

Each client ¢ uploads a certain fraction 0 < r < 1 of sample
statistics denoted as:

b= {((zj),0(x;)) | 25 € Diy = 1,2, [rni] }.

. - . 9
After collecting statistics from all clients, the server agg2
gregates these statistics to form the statistics pool:

Pooot ={P; |i=1,2,..., K- M}, (10)
and subsequently distributes as P? Ppool \ P; To each

ool T
client 7, the available statistics cor%prise both its own statis-
tics and those collected from other clients, forming the com-
plete statistics pool.

Following this, each client applies the Cross-Client Rep-
resentation Enrichment Module, which consists of Mix-
Cluster (Algorithm2) and AugMix (Algorithm3).

The MixCluster algorithm enhances feature stylization
through dynamic statistic sampling and adaptive mixing.
The statistics pool (Eq.10) undergo K-means clustering into
K groups, with sampling weights w computed per cluster
based on intra-cluster variance to prioritize diverse patterns.

For each batch, features are instance-normalized (X ),
then supplemented by cluster-aware sampling: statistics
are drawn proportionally to cluster sizes, with allocations
b = |B - |Px|/|P|| ensuring representative sampling.
An adaptive mixing ratio A combines source (1 x,ox) and
sampled (u2, o2) statistics, modulated by a difficulty score
d derived from feature activation uncertainty (d = 1 —
max(softmax (E[X]))). Final outputs combine normalized
features with mixed statistics:

AugMix enhances the original sample x by passing it
through multiple augmentation chains, where each chain
applies a series of simple augmentation operations. The out-
puts from these chains are then blended using an element-
wise convex combination, ensuring a diverse yet coherent
transformation.

3.4. Adversarial Training

The domain discriminator D is trained to distinguish
between original features (Z) and augmented features
(ZM, Z(2)) through the following adversarial objective:

Algorithm 2 MixCluster

Require: Input batch X € REXCXHXW ‘seatistic pool P,
clusters K, o« > 0
Ensure: Stylized batch X
1: MAINTAINSTATISTICPOOL(X, P)

2 {c;}K_,,L < KMEANS(P, UP,)

3: procedure COMPUTECLUSTERWEIGHTS(P, L)

4: S < concat(P,, Ps)

5: v < Var(S,dim = 1)

6: wy  V[Zi]/ S v[Zg) for T, = {i | L; = k}

7: return w

8: end procedure

9: w <— COMPUTECLUSTERWEIGHTS(P, L)

10: pux,0x < EH,W[X], \/VHJ/V[X] + €

11: X — (X — px)/ox

12: procedure CLUSTERSAMPLE(P, K, L, w, B)

13: by < |B-|{i: L; = k}|/|P|] > Proportional
allocation

14: return Zszl MultinomialSample(Py,, Wy, by,

15: end procedure

16: po, 09 < CLUSTERSAMPLE(P, K, L, w, B)

17: d + 1 — max(softmax(Eg y [X])) > Difficulty score
18: A < o(kd)Beta(a, «)

19: fimix ¢ Ax + (1 — /\)ug

20: Opix  Aox + (1 —N)og

21: X — XUmix + Umix

Algorithm 3 AugMix

Require: A batch of samples X, operations base O, mix-
ing parameter § > 0
Ensure: A batch of augmented samples Xugmix
1 X ]
: for x € X do
Initialize x,, With zeros
Uniformly sample k ~ {1,2, 3}
Sample (wy, ws, ..., wy) ~ Dirichlet(5, ..., 8)
for:=1,....,kdo
Sample operations op;, 0ps, ...
probabilities pops

NN RN

,0p,,, ~ O with

8: Apply chain: Zchsin = (0p,,, © ... 0 0py)(x)

9: Combine augmentations: Tag = Taug + W5 -
L chain

10: end for

11: Compute difficulty score: d = 1 -

max(softmax(E[z]))
12: Sample mixing weight m = o (kd) - Beta(S, )
13: Combine: & = max + (1 — m)Taye
14: end for

m}jn mgXIEZNZ [log D(2)]+E, (z0) zy [log(1 — D(2))]
(11



Implementation Details:
1. Domain Feature Construction: Concatenate representa-

tions from original and augmented views:
Zgom = concat(Z, ZW) | z(2)) ¢ R3Bxd (12)

. Label Assignment: Create domain labels where original
samples are labeled 0 and augmented samples 1:

d = concat(0px1, 1apx1) (13)

3. Adversarial Loss: Train D using binary cross-entropy
with logits:
| 3B
= — 1 ; 1—d;)log(1l — ;
Lp 3B Zdz ogo(d;) + ( d;) log( o(d;))

(14)
where d = D(Zgom) are logits(raw model output before
applying sigmoid) and o is the sigmoid function.

The discriminator D employs dropout and batch normal-
ization in its fully-connected layers to prevent overfitting to
transient feature patterns during adversarial training.

3.5. Representation Alignment

The method encourages the alignment of feature representa-
tions Z, Z', Z? for samples that share the same class label.
Supervised Contrastive Loss leverages label information to
cluster samples from the same class closer together while si-
multaneously pushing samples from different classes apart
in the latent space. This process fosters the learning of
representations that are both discriminative and domain-
invariant, enhancing generalization across diverse distribu-
tions.

Given two batches of feature representations Z’, Z" €
RE*V and their corresponding labels Y/ and Y (Eq. 5, 6),
we concatenate these representations and labels to construct
the overall representation Z and overall label set Y for the
full batch of size 2B:

7 =cat(Z', 7") e R?BXV (15)

Y =cat(Y',Y"). (16)
Here, V represents the dimensionality of the feature rep-
resentations. We define the index set as
I ={1,2,...,2B}, and for each index i, the set A(%) is
given by: A(i) = I\ {i}. This ensures that for each sample
in the batch, A() includes all other samples except the one
at index 4. The supervised contrastive loss Lsc(Z) for the
combined representation Z is then computed as follows:

1 exp(sim(Z;, Z,)/T)
— =T 1 -
; |P(l)| pezp:(i) 0g (ZaGA(i) exp(Sll’n(Zi, Za)/7)>
7
where:

* P(i) = {p € A(i) | yp = y:}, is the set of indices for
samples having the same label as <.
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* s(Z;i, Z,) = exp(sim(Z;,Z,)/ (7)), sim(z;,z2,) indi-
cates the cosine similarity between z; and z,,.

* T is a temperature parameter used to control the concen-
tration of the distribution.

By maximizing similarity for positive pairs (z;, zp)
while minimizing similarity for negative pairs, L sc encour-
ages class-aligned and discriminative representations.

The final averaged supervised contrastive loss using the
augmented samples used in FedAlign is defined as:

1 /- _ _
Lsc =5 (ﬁsc(Z(l)) + .CSC(Z<2>) (18)

where: ~
ZW = cat(zW, 7), (19)
Z® = cat(z?, 7) (20)

Representation Consistency Loss (Lr¢)

To further ensure stability and consistency in the feature
space, we incorporate a Mean Squared Error (MSE) term
between original and augmented representations:

2
1 )
Lpc == |12 - 2ZD)? 21
RC = Tonix foat] 2= I = @n

'mix_feat’ refers to the set of feature maps selected for
MixCluster augmentations. By minimizing L ¢, the model
maintains consistency in latent representations, even when
subjected to domain-altering transformations.

We combine these objectives into a single representation
alignment loss, which balances both discriminative class
alignment and robust consistency:

Lra = Lsc + Lrc. (22)

3.6. Prediction Alignment

In addition to feature-level alignment, FedAlign im-
poses consistency on the model’s predictions through
Jensen—Shannon (JS) Divergence, which measures the sta-
bility of predictions across original and augmented samples.
Formally, for predictions Y, Y1), and Y(?), the JS Diver-
gence loss is defined as:

Lys = 5 [KLOVIV) + KLy |7) + KLY @ 7))
(23)
where:

eV = LY + Y® 4+ Y®) is the mean prediction distri-
bution across the original and augmented samples.

* KL denotes the Kullback-Leibler Divergence, quantify-
ing how one probability distribution diverges from a sec-
ond, reference distribution.

By enforcing prediction consistency, L ;s encourages
the network to produce stable outputs. It always has a finite
value, making it a more stable alternative to KL divergence
when used as a loss function.



Aleori PACS | OfficeHome | Caltech-10 | miniDomainNet
gorithm

P A C S Avg. | A C P R Avg. | A C D W A | C P R S Avg.
FedAvg 90.30  69.95 7570 71.80 76.94 | 61.50 49.00 76.50 77.04 66.01 | 9530 87.89 98.73 8746 92.35| 64.13 56.89 6823 50.47 59.93
FedProx 9121 69.84 73.15 70.87 7627 | 6243 51.09 7547 7689 66.47 | 9457 88.33 9745 8576 91.53 | 62.57 5596 67.11 49.71 58.83
FedADG  89.52 63.54 7145 6432 7220 | 60.58 47.15 72.19 7584 63.94 [ 9509 88.07 99.36 93.56 94.02 | 60.17 5634 68.45 49.82 58.69
GA 92.98 66.01 7643 69.23 76.16 | 62.05 49.27 76.10 7691 66.08 | 94.99 87.44 9745 91.53 92.85 | 62.89 56.12 65.05 4841 58.11
FedSR 9142 72.68 7601 7073 7771 | 63.95 50.12 76.58 77.84 67.12 | 93.63 87.80 96.82 87.12 91.34 | 67.59 61.09 68.78 57.11 63.64
FedIIR 91.53 7125 78.61 71.78 7829 | 61.64 50.14 75.12 76.83 6593 | 9457 88.16 98.73 90.17 9291 | 63.01 5723 64.79 4758 58.15
CCST 80.93 76.18 7597 7834 80.10 | 60.94 50.13 7674 77.65 66.36 | 93.32 83.70 92.99 88.81 89.71 | 60.18 57.34 67.73 49.72 58.74
FedCCRL 93.83 79.15 77.90 7895 8246 | 63.08 55.67 7677 7771 6831 | 9457 88.6 98.73 91.53 93.36 | 6633 59.68 68.03 5450 62.14
FedAlign  93.11 80.57 77.94 80.20 82.96 | 62.68 57.17 78.04 7837 69.03 | 9478 89.85 98.73 91.53 93.72 | 67.83 61.18 69.23 56.80 63.76

Table 1. Test accuracy on each dataset. These experiments were conducted with an upload ratio of = 0.1. Each algorithm was evaluated

three times, and the final results represent the average test accuracy.
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Figure 3. t-SNE visualization of the representation distribution using FedAvg. The representations show domain-specific clusters with
noticeable overlaps, highlighting the limitations of FedAvg in learning robust domain-invariant features.

3.7. Total Loss Function

The final loss function for FedAlign combines the primary
classification objective with both representation and predic-
tion alignment terms:
L =Lcrs+ALga+ A2Lys, (24)

where: Lo g is the averaged cross-entropy loss over Y,
Y, V() taken pairwise for classification and A; and Ao
are hyperparameters that balance the influence of the repre-
sentation and prediction alignment terms, respectively.

Lp is not directly added to the total loss but used to up-
date the domain discriminator separately.

The feature extractor h is simultaneously optimized to:
* Minimize the primary classification loss LcLs
¢ Reduce representation discrepancy through Lga
 Align prediction distributions via Ljg
* Adversarially maximize Lp through gradient reversal

3.8. Privacy Concern

Note that only the statistical summaries of data samples are
shared by the client with the server and subsequently dis-
tributed to other clients, not the raw data itself. Since the
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Dataset Domains Cls. Samples Characteristics

PACS [8] Art, Cartoon, Photo, 7 9,991 High inter-domain vari-
Sketch ability

OfficeHome [21] Art, Clipart, Prod- 65 15,588 Diverse object appear-
uct, Real ances

miniDomainNet Clipart, Infograph, 126 140k  Large-scale, heteroge-

[35] Painting, Real neous

Caltech-10 [24] Amazon, Caltech- 101 2,523 Combination of 2
10, DSLR, Webcam Datasets

Table 2. Overview of datasets used for evaluation.
mean and standard deviation do not contain sufficient infor-
mation to reconstruct the original data samples, the privacy
of each client remains safeguarded, aligning with the prin-
ciples of the Federated Learning paradigm.

4. Experiments

Datasets: We evaluate FedAlign on four widely used
domain generalization benchmarks, each offering distinct
characteristics and posing unique challenges (Table 2)

Evaluation Protocol: We use the leave-one-domain-out
protocol to assess generalization. For each dataset, one do-
main serves as the test set while the others form the training
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Figure 4. Average test accuracy (%) versus the number of participating clients.

set. This process repeats for all domains.

Data Partitioning: Datasets are split among clients follow-
ing Section 3.1, simulating non-IID distributions to evaluate
robustness to data heterogeneity in federated learning.

Model Architecture: All methods, including FedAlign,
use MobileNetV3-Large as the backbone. The final fully
connected layer acts as the classifier g, while preceding lay-
ers form the encoder h.

Training Configuration: Training runs for 10 communica-
tion rounds with 3 local epochs per round. We use Adam
optimizer with an initial learning rate of 0.001, decayed
via cosine scheduling. The supervised contrastive loss uses
7 = 0.1. Input images are resized to 224 x 224 for PACS,
OfficeHome, and Caltech-10, and 128 x 128 for miniDo-
mainNet.

4.1. Performance and Comparative Analysis

As shown in Table 1, FedAlign consistently outperforms the
baseline methods across the evaluated datasets, achieving a
better overall average accuracy.

In addition to superior average accuracy, Figure 4 illus-
trates the resilience of FedAlign under varying client sizes,
encompassing both small- and large-scale client settings.
While the performance of all baseline methods deteriorates
markedly as the number of participating clients increases,
FedAlign maintains a consistent advantage.

The decline in accuracy with an increasing number of
clients can largely be attributed to data heterogeneity. When
more clients participate, the diversity in data distributions
across clients grows, leading to statistical heterogeneity.
This heterogeneity causes inconsistencies in local model
updates, which can conflict during global aggregation, ul-
timately slowing convergence and reducing overall model
accuracy. We further discuss the effect of hyperparameters
and upload ratio in supplementary materials and
also present ablation study to explore the individual effects
of MixCluster, along with Supervised Contrastive, Repre-
sentation Consistency and JS Divergence components of
Loss Function.
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4.2. Representation Distribution via t-SNE

To evaluate FedAlign’s effectiveness, we analyze learned
representations using t-SNE visualizations. Figure3 com-
pares representation spaces across four domains—Photo,
Art, Cartoon, and Sketch—for FedAvg (baseline) and
FedAlign. FedAlign produces more distinct and compact
clusters, particularly in challenging domains like Photo and
Art, indicating stronger domain alignment. It also improves
intra-class coherence, with samples from the same class
tightly grouped, and enhances inter-class separability, re-
ducing overlap between classes. These results demonstrate
FedAlign’s ability to handle domain shifts effectively, of-
fering more robust and generalized feature representations
compared to traditional federated learning baselines.

5. Conclusion

In this paper, we present FedAlign, a novel framework
for Federated Domain Generalization (FDG) that addresses
the critical challenges of limited local data availability and
client heterogeneity. Our approach introduces (1) an ef-
ficient cross-client representation enrichment module that
diversifies representations through cluster-aware augmenta-
tion, and (2) adversarial training for domain alignment (3)
a dual-stage alignment strategy combining adversarial do-
main invariance with prediction consistency optimization to
extract robust domain-agnostic features. Extensive evalua-
tions across multiple benchmark datasets demonstrate that
FedAlign consistently outperforms state-of-the-art meth-
ods, achieving superior accuracy while maintaining strong
scalability across varying client populations.

These advancements position FedAlign as a practical so-
lution for real-world federated learning scenarios, particu-
larly in healthcare and IoT applications where data hetero-
geneity and privacy constraints are paramount. Our results
suggest a promising direction for future research in feder-
ated representation learning, emphasizing the importance
of joint optimization of feature diversity and domain invari-
ance in distributed environments.
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