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Abstract

We address the Federated source-Free Domain Adap-
tation (FFreeDA) problem, with clients holding unla-
beled data with significant inter-client domain gaps. The
FFreeDA setup constrains the FL frameworks to employ
only a pre-trained server model as the setup restricts ac-
cess to the source dataset during the training rounds. Of-
ten, this source domain dataset has a distinct distribution
to the clients’ domains. To address the challenges posed by
the FFreeDA setup, adaptation of the Source-Free Domain
Adaptation (SFDA) methods to FL struggles with client-
drift in real-world scenarios due to extreme data hetero-
geneity caused by the aforementioned domain gaps, re-
sulting in unreliable pseudo-labels. In this paper, we in-
troduce FedSCAl, an FL framework leveraging our pro-
posed Server-Client Alignment (SCAIl) mechanism to reg-
ularize client updates by aligning the clients’ and server
model’s predictions. We observe an improvement in the
clients’ pseudo-labeling accuracy post alignment, as the
SCAl mechanism helps to mitigate the client-drift. Fur-
ther, we present extensive experiments on benchmark vision
datasets showcasing how FedSCAI consistently outperforms
state-of-the-art FL methods in the FFreeDA setup for clas-
sification tasks.

1. Introduction

Federated Learning (FL) initially proposed in [23] is a ma-
chine learning paradigm where multiple client models ac-
tively participate in the collective training of a shared global
model, orchestrated by a central server. During the train-
ing phase, clients exchange their local client models with
the server, thus ensuring the confidentiality of their respec-
tive local training data. The privacy-preserving nature of
FL has led to its application across diverse domains, includ-
ing smartphones [10, 32], Internet of Things [24, 26], and
healthcare applications [2, 27, 33, 42].

In practice, clients participating in an FL framework will
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Figure 1. (a) FFreeDA Setup: Multiple clients (labeled as C1, Ca,
Cs, and Cy4) hold unlabeled data from same or different domains,
while the central server uses a pre-trained model trained on a la-
beled source dataset, which differs from clients’ data distributions
and is unavailable during training. (b) Performance of different
methods on Office-Home dataset.

be deployed in diverse environments, ingesting non-iid data
leading to data heterogeneity across the client devices. Het-
erogeneity in data often arises due to variations in label
distributions or feature distributions (covariate shift) across
the clients. In their respective local training rounds, the
clients optimize a task-specific objective function on their
training data. Consequently, clients may drift towards the
local minimum of their respective objectives. This phe-
nomenon, ‘client-drift’ [16] is commonly observed when
training data is non-iid across clients. As a result, client
models tend to overfit their training data. Furthermore, ag-
gregating these model parameters at the server results in a
sub-optimal global model.

Prior works in FL have addressed label heterogeneity is-
sues in [7, 16, 18, 19, 47] while covariate shift has been
considered in [14, 20]. These methods assume that the
client data is labeled, which is often impractical given the
data privacy as well as logistical constraints associated with
data annotation. Evidently, in practical real-world scenar-
ios (as mentioned in Sec. 2.2 of the Supplementary), FL
setups usually encounter substantial challenges with unla-
beled client data and large domain gaps across the clients
hindering the development of a robust aggregated model
that generalizes well across diverse client environments. In
this work, we take up the classification task in a challeng-
ing FL setting of FFreeDA introduced in [35]. In this set-
ting, the training data samples on the clients are unlabeled



and, the server model is pre-trained on the source dataset.
This dataset is unavailable during the federated training, and
the FL is initialized by the pre-trained model available on
the server. Along with inter-client domain shift, the source
dataset used for pre-training the server model is likely to
exhibit a large domain gap with each of the clients’ training
data. This setting is clearly explained in Figure 1 (a).

Existing methods that require labeled source data on the
server, such as DualAdapt [46], are not effective in the
FFreeDA setting, where the server lacks access to labeled
data. Even when access is permitted, these methods of-
ten fail to bridge significant domain gaps. More recent
approaches such as LADD [35] for segmentation and Fed-
WCA [25] for classification adopt clustering-based strate-
gies tailored to the FFreeDA paradigm. However, their per-
formance is dependant on the clustering quality, making
them vulnerable when the cluster structure is unclear. In
particular, LADD’s requirement for client-style information
introduces privacy concerns that limit its applicability.

Given the unsupervised nature of FFreeDA, we turn to
pseudo-labeling approaches based on source-free domain
adaptation, such as SHOT [21], that allow each client to
self-train using predictions from the current model. We be-
gin with two simple baselines: Local Adaptation (LoA),
where each client trains independently using pseudo-labels,
and its federated counterpart FedLoA, which aggregates
client models after local adaptation. As shown in Fig-
ure 1 (b), both methods perform poorly when the client do-
mains are highly non-overlapping, due to inconsistent label
assignments and client drift.

To overcome these issues, we propose FedSCAI, a
new framework that replaces clustering with a Server and
Client Alignment (SCAI) mechanism. Rather than grouping
clients, FedSCALI aligns client predictions with those from
a server model. This alignment leads to more stable and
accurate pseudo-labels, thereby mitigating client drift and
improving generalization across diverse domains.

Additionally, we propose a novel adaptive thresholding
approach within our framework that adjusts the threshold
used for determining the pseudo-labels dynamically based
on the entropy of the predictions on training data samples.
This further enhances the quality of pseudo labels used for
training the client models across the training rounds. We
discuss this in detail in Sec. 4.4.

Our key contributions are summarised as follows:

* FedSCAI framework: A novel framework to solve clas-
sification tasks in the FFreeDA [35] setting where only
a pre-trained source model is available at the server, and
clients hold unlabeled, heterogeneous data.

¢ SCAl mechanism: A server—client alignment mechanism
within the FedSCAIl framework that regularizes client
predictions using the server model, mitigating client-drift
and improving pseudo-label accuracy.

» Adaptive Thresholding: A dynamic approach for filter-
ing low-confidence predictions, ensuring the reliability of
pseudo-labels used for client updates.

» Extensive Empirical Validation: Experiments on mul-
tiple benchmarks (Office-Home, DomainNet, and Office-
31) demonstrate substantial performance gains over the
baselines and other state-of-the-art approaches.

2. Related Work
2.1. Federated Learning (FL)

Recently, addressing non-iid issues in Federated Learning
has become a rapidly evolving research area. Here, we
briefly discuss a few related works. In FedAvg [23], the
two main challenges explored are reducing communication
costs [43] and ensuring privacy by avoiding having to share
the data. FedProx [19] introduced a proximal term by penal-
izing the weights if they are far from the global initialized
model. SCAFFOLD [16] approached this issue by consid-
ering it as an objective inconsistency, and it introduced a
gradient correction term designed to function as a regular-
izer. Later works of [7, 16] improved upon this by intro-
ducing the dynamic regularization term. A few works in-
clude regularization methods on the client side [49], and
one-shot methods where clients send the condensed data
and the server trains on the condensed data [48]. In [12], an
adaptive weighting scheme is considered on task-specific
loss to minimize the learning from samples whose repre-
sentation is negligible. Flatness-based methods based on
SAM called FedSAM is introduced in [3, 31, 38]. Feder-
ated Learning with partially labelled data is considered in
the works of SemiFL [6, 15]. Model personalizations in FL
are considered in [39] and the distillation-based approaches
are also considered in [11, 17]. The clustering approaches
in FL are discussed in [8, 22] where they require retrain-
ing the models repeatedly to obtain optimal clustering in a
supervised learning setup.

2.2. Federated Learning with Distributional Shifts

FL has seen few developments concerning distributional
shifts. The work of [29] introduces FL with distributional
shifts, framing the challenge as adversarial domain adapta-
tion within FL settings. Personalized FL for labelled data
with distributional shifts is explored in [20]. FedGen [34]
adopts a distillation approach, training generators on the
client side to minimize the domain gap across clients. How-
ever, existing approaches, as outlined in [14, 20, 46], share
common limitations. They rely on the assumption of la-
belled data across clients or the availability of related do-
main data with the server [46]. Methods such as Dual-
Adapt [46] depends on a labelled source dataset during fed-
erated training, and LADD [35] assumes access to client
data styles in the pre-training stage. Few prior works such



as Semifl [6] use consistency regularization inspired from
Fixmatch [37], where the weak and strong augmentations
are used to produce better pseudo-labels.

3. Preliminary

3.1. Pseudo-Label Estimation

In the FFreeDA setting, access to the labelled source do-
main data D? is not available. Instead, the federation relies
on a pre-trained source model f° trained on dataset D* to
facilitate adaptation to the target domain D?. In such set-
tings, the principal objective is to learn a target model f*
which could correctly predict labels y; for the unlabelled
target domain samples z; € D! by adaptation from the
source-trained model f° without direct access to any la-
belled data from the source domain D®. The challenge lies
in leveraging the knowledge encoded within the pre-trained
source model f* to adapt effectively to the characteristics of
the target domain D?. The source model f* can be studied
as a composition of two integral components: a feature ex-
tractor ¢° : X; — R, where X is the feature distribution
of source data, and a classifier 2° : R — RY. This archi-
tecture enables the transformation of input data = from the
source domain to a d-dimensional feature space, followed
by classification into J classes. In other words, the source
model f° can be represented as f° = h®og®. As are-
sult of the domain gap between the server and client models
we employ a pseudo-label estimation strategy as in [21]
which helps in knowledge transfer via feature prototype-
based pseudo-labeling strategy, where prototypes c; are ob-
tained for each class akin to weighted k-means clustering,
computed as:=

ZwteDt 5j(ft(33t)) gt(xt)
D wept 05 (fi(me))

where f! = h' o g* denotes the target model, &; (f*(x?))
represents the softmax probability of target instance x; be-

longing to the j-th class. The pseudo label 9 for tar-
get z! is determined via the nearest prototype classifier:
9i = argmin; Ds(g*(x}),c;) where Dy(a,b) computes
the cosine distance between @ and b. Therefore, given the
source model f* = h® o g° and pseudo labels generated
as above, SHOT freezes the hypothesis from the source
ht = h*® and learns the feature encoder g* with the full
objective Eq. 2. It jointly minimizes the Information Maxi-
mization (IM) loss (Len + Laiv) [13, 36] together with L.,
which is the pseudo-labeling loss with the full objective as
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where pj = 15730, ¢p, [0;(f*(2))] and B > 0 is a bal-
ancing hyper-parameter. For the LoA baseline, each client k
optimizes the LfOA objective independently leveraging the
pre-trained server model as the source.

3.2. Federated Learning

In FL, the goal is to solve the following optimization:
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where K is the number of clients, [ (w) is the client’s
task specific objective function and w denotes model pa-
rameters. It is solved in an iterative fashion spanning over
T communication rounds between the server and clients us-
ing methods such as FedAvg [23].

4. Method
4.1. Problem Setup

We assume a single server and K clients and all the clients
have the same model architecture. The server has access
only to the pre-trained model trained on the source data with
distribution Ps(z, y), and the k*" client has access to the un-
labelled dataset Dy, drawn from the distribution P, (x, y),
where m € {1,2,..., M}, and M is the number of do-
mains. Now, P, (z,y) = P, (y|x) Py (z) for features =
and labels y belonging to domain m. Through this setup we
tackle variations in the marginal distribution P, (x) across
the clients which we refer to as covariate shift or domain
gap i.e for any two clients k and [, having sampled data from
domains k" and I', we have Py, (z) # Py (x). However,
the problem is poorly defined if P,(x,y) and P, (x,y) are
completely unrelated. So, we assume the source distribu-
tion P (x,y) and the domain distribution P, (x,y) follow
common domain adaptation assumptions [1, 4]. We con-
sider the scenario where the datasets on any pair of clients
belong to the same or different domains.

4.2. Pseudo-Label Estimation in Unsupervised Fed-
erated Settings

FedSCAL aims to generate high-quality, robust pseudo la-
bels with the help of the pre-trained server model assisting
clients to train models on their unlabelled data via federa-
tion. To begin with, the estimation of pseudo-labels in a
federated setting operates by deploying the LoA method
to client & which then yields the local client loss Lﬁ"A.
In each communication round r, the server broadcasts the
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Figure 2. Overview of the proposed FedSCAI framework with Server and Client Alignment (SCAl) implementation. The server
communicates the global model w" to the clients, the clients then train their local models (w7,) using a weak augmentation A,, giving us
the augmented image A, (), and a strong augmentation A from which we get the augmented image A (z%). The clients compute the
client alignment loss: Lﬁf and the server alignment loss: LZ’i to perform the local training using the Eq. 12, and then communicate the
updated local models wy, to the server in the subsequent round for aggregation.

global model w" to participating clients who indepen-
dently optimize their empirical local training loss I, (w) =

‘le‘ S2IPH pLoA(w: 1) where i, € Dy. Each client
k optimizes the loss for a few local epochs E and sends
the model updates wj, to the server. In federated averag-
ing, the server simply aggregates these model updates as
witl = % > r—1 Wy This iterates until convergence and
gives us the FedLoA baseline. However, the key bottle-
neck with FedLoA is the degradation in pseudo-label qual-
ity due to large domain gaps across the clients which results
in client-drift. To address this we propose a novel Server
and Client Alignment (SCAI) mechanism within the Fed-
SCAI framework.

4.3. Improving Pseudo-label Accuracy via SCAI

We propose an alignment of the local client prediction with
the prediction of the global model via our Server and Client
Alignment (SCAl) mechanism. As aforementioned, clients
with domain gap suffer from client drift, leading to overfit-
ting on their local objective losses. To avoid this we focus
on utilizing predictions consistently aligned with the global
model. The alignment loss for client k£ in a communica-
tion round is explained. Suppose &(f(z%;w")) denotes the
prediction of the server model on a data point z}, and simi-
larly 8( i (z%;w?))" denotes the client model prediction on
zi. Here, fy(-) represents the output of the classifier and
0(+) is the softmax operator. We obtain the two predictions
on single weakly augmented sample A, () of the orig-

“For simplicity, the parameterizations w,. and wff are omitted in sub-
sequent discussions.

inal sample z% as 0(fi(Ayw(2%))) and 6(f(Aw (L)) re-
spectively. Similarly, we obtain the prediction of strongly
augmented sample Ag(z%) as §(fx(As(z%))). We match
the one-hot predictions of the weak augmentations from the
client model f;, (i.e, 6(fi(Aw(z%))) ) and the server model
f (e, 6(f(Aw(xh)))) using the alignment loss as described
below. We denote the client alignment loss of the client
model’s weak and strong augmentations as LL’Z, where

Ly = Lo (Fu(Aw @) >r PrL(0(@p)[la(2) (D)

and 7 is the threshold, g(x%) = §(f(As(2%))) , p(al) =
Son(fx(Aw(zh))), and Dk, is the KL divergence. The
threshold 7 is employed to match the most confident pre-
dictions, this is discussed in the Sec. 4.4. dop (f1(Aw(z})))
represents the one-hot prediction of the softmax vector
§(fr(Aw(L))). dmax denotes the maximum of the softmax
outputs and I is the indicator function. Averaging across the
batches yields the total client alignment loss as below.”

! 1 a Li
L, = B Z Ly ®)
D imt Lbman (fi(Aw (@) >7) i1

where B denotes the size of the mini-batch.
Similarly, the server alignment loss denoted as L{™" is

Lyt = s (£(Aw (@) >y Prr(r(@p)lla(z})) ()

;If none of the predictions cross the threshold i.e.,
— v
Lim1 lsaa (i (Aw ()57} = 0s then L is set 00



where 7(z},) = don(f(Aw(x}))). Averaging across the
batches yields the total server alignment loss™ as

B
1 .
L= — S Ly (10)
2 it Loman (F(Aw(@i)))>7) i1

The overall alignment loss is the sum of the server and client
alignment losses and is given by

LA = N s LY 4 2\ * LY (11)

Finally, our local client loss takes the form, here Lf"A
refers to client £ adapting the Eq. 2.

Ip(w) = L% + LY (12)

We demonstrate the impact of the client and server align-
ment loss. Figure 3a shows the pseudo-label accuracy dif-
ference Apacc (Eq. 13) with and without SCALI loss.

Apace = pAcc(FedSCAL) — pAcc(FedLoA) (13)

where pAcc(FedSCALl) gives the pseudo-label accuracy
when we use our proposed FedSCAI with Server and Client
Alignment (SCAI) mechanism and pAcc(FedLoA) gives
the pseudo-label accuracy for the adaptation of LoA method
to a federated setup. In Figure 3a, it can be seen that when
we deploy our FedSCAI framework with the SCAI loss
(Eq. 11), the pseudo-label accuracy keeps improving over
the communication rounds.

4.4. Adaptive Thresholding

In Eq. 7, we employ the threshold 7 to match the most con-
fident predictions. However, setting a fixed value for 7 dur-
ing the federated training may encounter certain drawbacks.
Firstly, during the initial phases of training, the client mod-
els may not be very confident in their predictions, neces-
sitating the initial relaxation of the threshold, followed by
tightening as the client models’ predictions grow in confi-
dence. Another issue may arise due to client data hetero-
geneity; client models deployed on certain domains may
have more or less confidence in their predictions than client
models deployed on other domains. This motivates us to
employ adaptive thresholding during the training cycles.

We exploit the skewness of the entropy (Eq. 14) distri-
bution of the predictions on the client data samples, to dy-
namically adjust the threshold.

HO(fe(1)) = = 3 8 (fulwh) log (,(fueh))) - (14)
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(b) Entropy density of the clients predictions on Office-Home
dataset, calculated via (Eq. 14), exhibiting skewness (); with
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reflecting lower entropy and higher prediction confidence.

Figure 3. Pseudo-label Accuracy difference and visualization of
Entropy Density of Clients Predictions.

where 4, is the softmax confidence that x% belongs to
class j. We denote the pzr, My, and o as the mean, me-
dian, and standard deviation of the entropy distribution, re-
spectively. The skewness v ( [28] and [5]) is given by fol-
lowing
. pw — My

OH

v=3 (15)
A positive value for the skewness v (Figure. 3b) implies an
entropy distribution skewed towards lower entropy values.
This signals that the client model is confident in its predic-
tions. Likewise, a negative value for v would imply that the
distribution is skewed towards higher entropy values mean-
ing the client model is less confident in its predictions. For
further enhancing the pseudo-label estimation using Fed-
SCAL, we tighten the threshold for confident client models
and relax it for the less confident ones. We start with an ini-
tial threshold of 7;,;; and then dynamically update 7 during
training as

T = Tinit + maz(yL, min(y, Yi)) (16)



Table 1. Results on Office-Home (Art: A, ClipArt: C, Real-World: R, and Product: P) Dataset, while the initial server model is pre-trained
on one of the 4 domains and the clients are distributed with the remaining 3 domains such that each client contains the subset of exactly
one domain. We report the Accuracy(%) for each target domain and the average of all the domains for each pre-trained model. It can be
seen that FedSCAI improves the performance significantly across all the domains. Here ‘—’ denotes Source — Target.

(a) Initial Sever Model is
Method pre-trained on Art

(b) Initial Sever Model is
pre-trained on Clipart

(c) Initial Sever Model is
pre-trained on Product

(d) Initial Sever Model is
pre-trained on Real-World

A+C AP ASR| Avg | C5A CoP CoR| Avg |PoA PoC PR | Avg | R9A RSC RSP | Avg

LoA | 4495 7975 8486 | 69.85 | 73.86 8045 8403 | 7945 | 69.54 46.42 8598 | 6731 | 7485 4812 8503 | 6934
FedLoA | 5669 83.56 8638 | 7555 | 7897 8433 8624 | 8318 | 7592 5282 8708 | 7194 | 7755 5501 86.68 | 73.08
FedProx | 5795 8348 8626 | 7590 | 7981 8510 86.12 | 8367 | 73.98 5493 8571 | 7154 | 77.12 57.06 8592 | 7338
FedMOON | 5623 8508 7.3 | 76.15 | 7942 8567 8734 | 8415 | 7566 5334 8678 | 71.93 | 7886 5526 8659 | 7357
FedWCA | 53 8402 8672 | 7458 | 7888 8483 8668 | 8346 | 7543 5239 8695 | 7159 | 7659 5425 8612 | 7232
LADD | 3750 6521 7123 | 5798 | 53.90 6624 7042 | 6352 | 6121 4246 79.09 | 6092 | 6630 40.80 7836 | 61.82

Dual Adapt | 4585 7656 8411 | 6884 | 7058 7806 8199 | 7688 | 68.92 4433 8473 | 65.99 | 7379 4617

84.1 | 68.02

FedSCAI (Ours) 6122 87.16 8876 | 79.05 | 8113 88.19 88.69 | 86.01 | 7939 5848 8881 | 7556 | 79.68 60.96 89.12 | 76.59

To ensure that we are not left with too few prediction class
labels for a very high threshold 7 while also ensuring we do
not sample noisy predictions for a very small 7, we clip the
threshold in the range of [y, vgr]. The detailed algorithm
is provided in Sec. 2 of the Supplementary. The impact of
the adaptive threshold is demonstrated in Table 4.

5. Experiments

5.1. Datasets and Setup

For all our experiments, we choose an ImageNet pre-
trained ViT small model. We consider the cross-silo set-
ting inspired from FedBN [20] and pFedPG [44], where
a data domain is assigned to a client. ~We consider
an even difficult setting, wherein each domain is dis-
tributed across a small number of clients and set a par-
ticipation rate (< 1) allowing only a few clients to par-
ticipate during each communication round. We consider
Office-Home and DomainNet datasets for our experiments.
Office-Home [40] dataset has four domains namely Art,
Clipart, Product, and Real-World. While we con-
sider one domain as a source, the other 3 domains are
distributed among 15 clients (5 each for a particular do-
main). The participation rate is set to 0.3 for the experi-
ment on Office-Home dataset. Domain-Net [9] dataset has
six domains namely Clipart, Infograph, Painting,
Quickdraw, Real, and Sketch. We follow the protocol
of [20] for adapting the Domain-Net dataset to the feder-
ated setup. While we consider one domain as a source, the
other 5 domains are distributed among 10 clients (2 each
for a particular domain). The participation rate is set to 0.3.
Local training epochs for each client are kept at 5 for both
datasets with a learning rate of 0.3.

Augmentations: Our weak augmentations consist of re-
sizing the image to a uniform size, followed by a random
resized crop and horizontal flip, which are then transformed

to tensors and normalized. For strong augmentations, we
randomly choose a pair of augmentations to be applied se-
quentially to the image from a diverse pool. This augmenta-
tion pool includes transformations as used in FixMatch [37].

5.2. Baselines and Evaluation

To establish baselines, we include LoA (Section 3.1) and
FedLoA (Section 4.2), and compare against LADD [35],
DualAdapt [45], FedProx [19], FedMOON [18], Fed-
WCA [25], and our proposed FedSCAIL. We report the best
average accuracy (%), by averaging the accuracies of clients
belonging to each domain. By testing on the client data,
our evaluation captures both performance and generaliza-
tion capabilities. The hyper-parameter settings and imple-
mentation details are provided in the Sec. 7 of the supple-
mentary material.

5.3. Results and Discussion

Office-Home: In Table 1, we present the results for the
Office-Home dataset, for all the combinations of server and
client domains. For example, Table 1(a) shows that the
server has the model pre-trained on the Art domain, and
the clients are distributed with Clipart, Product, and Real-
World data. It can be seen that LADD performs inferior to
other baseline methods. The LoA baseline also performs
inferior to baselines such as FedLoA, key issue being the
training on data limited to a single client. In the case of
FedLoA, the performance degrades due to client-drift. Fed-
SCALI performs the best as it mitigates the client-drift by
employing the Server and Client Alignment(SCAI) mech-
anism and also improves the generalization performance.
FedSCAL achieves 3.50% improvement over the FedLoA
baseline for the Art pre-trained server model (Table 1(a)),
and 3.51% improvement for the Real-World pre-trained
server model (Table 1(d)). For the Clipart and Product



Table 2. Results on DomainNet Dataset (Clipart: C, Infograph: I, Product: P, Sketch: S, Quickdraw: Q, and Real: R), while the initial
server model is pre-trained on one of the 6 domains and clients are distributed with the remaining 5 domains such that each client contains
the subset of exactly one domain. We report accuracy(%) for each target domain and the average of all domains for each pre-trained
model. It is evident that adding our SCAI regularizer boosts the performance across all the domains. Here ‘—’ denotes Source — Target.

(a) Initial Sever Model is pre-trained on Clipart
Method

(b) Initial Sever Model is pre-trained on Infograph

(c) Initial Sever Model is pre-trained on Painting

Co1 CoP C5Q CoR €S| Avg | 15C I5P 15Q ISR IS | A | PC Pl PoQ PSR PSS | Ave
LoA | 4900 9390 705 9557 8677 | 7905 | 8024 9221 5432 9435 8230 | 80.80 | 7993 4943 3322 9488 8330 | 6815
FedLoA | 5256 9360 7349 9613 8703 | 8058 | 8066 9162 7079 9595 8386 | 8458 | 8193 5442 6891 9580 8106 | 7642
FedProx | 5678 9275 7035 9589 8795 | 8074 | 8063 9S8 6171 9586 8359 | 8267 |79.15 5450 5244 9507 8254 | 7281
FedMOON | 5631 9306 6475 9621 8815 | 797 | 8177 9246 5625 9634 8300 | 8197 |7804 5292 3624 9609 8258 | 69.17
FedWCA | 5713 9377 7337 9619 885 | 8179 | 8048 9220 6744 9621 8248 | 8376 | 8036 5449 6403 9594 8080 | 7502
LADD | 5366 9128 3469 9583 8272 | TLe4 | 6611 8052 2677 8521 6559 | 6484 | 60.94 3667 1014 9433 7286 | 5499
DualAdapt | 5446 90 3536 9559 8533 | 7215 | 6735 8100 1963 8652 6937 | 6479 [73.05 4717 10 9501 8029 | 611
FedSCAI(Ours) 601 9478 788 9653 9272 | 8458 | 8700 9478 7601 9642 8894 | 8865 8596 5923 6143 9660 8878 784
Method (d) Initial Sever Model is pre-trained on Quickdraw (e) Initial Sever Model is pre-trained on Real (f) Initial Sever Model is pre-trained on Sketch

ethot

Q+C Q- QP Q=R Q-S| Awg |R5C RSP R-Q RoI RoS| Avg |S5C SoP S5Q SoR SoI | Avg
LoA | 6968 1491 3915 5638 7525 | 5107 | 7046 8587 5943 4651 7390 | 6723 | 8520 9270 77.60 9547 4858 | 7991
FedLoA | 4521 2956 50.02 6408 5235 | 4824 | 7258 8600 7043 4557 7609 | 7005 | 8633 9338 7291 9629 5602 | 80.99
FedProx | 5974 3576 5133 5734 6086 | 5301 | 7179 8675 5197 4855 7349 | 6651 | 872 9Lz 6772 9557 5394 | 7921
FedMOON | 6034 3044 5290 6635 5641 | 5329 | 7673 9024 5871 5335 796 | 7173 | 8648 9364 6883 9618 5475 | 79.98
FedWCA | 4149 3270 4622 5474 4320 | 4368 | 7251 8763 6451 4863 7483 | 69.62 | 8690 9280 7304 9599 5133 | 80.02
LADD | 5272 2594 3719 5080 5295 | 4392 | 5179 7470 1090 3201 6l64 | 4621 | 7954 8983 4267 9526 5349 | 7215
DualAdapt | 5978 2202 4068 S18s 4958 | 4478 | 6972 8614 1343 4654 7336 | 5784 | 8629 9167 3953 9576 5608 | 7386
FedSCAI(Ours) 6537 4005 6574 6603 6575 | 60.61 | 8174 9233 7684 5345 8603 | 7808 8996 9502 77.61 9653 5889  83.60

pre-trained server models, FedSCALI yields average perfor-
mance gains of 2.83% and 3.62%, respectively, compared to
FedLoA (Table 1(b,c)). Table | further compares FedSCAI
with FedProx [19] and Model Contrastive (MOON) [18].
FedSCALI consistently outperforms both FedProx and Fed-
MOON across all target domains. Specifically, with the
Art pre-trained server model, FedSCAI delivers an average
improvement of 3.15% over FedProx and 2.90% over Fed-
MOON. Comparable improvements are observed over other
methods, including FedWCA, LADD, and Dual Adapt.

DomainNet: The results on the DomainNet dataset are
presented in Table 2. With the Clipart pre-trained server
model (Table 2(a)), the proposed method achieves an av-
erage improvement of 4% over the FedLoA baseline, with
consistent gains across all target domains and a maximum
increase of 7.54% on the Infograph domain. For the Info-
graph pre-trained server model (Table 2(b)), our approach
yields an average improvement of 4.07% over FedLoA,
reaching up to 6.43% on the Clipart domain. Using the
Painting pre-trained server model (Table 2(c)), the method
delivers an average improvement of 1.98%, peaking at
7.72% on the Sketch domain. When initialized with the
Quickdraw pre-trained server model (Table 2(d)), the pro-
posed method achieves a substantial average improvement
of 9.54% over the LoA baseline, showing its effectiveness.

Comparable performance gains are observed with server
models pre-trained on other domains such as Real and
Sketch, demonstrating the robustness and adaptability of the
approach across diverse visual domains. Furthermore, Fed-
SCAL consistently outperforms competing federated learn-
ing algorithms, including FedProx and FedMOON, in all
evaluated settings. For example, with the Real domain pre-
trained server model, FedSCAI achieves an average im-
provement of 11.57% over FedProx and 6.35% over Fed-
MOON. These consistent improvements across initializa-
tions, including Painting, Quickdraw, and Clipart, show the
generalization ability of the proposed method for federated
learning with heterogeneous data under the FFreeDA setup.
Office-31 results are in Sec. 6 of the supplementary.

5.4. Analysis of SCAl Mechanism

Server and Client Alignment Losses: We conduct a de-
tailed ablation study on our proposed SCAI loss. We con-
sider the Office-Home dataset for this experiment. As illus-
trated in Table 3, each component of our method contributes
significantly to the performance gain. Introducing the server
alignment loss boosts the FedSCAI performance to around
~ 1.90% over FedSCALI with only the client alignment loss.
Varying the threshold ;,;.: For all experiments, we set
Tinit = 0.8, v = —0.1 and yg = 0.15 as a design
choice. This configuration enables fine-grained threshold



Table 3. Ablation study of SCAI Losses on Office-Home dataset.

I | 17 | AS{C.BR} | CH{APR} | Po{C.A.R} | R5{C.RA} | #Avg.

x| X< 75.55 83.18 71.94 73.08 75.93
x 77.13 84.32 74.12 74.25 77.46

x 77.33 84.63 74.28 74.41 77.66
79.05 86.01 75.56 76.59 79.30

‘—’ denotes Source — Target; Art (A), ClipArt (C), Product (P), and Real-World (R).
Table 4. SCAI with Adaptive vs Fixed Thresholding.

. C— 1— P— Q— R— S—
Thresholding
{RLPQS} | {RCPQS} | {RLCQS} | {RLPCS} | {CLPQS} | {RLPCQ}
Fied | 8277 87.77 78.19 863 | 7581 834
Adaptive 84.58 88.65 78.40 60.61 78.08 83.60

‘—’ denotes Source — Target; Clipart: C, Infograph: I, Product: P, Sketch: S, Quickdraw: Q, and Real: R

adjustments, resulting in lower and upper bounds of 0.7 and
0.95, respectively. If larger clipping values were used (e.g.,
v = v = 0.6), the threshold would span from 0.2 to 1.4.
At the upper bound of 1.4, the SCALI loss remains inactive,
whereas at the lower bound of 0.2, it may be triggered by
noisy predictions, potentially degrading performance. The
rationale for selecting 7y, = 0.8 was to mitigate the influ-
ence of noisy samples at the onset of training. To illustrate
the impact of varying 7;,;¢ While keeping vy, and g fixed,
we present an experiment in Fig. 4 using the Office-Home
dataset. In this figure, we plot the average accuracy of all
the clients when the training is initialized with the server
model pre-trained on different source domains such as Art,
Clipart, Product, and Real-World.

ART ~—— CLIPART —— PRODUCT —— REAL-WORLD
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Figure 4. Effect of varying 7;.+ on the average accuracy attained
by all the clients when the training is initialized with the server

model pre-trained on Art, Clipart, Product, and Real-World.

Adaptive Vs Fixed Threshold: In Table 4, we report av-
erage accuracies on Domain-Net for the proposed adaptive
threshold compared to the fixed threshold. We demonstrate
an improvement of 1.81% when the initial server model
is pre-trained with Clipart and an improvement of 1.98%
when the initial server model is pre-trained using Quick-
draw with adaptive thresholding. Similar improvements
can be observed for other domains with adaptive thresh-
olding improving performance for all the transfer settings.
On the Choice of LoA: In our main experiments, we used
LoA method as SHOT due to its simplicity and as well

as to ensure fair comparison with SOTA methods such as
FedWCA [25], which are designed atop of it. Here, we
showcase experiments with alternative LoA methods such
as BMD [30] and UCon [41] in Tables 5 and 6, respec-
tively. This demonstrates that FedSCAI framework works
independently of the underlying LoA method. Due to space
constraints, we provide only the average accuracy from each
source; the detailed splits of every source-target pairs and
the Domain-Net results are provided in the Sec. 4 of the
supplementary material.

Table 5. Comparison of FedSCAI and FedLoA using BMD as the
underlying LoA method.

Method | A+{C.PR} | C+{A.RR} | P{C.A.R} | R+{C.P.A} | #Avg.

FedLoA | 7752
FedSCAI 80.47

83.98
86.47

77.64
80.15

74.35 74.72
77.15 76.50

‘—’ denotes Source — Target; Art (A), ClipArt (C), Product (P), and Real-World (R).

Table 6. Comparison of FedSCAI and FedLoA using UCon as the
underlying LoA method.

Method | A+{C.PR} | C{A.RR} | P={C.A.R} | R+{C.P.A} | #Avg.

FedLoA |  72.00
FedSCAI 73.93

78.55
81.77

72.41

71.77 74.58 75.51

67.25 ‘ 71.85

‘=’ denotes Source — Target; Art (A), ClipArt (C), Product (P), and Real-World (R).

Further details on the computation/communication is
provided in the Sec. 9 of the supplementary.

6. Limitations and Conclusion

Our work introduces FedSCALI, a novel framework for fed-
erated learning (FL) designed to address the classification
task under the FFreeDA setup. We observe that existing
baselines such as FedLoA can suffer from client-drift issues
in this setting, primarily due to domain shifts and lack of
supervision. To tackle this, FedSCAI incorporates a Server
and Client Alignment (SCAl) mechanism, which enables
clients to align with the server’s pre-trained model while
preserving local adaptation. In doing so, FedSCAI not only
mitigates client drift but also presents a clustering-free alter-
native that addresses the limitations of imperfect clustering
in prior methods. The effectiveness of our framework is
demonstrated through extensive experiments on the Office-
Home, DomainNet, and Office-31 datasets, showing consis-
tent and substantial improvements over baseline and state-
of-the-art approaches tailored for this setup. A key limita-
tion of our current approach is that it assumes a predefined
number of classes across clients. While this assumption
simplifies the setup, it may limit applicability in environ-
ments where class distributions evolve over time. Address-
ing this challenge is an important direction for future work.
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