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1. Notations and Terminology
• Ds denotes the source domain.
• g denotes the feature extractor.
• h denotes the classifier.
• Ps(x, y) represents the source distribution.
• Pm(x, y) represents the mth domain distribution.
• δ(·) is the softmax operator and δoh(·) returns the one hot

output after the softmax operation.
• δmax(·) denotes the maximum valued element after ap-

plying the softmax operator, δ(·).
• w denotes the model parameters.
• ø denotes the adaptive threshold.
• Ia>τ denotes indicator function, which outputs 1 if a > τ

else 0.
• Ll

k denotes the client alignment loss for client k.
• Lg

k denotes the server alignment loss for client k.
• LSCAl

k denotes the server and client alignment loss for
client k.

• LLoA
k denotes the LoA loss for client k.

• FedLoA is the LoA methods implemented in a federated
fashion.

• LoA is the pseudo-labelling strategy implemented locally
on the clients.

• FedSCAl is our proposed framework for solving classifi-
cation tasks in the FFreeDA setup.

• pAcc (FedSCAl) gives the pseudo-label accuracy when
SCAl loss is used along with FedLoA methods.

• pAcc (FedLoA) is the pseudo-label accuracy of FedLoA
methods.

• ∆pAcc is difference in the pseudo-label accuracy of
pAcc (FedSCAl) and pAcc (FedLoA).

2. Algorithm and Computation Details

Algorithm 1: FedSCAl
Input: ws: pre-trained model on source domain
Output: wT : the final aggregated server model
Hyperparameters: λl, λg , T , E: local alignment

loss weight, global alignment
loss weight, communication
rounds, local epochs

1 Initialize: server model w0← ws;

2 for r ← 1 to T do
3 Sever samples Q clients with indices

p1, p2, . . . , pQ;
4 for m← 1 to Q do
5 server sends model wr−1 to client pm;
6 wr

pm
= ClientUpdate(wr−1, pm) ;

7 wr = ServerAggregate(wr
p1
, ...,wr

pQ
),

8 Function ClientUpdate(wr−1,pm):
9 set wk,0 = wr−1 ;

10 for l← 1 to E do
11 wk,l = wk,l−1 −∇lk(wk,l−1), where

lk(wk,l−1) is from Eq. 2 for FedSCAl ;

12 set wr
pm

= wk,E ;
13 return wr

pm
;

14 Function ServerAggregate(wr
p1
, ...,wr

pQ
):

15 wr = 1
Q

∑Q
i=1 w

r
pi

2.1. Algorithm

The total client loss lk(w) for client k is given in Eq. 2.
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LSCAl
k = λlL

l
k + λgL

g
k (1)

lk(w) = LLoA
k + LSCAl

k (2)

Here, LLoA
k denotes the LoA loss for client k, and the

alignment loss is given by LSCAl
k . The parameters λl and

λg represent the client and server alignment loss weights,
respectively. A detailed discussion of the algorithm used to
implement our SCAl loss with the pseudo-labeling strategy
is provided in Algorithm 1.

2.2. Setup Use Cases
When federated learning (FL) is implemented across mul-
tiple surveillance camera sites, the requirement to manu-
ally tag each image becomes a significant administrative
burden. Although servers managed by organizations often
have access to labelled datasets, the sensitive biometric de-
tails—such as facial features—embedded in those images
lead to privacy complications when using them directly for
FL, thus necessitating the use of a pre-trained server model
to initialize the federated training. Furthermore, disparities
in conditions like lighting and background across various
camera locations exemplify the challenges posed by differ-
ing domain characteristics.

3. Alternative peseudo-labeling methods
BMD [3] We leverage the Inter-class Balanced Prototype
and Dynamic Pseudo Label findings from BMD. Class-
biased strategies tend to aggregate biased data instances
from easy-transfer classes, potentially generating noisy la-
bels for hard data. To address this, the authors propose a
global inter-class balanced sampling strategy, formulated
as a multiple-instance learning problem. In this approach,
each data instance in the target domain is represented by a
feature vector and a classification result. The top-M most
likely instances are aggregated to construct class-balanced
feature prototypes, facilitating pseudo-label assignment as
shown below

Mj = argmax
xt∈Xt

|Mj |=M

δk
(
f t(xt)

)
(3)

cj =
1

M

∑
i∈Mj

ĝt(xi
t) (4)

ŷt = argmin
j

Df (ĝ
t(xt), cj) (5)

where M = max{1, ⌊ nt

r∗K ⌋}, r is a hyperparameter denot-
ing the top-M selection ratio, and J is the number of ob-
ject classes in the target domain. To improve performance,
a dynamic pseudo-labeling approach is deployed. At each
epoch’s start, feature prototypes and corresponding pseudo

labels are globally updated. During iteration steps, feature
prototypes are adjusted using an exponential moving aver-
age of cluster centroids. Dynamic pseudo labels are com-
puted based on instance-feature prototype similarities, nor-
malized across classes. A robust symmetric cross-entropy
loss is adopted over standard cross-entropy. However, dy-
namic pseudo labels may overlook domain shifts, leading
to less informative prototypes. To mitigate this, the static
pseudo label-based self-training loss is combined with dy-
namic loss, balanced by hyper-parameters α and β. The
dynamic pseudo labels ŷt

d and the feature prototypes are
updated as follows

ŷt
d =

exp(ĝt(xt), cj)∑K
k=1 exp(ĝ

t(xt), cj)
(6)

pj(xt
n) =

exp(ĝt(xt
n), cj)∑J

j=1 exp(ĝ
t(xt

n), cj)
(7)

ĉj =

∑N
n=1 ĝ

t(xt
n) ∗ pj(xt

n)∑N
n=1 pj(xt

n)
(8)

cj = λcj + (1− λ)ĉj (9)

Lst = −
1

N

N∑
i=1

K∑
k=1

I[k = ŷt] log δk(f
t(xi

t)) (10)

where pij(xt) denotes the similarity of instance xt with
existing feature prototypes, ĉj represents the feature pro-
totype of class k calculated with the current training mini-
batch, and λ is the momentum coefficient of EMA. Thus
Lbmd becomes our LLoA

k (Eq. 2)

Ldyn = − 1

N

N∑
i=1

J∑
j=1

ŷdt,j log(δj(f
t(xt

i)))−

1

N

N∑
i=1

J∑
j=1

δj(f
t(xt

i)) log(ŷdt,j)

(11)

LLoA = α ∗ Lst + β ∗ Ldyn (12)

UCon-SFDA [6] The UCon-SFDA method extends the
conventional contrastive loss for source-free domain adap-
tation by introducing uncertainty control mechanisms that
target both negative and positive sample selection.

LCL = L+
CL + λ−

CL L−
CL (13)

Here,

L+
CL = − 1

NT

N∑
i=1

∑
x+
i ∈Ci

Sθ(x
+
i ;xi), (14)

L−
CL =

1

N

N∑
i=1

∑
x−
i ∈B\{xi}

Sθ(x
−
i ;xi), (15)



Table 1. Comparison of FedLoA and FedSCAl on Office-Home dataset, when BMD is used as underlying LoA method.

Method
Initial Sever Model is pre-trained

on Art
Initial Sever Model is pre-trained

on Clipart
Initial Sever Model is pre-trained

on Product
Initial Sever Model is pre-trained

on Real
Clipart Product Real Avg. Art Product Real Avg. Art Clipart Real Avg. Art Clipart Product Avg.

FedLoA 58.74 86.06 87.77 77.52 80.2 85.05 86.7 83.98 78 57.59 87.45 74.35 78.42 57.93 87.8 74.72
FedSCAl (Ours) 63.84 88.39 89.19 80.47 81.62 88.88 88.91 86.47 80.1 62.98 88.37 77.15 79.51 60.81 89.19 76.5

Table 2. Results on Domain-Net Dataset, when the underlying LoA method used is BMD. We report the accuracy (%) for each target
domain and the average of all the domains for each pre-trained model. It is evident that adding our SCAl loss boosts the performance
across all the domains.

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

Infograph Painting Quickdraw Real Sketch Avg. Clipart Painting Quickdraw Real Sketch Avg.

FedLoA 56.96 92.48 73.24 96.28 87.28 81.24 81.63 91.10 66.93 95.82 82.83 83.66

FedSCAl (Ours) 58.19 94.89 76.68 96.60 91.94 83.66 86.38 94.62 76.44 96.78 89.37 88.72

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

Clipart Infograph Quickdraw Real Sketch Avg. Clipart Infograph Painting Real Sketch Avg.

FedLoA 80.24 52.09 66.97 95.68 80.09 75.01 61.51 38.00 58.35 62.10 60.72 56.13

FedSCAl (Ours) 87.03 56.59 77.82 96.60 88.83 81.38 71.57 44.40 74.65 75.04 72.21 67.57

Method
(e) Initial Sever Model is pre-trained on Real (f) Initial Sever Model is pre-trained on Sketch

Clipart Painting Quickdraw Infograph Sketch Avg. Clipart Painting Quickdraw Real Infograph Avg.

FedLoA 71.47 87.12 52.30 47.79 76.82 67.10 82.67 90.44 75.48 96.39 53.61 79.72

FedSCAl (Ours) 80.14 91.51 68.82 52.97 84.33 75.55 88.25 94.53 79.05 96.65 57.20 83.14

and Sθ(u; v) = ⟨f(u; θ), f(v; θ)⟩ denotes the dot-product
similarity between feature embeddings. To mitigate false
negatives, a dispersion control term is added:

LDC = − 1

N

N∑
i=1

dθ(AUG(xi), xi), (16)

where AUG(·) denotes a stochastic data augmentation and
dθ(u, v) = ⟨f(u; θ), log f(v; θ)⟩ The negative component
of the uncertainty-controlled loss becomes

L−
UCon = λ−

CLL
−
CL + λDCLDC (17)

with λDC as the dispersion weight. On the positive side,
an uncertain set U is defined by the confidence ratio crite-
rion p(1)/p(2) ≤ τ , where p = f(x; θ) and p(k) is its k-th
largest entry. For each xi ∈ U , a partial-label set YPL

xi
of

size KPL is formed from its top-KPL historical predictions.
The relaxed positive loss then reads

(18)
L+
UCon = L+

CL + λPL
1

N

N∑
i=1

∑
y∈YPL

xi

1[xi

∈ U ] ℓCE(y, f(xi; θ))

where ℓCE(·, ·) is the cross-entropy loss and λPL the
partial-label weight. Finally, the overall adaptation objec-
tive is

LLoA = L+
UCon + L−

UCon, (19)

balancing dispersion and partial-label contributions.

4. Results with LoA as BMD and UCon

The two tables 1 and 4 present a comparison between Fed-
LoA and the proposed FedSCAl method on the Office-
Home and DomainNet datasets, using BMD as the under-
lying Local Adaptation (LoA) method. In both tables, dif-
ferent initial server model pre-training domains are consid-
ered, and performance is evaluated on the remaining tar-
get domains. Across all settings, FedSCAl consistently
outperforms FedLoA, demonstrating better generalization
to unseen domains. For instance, on Office-Home, when
pre-trained on Art, the average accuracy improves from
77.52% (FedLoA) to 80.47% (FedSCAl), and similar gains
are observed across other source domains. Likewise, on
the more challenging DomainNet dataset, FedSCAl shows
strong improvements in every pre-training scenario for ex-
ample, when initialized on Painting, the average accu-
racy increases from 75.01% to 81.38%, and from 79.72%
to 83.14% when initialized on Sketch. These results con-
firm that incorporating the SCAl loss enhances adaptation
and improves performance across diverse and unseen tar-
get domains. Similarly the table 3 compares the perfor-
mance of FedLoA and the proposed FedSCAl method on
the Office-Home dataset, using UCon as the underlying Lo-
cal Adaptation (LoA) method. Results are reported across
four different initial server pre-training domains: Art,
Clipart, Product, and Real, with accuracy evaluated
on the remaining target domains. Across all configurations,



Table 3. Comparison of FedLoA and FedSCAl on Office-Home dataset, when UCon is used as underlying LoA method.

Method
Initial Sever Model is pre-trained

on Art
Initial Sever Model is pre-trained

on Clipart
Initial Sever Model is pre-trained

on Product
Initial Sever Model is pre-trained

on Real
Clipart Product Real Avg. Art Product Real Avg. Art Clipart Real Avg. Art Clipart Product Avg.

FedLoA 53.44 80.23 82.35 72.01 74.4 80.51 80.76 78.56 70.09 50.16 81.52 67.26 75.92 55 84.65 71.86
FedSCAl (Ours) 57.76 81.34 82.71 73.94 77.17 82.99 85.16 81.77 75.9 55.46 83.96 71.77 77.6 59.34 86.82 74.59

Table 4. Results on Domain-Net Dataset, when the underlying LoA method used is UCon. We report the accuracy (%) for each target
domain and the average of all the domains for each pre-trained model. Clearly, adding our SCAL loss boosts the performance.

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

Infograph Painting Quickdraw Real Sketch Avg. Clipart Painting Quickdraw Real Sketch Avg.

FedLoA 56.94 93.31 67.76 96.33 87.06 80.28 80.63 91.86 66.03 95.86 81.51 83.18

FedSCAl (Ours) 60.07 94.42 74.14 96.51 90.22 83.08 85.63 93.56 76 96.58 86.24 87.6

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

Clipart Infograph Quickdraw Real Sketch Avg. Clipart Infograph Painting Real Sketch Avg.

FedLoA 81.02 53.85 61.36 96.12 83.27 75.12 47.61 37.89 53.75 57.07 48.14 48.89

FedSCAl (Ours) 85.23 58.58 68.63 96.32 86.24 79 68.4 50.86 70.68 71.45 65.46 68.37

Method
(e) Initial Sever Model is pre-trained on Real (f) Initial Sever Model is pre-trained on Sketch

Clipart Painting Quickdraw Infograph Sketch Avg. Clipart Painting Quickdraw Real Infograph Avg.

FedLoA 81.53 93.08 64.63 56.5 85.49 76.25 84.25 93.92 70.98 96.33 57.98 80.69

FedSCAl (Ours) 85.48 94.21 73.85 59.86 88.86 80.45 88.77 94.78 76.04 96.5 60.21 83.26

FedSCAl consistently outperforms FedLoA. For example,
when the initial model is pre-trained on Clipart, the av-
erage accuracy improves from 78.56% (FedLoA) to 81.77%
(FedSCAl), and similarly, for the Real pre-training setting,
the average increases from 71.86% to 74.59%. These re-
sults show that integrating the SCAl loss enhances the adap-
tation quality and leads to improved generalization under
UCon-based local training.

5. T-SNE Visualization of representations

In Fig. 1, we visualize the t-SNE embeddings of the learned
representations on a client from the Clipart domain,
where the initial server model is pre-trained on the Art
domain. Under FedLoA, the representations exhibit over-
lapping and poorly formed class clusters, indicating sub-
optimal adaptation to the target domain. In contrast, Fed-
SCAl leads to relatively well-separated and compact clus-
ters, demonstrating improved inter-class separability. This
highlights that FedSCAl is more effective in aligning the
source-pretrained server model with the client’s target dis-
tribution, particularly in challenging cross-domain scenar-
ios. The improved clustering structure validates the effec-
tiveness of SCAl loss in enhancing federated adaptation and
feature discriminability.

6. Additional Experiments

As mentioned in the main paper, due to space constraints
we provide the Office-31 results in Table 5. It reports the re-
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(a) t-SNE plot for FedLoA when the server
model is pre-trained on Art and the client has
Clipart data.
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(b) t-SNE plot for FedSCAl when the server
model is pre-trained on Art and the client has
Clipart data.

Figure 1. (a) t-SNE plot of representations learned by FedLoA, (b)
t-SNE plot for representations learned after adding our proposed
loss (FedSCAl). It can be seen that adding our SCAl loss leads to
better clustering of the learned representations.

sults on the Office-31 dataset, where the initial server model
is pre-trained on one of the three domains (Amazon, DSLR,
or Webcam), and clients are drawn from the remaining two



Table 5. Results on Office-31 Dataset, while the initial server pre-trained model is trained on one of the three domains (Amazon, Webcam,
and DSLR), and the clients are distributed with the remaining two domains such that each client contains a subset of exactly one Domain.

Method (a) Initial Server Model: Amazon (b) Initial Server Model: DSLR (c) Initial Server Model: Webcam
DSLR Webcam Avg. Amazon Webcam Avg. Amazon DSLR Avg.

LoA 92.97 94.21 93.59 75.61 93.96 84.79 78.83 98.93 88.61

FedLoA 96.65 95.64 96.15 81.11 95.68 88.39 79.19 97.79 88.56

FedProx 95.14 94.58 94.86 79.03 94.58 86.81 77.35 97.56 87.46

FedMOON 95.72 95.05 95.39 80.15 95.21 87.68 78.79 97.61 88.20

FedWCA 95.65 90.9 93.28 75.66 97.78 86.72 75.88 99.73 87.81

LADD 84.54 85.03 84.78 63.9 94.72 79.31 70.6 99.4 84.99

Dual Adapt 88.86 87.42 88.14 69.08 97.02 83.05 73.81 99.35 86.58

FedSCAl (Ours) 96.65 96.27 96.46 81.69 96.81 89.25 82.87 98.66 90.76

domains, with each client containing data from only a sin-
gle domain. The performance is measured on the held-out
client domains and reported individually as well as aver-
aged. The proposed FedSCAl method consistently outper-
forms all baselines across all settings. For example, when
the server is initialized on Amazon, FedSCAl achieves the
highest average accuracy of 96.46%, surpassing methods
like FedLoA (96.15%), FedProx (94.86%), and FedMOON
(95.39%). Similarly, in the DSLR-pretrained setting, Fed-
SCAl reaches an average of 89.25%, showing gains over
FedLoA (88.39%) and other competing methods. In the
Webcam-pretrained case, FedSCAl achieves the highest av-
erage accuracy of 90.76%, demonstrating its robust cross-
domain adaptation ability under varied initialization condi-
tions.

It can be seen that the LoA method performs inferior to
FedLoA and FedSCAl even though there is no client-drift
in this case, the key issue being the training on limited sin-
gle client data. In the case of FedLoA, the performance is
not the best as client-drift limits its performance. FedSCAl
performs the best as it minimizes the client-drift across the
domains. It can be seen that FedSCAl outperforms the Fed-
LoA baseline by 2.2% when the server model is pre-trained
on Webcam data, and it beats FedLoA by 0.86% when the
server model is pre-trained on DSLR data.

7. Datasets and Hyper-parameter Settings

Office-31 [4] dataset contains three domains: Amazon,
DSLR, and Webcam. While we consider one domain as a
source, the other 2 domains are distributed among 6 clients
(3 each for a particular domain). The participation rate is
set to 0.5. For Office-Home [5] and Office-31 we set λl and
λg to 1. For Domain-Net [1] we set λl to 3 and λg to 0.3.
We follow the protocol of [2] for adapting the Domain-Net
dataset to the federated setup. We use an SGD optimizer for
adaptation and a learning rate of 0.03 for the Office-Home,
Office-31, and Domain-Net datasets. A batch size of 64 is

used for training at each client for all datasets. Local train-
ing epochs for each client are kept at 5 for all datasets. As
FedProx and FedMOON are designed for supervised set-
tings, we implement them in the FFreeDA setting with the
LoA method as described in Section 3.1 of the main paper.

8. Analysis of SCAl by varying the λl and λg

We perform an ablation study on the regularization weights
λl and λg , where the initial server model is pre-trained on
the Quickdraw domain, and the clients are distributed
with data from the remaining domains. The plots in the
Figure 2 show the average accuracy across all clients as we
vary one regularizer while keeping the other fixed. We ob-
serve that while there is some fluctuation in performance,
the overall accuracy remains relatively stable across a range
of λl and λg .

9. Computation and Communication Cost

If c denotes the Forward Pass Computation Cost (FPCC),
and e is the number of local epochs, then the proposed reg-
ularizer will have an effective FPCC of ce+ce+c. This ef-
fectively incurs only twice the FPCC for client training in
each communication round when the local epochs e is larger
than 1. The backward computation due to our FedSCAl
framework remains almost the same. We save computation
by storing pseudo-labels generated by the first forward pass
through the global model parameters for the weakly aug-
mented samples. Our method communicates only the model
parameters and incurs no additional communication cost.

The Table 6 reports the end-to-end training time (in sec-
onds) for different federated learning baselines for single
communication round. Among all methods, FedSCAL, our
proposed approach, shows a moderate increase in compu-
tation time compared to others. This is expected, as Fed-
SCAL incorporates both local and global consistency mech-
anisms. Despite this slight overhead, FedSCAL delivers
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Figure 2. Ablation of SCAl Regularization Weights: Average ac-
curacy across clients while varying λl and λg .

Table 6. Training time comparison of different methods.

Method Time (sec)

FedLoA 156.93
LADD 114.90
FedProx 158.28
FedWCA 163.83
FedSCAL 170.08

significantly better performance, demonstrating that the ad-
ditional computation is minimal relative to its overall gains.

10. On the use of Local and Global models
As demonstrated in our experiments, both the local and
global consistency losses are essential to the effectiveness
of the SCAL mechanism. We now formalize why this is the
case. Let pil,k denote the probability that the local model of
client k incorrectly predicts the weakly augmented sample
i. Similarly, let pig denote the error probability of the global
model on the same sample. The consistency loss for sam-
ple i receives incorrect supervision only when both models
are wrong, which occurs with probability pil,k p

i
g . Thus, the

probability of receiving correct supervision is

1− pil,k p
i
g.

Notice that

1− pil,k p
i
g > 1− pil,k and 1− pil,k p

i
g > 1− pig,

since pil,k p
i
g < pil,k and pil,k p

i
g < pig . In other words, com-

bining both local and global predictions strictly increases

the probability of obtaining correct supervision compared to
relying on either model alone. This explains why the joint
use of local and global consistency losses yields more reli-
able pseudo-labels and contributes significantly to the suc-
cess of SCAL.
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