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Abstract

Federated learning (FL) enables collaborative model train-
ing without centralizing data. In multi-domain scenarios with
non-identically and independently distributed (non-IID) data,
prediction performance is often hindered by catastrophic for-
getting of specialized local knowledge and negative transfer
from conflicting client updates. To address these challenges,
we propose a personalized FL framework with dual-branch
(pFedDB) structure and a two-phase training protocol. The
dual-branch architecture separates the model into a shared
branch for cross-client aggregation and a private branch that
remains on each local client. The private branch is never over-
written by server updates, which prevents the catastrophic
forgetting of domain-specific knowledge. This structure also
significantly reduces communication overhead per round as
only the shared branch is transmitted. To mitigate negative
transfer, our two-phase protocol first establishes a person-
alized knowledge anchor by training a single-branch expert
model on each client’s local data. In the second phase, the lo-
cally trained model is cloned to initialize private and shared
branches. Only the shared branch is aggregated in federated
training. This process enables the shared branch to learn a
general representation that complements the established local
expertise. This design consistently improves the performance
of every client over its single-domain baseline, overcoming
the challenge of negative transfer among clients. Experiments
on our new Chest-X-Ray-4 suite and three public benchmarks
show that the proposed pFedDB method obtains 30% saving
in communication overhead per round and competitive or bet-
ter accuracy performance than recent FL methods.

Project Page — https://github.com/yiranpang/pFedDB

Introduction

Federated learning (FL) (McMahan et al. 2017) lets many
clients build one model while keeping data local. This setup
is attractive when privacy laws, limited storage, or high net-
work costs block raw data exchange. However, FL. must
cope with data heterogeneity. Clients collect samples in dif-
ferent regions, devices, and under different services, so their
data distribution drift apart. For example, cross-hospital
healthcare (Ullah et al. 2024) and vehicle-to-vehicle sys-
tems (Do et al. 2024) expose large distribution gaps. They
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Figure 1: Left: Sample images from three classes across four
domains in the DomainNet benchmark, illustrating signifi-
cant domain shift. Right: FedAvg training dynamics on the
Quickdraw domain. The periodic replacement of the local
model with the global weights causes the global model’s val-
idation accuracy to fluctuate and lag behind the performance
of the specialized local model.

may use distinct sensors and run in varied contexts. Conse-
quently, these non-identically and independently distributed
(non-1ID) gaps weaken the convergence guarantees and the
observed accuracy of existing FL. methods (Li et al. 2019;
Pang, Ni, and Zhong 2024, 2025a,b; Li and Wai 2025).

The non-IID challenges are mostly manifested as domain
shift in multi-domain FL. To make the issue concrete, we
inspect the DomainNet benchmark (Peng et al. 2019a). This
dataset keeps one common label set yet draws images from
four separate collection platforms. Figure 1 (left) shows typ-
ical samples from the four domains—Clipart, Infograph,
Quickdraw, and Real. Resolution, background, and object
style vary widely. In multi-domain FL, each client owns im-
ages from only one domain, so their data distributions barely
overlap. Many strategies try to patch the non-IID problem.
FedProx (Li et al. 2020) adds an /5 term to the local loss so
that updates stay close to the global model. MOON (Li, He,
and Song 2021) adopts a contrastive loss that aligns local
and global representations. FedCurv (Shoham et al. 2019),
drawing from continual-learning ideas, penalizes changes
to parameters that the global model deems important. Yet,
these methods aim for a single global optimum. When each
client faces a different domain shift, forcing a consensus can
lead to negative transfer, where aggregating knowledge from
disparate domains degrades model performance. As a result,
one model cannot fit every detail (Zhuang and Lyu 2024).



Additionally, weight replacement in FedAvg leads to
catastrophic forgetting. Figure 1 right plots a FedAvg run on
the Quickdraw client. At the start of every communication
round, the server distributes the newest global weights. That
download in the client overwrites the tuned local model,
causing catastrophic forgetting of domain-specific cues. It
leads to accuracy drops, the client must relearn, and then the
cycle repeats. The result is a “saw-tooth” curve where the
global model lags behind the local one (Karimireddy et al.
2020). As domain gaps grow, the drift between local and
global optima widens, and convergence slows even more (Li
et al. 2019; Khaled, Mishchenko, and Richtarik 2020; Li and
Wai 2025).

Motivated by these observations, we propose a new per-
sonalized federated learning framework, named personal-
ized federated dual-branch (pFedDB), to tackle both neg-
ative transfer and catastrophic forgetting by decoupling
knowledge. We summaries the principal contributions of this
work as follows:

e We propose the personalized federated dual-branch
(pFedDB) framework, which features a dual-branch ar-
chitecture to decouple shared and personalized knowl-
edge. By aggregating only the shared branch, pFedDB
protects each client’s private knowledge from being over-
written, effectively mitigating catastrophic forgetting.

We introduce a two-phase training protocol where clients
first train a local expert model as a knowledge anchor be-
fore initiating federated collaboration. This enables that
shared knowledge complements local expertise, allow-
ing every client to surpass its single-domain baseline and
overcoming the challenge of negative transfer.

Our pFedDB framework reduces per-round communica-
tion overhead by about 30%, and it enhances user privacy
by keeping the semantically-rich top layers local. Ex-
periments on our new Chest-X-Ray-4 dataset and three
public benchmarks show that pFedDB improves perfor-
mance for every client, achieving an overall accuracy that
is competitive with or superior to recent federated learn-
ing methods.

Related Work
Multi-Domain Federated Learning

When clients come from distinct domains, their feature dis-
tributions often differ, a problem known as domain shift
caused by non-IID data in multi-domain (Bernecker et al.
2022). Many approaches attempt to mitigate this by en-
forcing alignment at the representation level. For instance,
FADA (Peng et al. 2019b) uses adversarial training to learn
domain-invariant representations, while AlignFed (Zhu et al.
2024b) pulls features of the same class closer using global
class prototypes. These methods seek a shared representa-
tion space, which can suppress unique domain features es-
sential for personalization. Another line of work focuses
on normalization statistics or knowledge distillation. FedBN
(Li et al. 2021b) tackles domain shift by keeping batch
normalization (BN) layers local, preventing the aggrega-
tion of conflicting statistics. Distillation-based methods like
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FedMD (Li and Fedmd 2019) and FedDF (Shi et al. 2021)
rely on a public dataset or ensemble logits to transfer knowl-
edge, aiming to preserve global insights on local models.
While effective, these methods address knowledge preser-
vation indirectly—either at the statistical level or through a
secondary knowledge source. They lack a structural mecha-
nism to protect specialized parameters from being overwrit-
ten during aggregation.

Personalized Federated Learning

Personalized Federated Learning (PFL) aims to balance
global collaboration with local adaptation. A popular strat-
egy is structural partitioning, as seen in FedPer (Arivazhagan
et al. 2019) and LG-FedAvg (Liang et al. 2020), which sep-
arate a model into a shared base and a private head. These
methods prevent the classifier from being overwritten but
still subject the entire feature extractor to conflicting gra-
dients from diverse domains. Other methods like Ditto (Li
et al. 2021a) and pFedMe (Hanzely and Richtéarik 2020) en-
force a soft coupling by regularizing local models to stay
close to the global one. More recent multi-domain PFL
methods explore decoupling. PartialFed (Sun et al. 2021)
allows clients to selectively update a subset of global pa-
rameters, but the mechanism for choosing which layers to
freeze is adaptive rather than structurally guarantee. The Du-
alFed (Zhu et al. 2024a) framework separates generalized
and personalized representations by inserting an additional
projection network to sequentially transform features. Simi-
larly, the pFedDR (Liu et al. 2025) framework decouples in-
domain and global representations, but relies on a KL diver-
gence objective to disentangle their influence, which com-
plicates the optimization.

Proposed Method

Let S = {1,..., N} be the set of clients, indexed by ¢ € S.
Each client ¢ owns a local dataset D, = {(X¢,i; Yc,i) }icys
where x. ; represents the i-th data example for client ¢, y.;
is its associated label, and n. = |D,| denotes the number of
samples for client c. Each dataset D, is drawn from a client-
specific data distribution P, (x, y).

Let ¢ denote the parameters of the shared network branch,
which are common across all clients. For each client ¢ € S,
let 7, denote the parameters of its private domain-specific
feature branch, and w,. denote the parameters of its private
top-level layers. The personalized model for client c is de-
noted by M. This model is parameterized by the collective
set of parameters (¢, 1., w.), and its prediction for an input
sample x is given by M. (x).

The primary objective is to learn the optimal shared pa-
rameters ¢ along with the client-specific parameter sets
{¥.}ccs and {w,}.cs. This is achieved by minimizing the
sum of expected losses across all clients, as formulated be-

low:
S Epeyyor, [E(Me(x), )],
ceS

min (1)

oY .we}
where £(-, -) is the chosen loss function. The model output
M. (x) implicitly depends on the parameters ¢, .., and w..
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Figure 2: An overview of the proposed pFedDB framework. (a) The client-server workflow is divided into two phases. In Phase
1 (Local Pre-training, Step 1), a client trains a model on its private data. In Phase 2 (Federated Collaboration, Steps 2-8), this
model is cloned to initialize a private and a shared branch. The client then enters the collaborative loop, receiving the global
shared branch, performing local updates on all its parameters, and uploading only the updated shared branch to the server for
aggregation. (b) The corresponding model architecture transitions from a standard single-branch network (¢ 4) in Phase 1 to
a dual-branch structure in Phase 2. This structure combines a private branch () for each client, which is never shared and
preserves local expertise, with a shared branch (¢), which learns global patterns through federated aggregation.

Figure 2a shows the pFedDB workflow. Each client first
learns a single-branch model on its own data. The client then
copies the pre-trained local branch, creating a private branch
1. and a shared branch ¢. In every round the client updates
@, ¢, and the head w, with local optimizer. It uploads only
¢ to the server. The server averages the received ¢ weights
values and broadcasts the aggregated result. Private weights
1. and w. never leave the device, so domain knowledge
stays intact.

Personalized Federated Dual-Branch Structure

Learning from non-IID clients requires a model that both
captures domain-invariant patterns and retains domain-
specific nuances. A single-encoder design tends to collapse
these objectives into an over-smoothed representation, eras-
ing client-level distinctions. In this section, we introduce a
dual-branch structure as shown in Figure 2b. The structure
include a shared branch that extracts domain-agnostic fea-
tures and participates in cross-client aggregation and a pri-
vate branch that learns domain-specific cues and remains
entirely local. This structural allows the model to general-
ize across clients while safeguarding each client’s unique
knowledge.

Architecturally, our method implements this separation by
partitioning the model backbone. For any single-branch neu-
ral network that consists of L ordered layers. We introduce
a single hyper-parameter, the cut depth I. (1 <l. < L) to
define the split point. The lower layers, from 1:., are cloned
to form two parallel feature extractors: a shared extractor
fs(-; @) and a private extractor f,(-;%.). The remaining
top-level layers [.+1:L together with the classifier, consti-
tute a local head g, (- ; w¢).

For any input x on client c, the forward pass begins with
the two extractors running in parallel to generate feature vec-
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tors:

= fs(x; d))a Z; = fp(X;’l/JC)~ 2

These feature vectors are then fused through a computa-
tionally light element-wise addition:

3)

Finally, the fused representation z¢ is passed through the
client’s local head to produce the final prediction:

c __ C
Z —zs—l—zp.

“)

In the federated phase, only the shared parameters ¢
are aggregated while the client-specific blocks 1, and w.
remain strictly local. This partition ylelds three appealing
benefits. (i) Because the private branch is never uploaded,
domain-specific knowledge is fully preserved and cannot be
overwritten by global updates, preventing catastrophic for-
getting. (ii) Only the shared parameters ¢ are exchanged
each round, which efficiently lowers the communication
load compared with transmitting the entire model. (iii) All
high-level semantic features and classifier weights remain
on the user’s device, providing an extra privacy protection.

5’ = gp(zc;wc)-

Two-Phase Training for Knowledge Decoupling

We propose a two-phase training protocol for our dual-
branch architecture to enable knowledge decoupling and to
mitigate negative transfer. The protocol first establishes a
personalized foundation for each client and then uses feder-
ated collaboration to learn shared knowledge. Our two-phase
strategy proceeds as follows:

Phase 1 — Local Pre-training. Before federated collabora-
tion begins, each client c first trains a standard, single-branch
model exclusively on its own dataset D.. The objective is to



establish a robust foundation of domain-specific knowledge
by optimizing its private feature extractor f, and head g,:

min L{” = EX > (9o (fo(Xeii he);we), Yei).  (5)
Veorwe Me i1

After training for Fy local epochs, the client possesses a
pair of weights, (1}, w?), that are highly specialized to its
local data distribution.

Phase 2 — Federated Collaboration with Knowledge
Preservation. This phase begins with a crucial initialization
step. Each client c creates its dual-branch model by cloning
its pre-trained private extractor b to serve as the initial
weights for the shared branch. To form the initial global
model, the server aggregates these weights from all clients,
typically via averaging:

¢(0) _ ZEJGS . (6)

ceS

With the dual-branch model {¢©), ¥*, w?} now estab-
lished on each client, the iterative federated training pro-
ceeds for T" rounds. In eachround t = 0,1,...,7T — 1:

Firstly, the server broadcasts the current global shared pa-

rameters cb(t) to a subset of clients S;.

Then, each client ¢ € S; receives ¢®) and performs E
local epochs of training. It updates all three parameter blocks
{¢, V., w.} by minimizing the loss on its local data:

£ = LSS oy i)+ Rt ) 0.y,

¢ =1
)
After local training, each client c uploads only its updated
shared branch parameters (bgt‘H) to the server.
Finally, the server aggregates the received parameters to
form the global model for the next round:

P = Z PUHD. )

CcES, ZJGSt "

This two-phase process provides a principled approach to
knowledge decoupling. By first establishing a local model
in Phase 1, which can leverage a client’s pre-existing legacy
model in practice, each client creates a powerful person-
alized knowledge anchor. During the subsequent federated
collaboration, this anchor guides the optimization process
through an implicit gradient gating mechanism. Because
only the shared branch is synchronized and the two branches
fuse additively (Eq. 3), the local gradient used to update the
shared parameters ¢ on client c is scaled by the upstream
error signal:

0fs(x; @)
¢
©)

The upstream error term V,£(-) serves as a coefficient:
if the private branch already explains a local feature well,

v¢£c = ]E(x,y)GDC vzé(gp(zc7 wc); y)

Algorithm 1: pFedDB Training Process

1: Input: Number of clients N, communication rounds 7',
local epochs Ey and E, client datasets {D,.}2_;.

2: # Phase 1: Local pre-training on each client

3: for each client ¢ € {1,..., N} in parallel do

4:  Initialize local model parameters (v, w.) randomly.

5 fore=1,...,Fydo

6: Update (.., w.) by minimizing Eq. (5) on its local
dataset D...

7:  end for

8:  Store final pre-trained parameters (1, w).
9: end for

10: # Phase 2: Federated Collaboration

11: Server Executes:

12: Receive all pre-trained extractors {1 } ¥ | from clients.
13: Initialize global model by Eq. (6).

14: forroundt =0,...,7 — 1 do

15:  Select a subset of clients S, C {1,...,N}.

16:  Broadcast the global model ¢(t) to all clients in S;.

17:  for each client ¢ € S; in parallel do

18: ¢ ClientUpdate(c, ).

19:  end for

20:  Aggregate updated weights to form the new global
model using Eq. (8).

21: end for

22: function ClientUpdate(c, ¢)
23: # Local parameters (1., w.) are persistent on the
client.

24: fore=1,...,FE do

25:  Update all three parameter blocks {¢, ., w.} by
minimizing Eq. (7) on D..

26: end for

27: return updated shared parameters ¢ to the server.

28: end function

the loss is small, muting the corresponding update to ¢.
Conversely, unexplained patterns produce larger errors and
stronger updates. By prompting the shared branch learns a
generalized representation that complements the client’s es-
tablished expertise, this two phase training protocol miti-
gates negative transfer.

Experiments

We conducted a comprehensive study of the proposed
pFedDB method, including its performance on multiple
benchmarks, empirical validations of its knowledge decou-
pling, and analyses of its communication efficiency and
backbone generality.

We assume that each domain is treated as one client un-
der a realistic multi-institution scenario with non-IID multi-
domain data. Training setup is the same as the typical setup
to mimic the data silo in practice (McMahan et al. 2017;
Li et al. 2020; Hsu, Qi, and Brown 2019; Li et al. 2021b).
Every client is limited to only 102 to 103 labeled images.
All remaining data are reserved as a test split. For com-



Chest-X-Ray-4 Digits-Five
Method Venue | gy Avg. [ Mn  Sv U§ Sy MM Ave.
Single domain' — 823 681 83.6 889 807|944 653 952 803 778 82.6
FedAvg (McMahan et al. 2017) | PMLR | 822 67.6 84.1 847 796|959 629 956 823 769 827
FedPer (Arivazhagan etal. 2019) | Arixv | 833 66.7 833 841 794|929 3597 951 83.1 716 80.5
FedProx (Li et al. 2020) MLSys | 793 65.5 859 855 79.0 | 958 63.1 956 823 766 827
FedBN (Li ct al. 2021b) ICLR [ 829 672 865 87.6 810|966 71.0 97.0 832 783 852
Ditto (Li et al. 2021a) ICML | 805 626 844 824 775|958 644 956 817 760 82.7
pFedSD (in et al. 2023) TPDS | 81.1 723 865 845 811|957 648 954 816 80.7 836
FedSSD (He et al. 2024) TBDATA | 842 724 832 849 812969 619 967 822 79.1 834
FedLGF (Yan and Guo 2024) ECCV | 78.7 655 827 796 766|950 642 956 816 762 827
FedWon (Zhuang and Lyu 2024) | ICLR | 845 723 852 838 815|965 713 963 854 777 854
pFedDR (Liu ct al. 2025) ESWA | 794 625 840 789 762|967 713 958 833 80.0 854
pFedDB (Ours) AAAT | 854 733 860 891 834|967 636 97.0 864 852 868

Table 1: The table shows the mean classification accuracy (%) averaged over 5 runs. The best result in each column is shown in
bold, and the average columns are shaded for emphasis. T “Single domain” uses DenseNet-121 (Huang et al. 2017) on Chest-
X-Ray-4 and a Simple-CNN (Li et al. 2021b) baseline on Digits-Five.

Method Office-Caltech-10 DomainNet

A C D W Avg. C I P Q R S Avg.
Single? 549 402 787 864 65.1 | 410 238 362 731 485 340 428
FedAvg 541 448 669 851 627 | 488 249 360 56.1 463 366 415
FedProx | 542 445 650 844 62.0 | 489 249 366 544 478 369 416
FedBN 630 453 831 905 705 | 512 268 415 713 548 421 48.0
pFedSD | 64.1 457 90.6 904 727 | 494 269 399 705 533 374 462
FedSSD | 598 460 875 87.1 70.1 | 51.0 266 372 695 508 368 453
FedWon | 65.1 492 90.6 837 722 | 547 269 400 683 540 489 488
pFedDB | 625 50.1 90.6 90.5 734 | 485 250 441 740 602 499 50.3

Table 2: The table shows the mean classification accuracy (%) averaged over 5 runs. The best result in each column is shown in
bold, and the average columns are shaded for emphasis. ¥ “Single” uses AlexNet (Krizhevsky, Sutskever, and Hinton 2012) on
both dataset. For citations of the other methods, please refer to Table 1.

parison model training, we use the cross-entropy loss and
SGD optimizer with a learning rate of 10%. Except for
FedWon, we maintained the original implementation, using
SGD_AGC (Brock et al. 2021) as optimizer. For all com-
parison algorithms, the communication round is 300. Our
method includes 150 rounds of local training and 150 rounds
of communication. Thus, our method has the same local
training load and lower communication costs.

Comparison with State-of-the-Art Methods

Settings: We evaluate our method on four diverse multi-
domain benchmarks, including our newly proposed Chest-
X-Ray-4 with real-world non-IID data. It unifies CheX-
pert (Irvin et al. 2019), Openl (Demner-Fushman et al.
2016), RSNA (Shih et al. 2019), and VinBigdata (Nguyen
et al. 2022) into a shared binary task, Lung Opacity vs.
Normal. Please refer to the project page for details of the
dataset. And three standard benchmarks: Digits-Five (Li
et al. 2021b), Office-Caltech-10 (Gong et al. 2012), and Do-
mainNet (Peng et al. 2019a). Consistent with prior work,
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we adopt DenseNet-121 for Chest-X-Ray-4, a Simple-CNN
for Digits-Five, and AlexNet for the other two datasets. We
compare pFedDB with state-of-the-art methods for non-IID
FL, including training on a single domain as baselines. We
perform a 5-trial repeating experiment with different ran-
dom seeds. A detailed standard deviation of the accuracy is
shown in the project page.

Result and Analysis: As shown in Figure 3, we randomly
select two domain pairs from the Chest-X-Ray-4 dataset
and project their average accuracies onto the x- and y-
axes, respectively. The intersection of the dashed lines marks
the reference performance of single-domain training. Only
pFedDB is located in the upper right quadrant, surpassing
the baseline for both domain groups. In contrast, compar-
ison methods benefit one domain while degrading another
or lag overall. This result shows that pFedDB can enable
all clients to benefit from multi-domain federated collabora-
tion without sacrificing local performance. The results in Ta-
bles 1 and 2 further confirm this benefit, where our method
consistently outperforms the single baseline in every indi-



S Performance vs. Single Baseline

< 82 .

8 1

< [}

S 814 1

A H pFedDB(Ours)
£ 80 1

> |

2 .

R S— St S
S 781 ‘

= i pFedSD Y FedWon
5774 i FedBN

g 76 FedProx i FedAvg

=i 1

§ 75 . . N . ; ‘

= 80 81 82 83 84 85 86 87

Mean accuracy of CheX & RSNA (%)

Figure 3: Scatter plot of mean accuracy on CheX-
pert+ RSNA (x-axis) and Openl + VinBigdata (y-axis) for
all methods on Chest-X-Ray-4 dataset. The optimal value is
in the top right corner. The dashed line marks the single do-
main reference. Only our pFedDB occupies the upper-right
region, indicating simultaneous gains for every participating
client.

vidual domain. Compared with state-of-the-art methods, our
method attains or approaches optimal performance across
most domains and achieves the highest overall average ac-
curacy.

Communication Efficiency

We verify that the dual-branch structure is architecture-
agnostic by repeating all experiments on a lightweight 7-
layer Simple CNN, the classic AlexNet, and DenseNet-121.
Across these very different parameter budgets, pFedDB re-
produces the same accuracy gains, while its communication
load is reduced because only the shared branch is trans-
mitted. Figure 4 shows that this structure trims 30-37% of
the bytes sent per round. The competing algorithms in Ta-
ble 1 consume nearly identical bandwidth per round. Fed-
Prox and pFedSD preserve the standard FL protocol as Fe-
dAvg. FedSSD transmits a small auxiliary matrix, FedBN
stops sharing BN statistics, and FedWon removes BN layers
but adds per-channel adaptive weight-normalization coeffi-
cients inside convolutional blocks. However, these added or
removed tensors constitute less than 0.5% of the total pa-
rameter count for their backbones. Accordingly, we aggre-
gate them into a single baseline bar in Figure 4. Compared
with these baselines, the saving of our method is amplified
in practice: our two-phase schedule spends the first 150 of
300 rounds purely on local training. It communicates during
only the second half, so the total traffic is well below half
that of full-model baselines.

Decoupling Knowledge in Two-Phase Training

Figure 5 presents the typical training dynamics of pFedDB.
For comparison, we add the two-phase training to the Fe-
dAvg method, giving every method the same 300-round
training budget. Each client trains a single-branch network
solely on its local data during Phase 1 (rounds 0—150). Phase
2 (rounds 151-300) then enables FL. communication. The
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Communication Cost Reduction per Round (MB)

200 4 Baseline (6 methods)
pFedDB
-30%
150 1
100 1
50 -37%
-31%
0 T T T
AlexNet Simple CNN DenseNet121
Model

Figure 4: Per-round communication cost on the three
backbones. Baseline methods—FedAvg, FedProx, FedBN,
pFedSD, FedSSD, and FedWon—differ by < 0.5%, so they
are aggregated for clarity.
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Figure 5: Comparison of average validation accuracy on Do-
mainNet, federated methods start from models pre-trained
on local data for 150 epochs.

plot contains three curves: the local-only baseline (Single),
FedAvg running under the same two-phase protocol, and our
dual-branch pFedDB.

The warm-up procedure is identical, all variants start
Phase 2 from the same pre-trained checkpoint. Once the
server broadcasts begin, however, their trajectories diverge
sharply. The FedAvg oscillates markedly because every
download overwrites the client’s tuned weights, triggering
repeated forgetting and relearning. By contrast, the pFedDB
rises smoothly and remains consistently above the local
baseline. The private branch of pFedDB preserves domain-
specific knowledge from Phase 1, while the shared branch
aggregates domain-agnostic features across clients without
harming what has already been learned.

Validating Knowledge Decouple through
New-Client Onboarding

In real deployments, new institutions may join an estab-
lished federation at any time. This scenario provides a di-
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Figure 6: Validation accuracy for a new client joining an ex-
isting federation on two domains. We compare three strate-
gies. Freeze global: A new client downloads the shared
branch, freezes it, and trains only its private branch with top
layers. Finetune all: The client fine-tunes the entire network.
From scratch: The client trains its model from random ini-
tialization without federated knowledge.

rect test of our central hypothesis: if the shared branch ¢
has captured domain-agnostic features, a previously unseen
client can reuse it as a high-quality extractor with minimal
adaptation. We pre-train shared branch ¢ on all but one do-
main in each benchmark and hold the remaining domain out
as a late-joining client (domain of Sketch for DomainNet
dataset and domain of MNIST-M for Digits-Five dataset).
The newcomer download the current global shared branch
¢ and integrate it with their own private model ). and top-
layers, which based on a pre-existing local model. Then the
newcomer tries three adaptation strategies: (i) training from
scratch; (ii) fine-tuning the entire network; (iii) freezing ¢
and updating only its private branch 1, and classifier.

Figure 6 shows that freezing ¢ yields the highest start-
ing accuracy and converges speed. Allowing gradients to
flow into ¢ (fine-tuning all) erodes its first round perfor-
mance and slows learning, while training from scratch lags
throughout. The ability to freeze ¢ and achieve superior per-
formance confirms that pFedDB achieves knowledge decou-
pling, allowing global insights to be seamlessly combined
with new client’s specialized local adaptation without con-
flict.

Effect of the Cut Depth /.

Table 3 summarizes an ablation in which we vary the cut
depth [., defined as the layer index at which the backbone
is split into a shared and a private branch. A consistent pat-
tern emerges: the best mean accuracy on both AlexNet and
DenseNet-121 backbones is obtained when roughly 70% of
the total parameters are assigned to the shared branch.

The ideal cut depth /.. can be identified as a breakpoint that
does not alter the network topology. For DenseNet-121, pa-
rameters are grouped by dense blocks. The first three blocks
comprise 68% of the weights, so cutting after Block 3 natu-
rally realises the desired 70% split. For AlexNet, whose pa-
rameters are heavily concentrated in the fully connected lay-
ers, including CNN layers with the first FC layer, achieves a
comparable 71% ratio and yields the highest average accu-
racy on Office-Caltech-10. We recommend setting the cut
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Office-Caltech-10

Chest-X-Ray-4

lc | Param Ratio | Acc || [ | Param Ratio | Acc
5 9.4 0.04 | 66.8 || 14 1.4 0.05 | 80.9
6 | 1535 0.71 | 734 || 39 5.4 0.20 | 81.2
7 12175 099 | 72.1 || 88 18.2 0.68 | 834
8 | 217.7 1.00 | 70.3 || 120 | 26.5 0.99 | 82.7

Table 3: Cut-depth [, study on two datasets. Param is the
number of parameters (in MB) uploaded per round. Ratio
is the fraction of the full network that is communicated
in FL. Acc is the mean test accuracy. Office-Caltech-10
uses an AlexNet backbone, whereas Chest-X-Ray-4 uses
DenseNet-121.

depth near the 70% parameter for better accuarcy. When
stricter bandwidth limits apply, the dual-branch design al-
lows shallower cuts to trade a small amount of accuracy for
additional communication savings.

Ablation Study on Two-phase Training

Office-Caltech-10

Two-phase | A C D W Avg.

X 57.8 462 90.6 89.8 7I1.1

v 62.5 50.1 90.6 90.5 734
Chest-X-Ray-4

Two-phase | C 0 R V  Avg

X 83.5 733 854 83.0 813

v 854 733 86.0 89.1 834

Table 4: Ablation on the two-phase training protocol. Rows
without two-phase represent models directly trained from
beginning under the federated setting.

We conduct an ablation study to analyze the impact of
the two-phase training protocol. The two-phase schedule
aims to create a local knowledge anchor before clients be-
gin collaboration. Without this anchor (first row in Ta-
ble 4), domains that are already easy to optimize, Ds/r and
Webcam in Office-Caltech-10, show little change. However,
the more challenging domains Amazon and Caltechl0 suf-
fer noticeable degradation due to interference from other do-
mains. A similar pattern appears on Chest-X-Ray-4 dataset.
The hardest domain VinBigdata loses average accuracy
when the two-phase training is removed. These observations
demonstrate that Phase 1 equips each client with a robust,
domain-specific starting point. Phase 2 can learn with oth-
ers without erasing local expertise, yielding consistent gains
across all domains.

Ablation Study on Feature Fusion

We selected element-wise addition (Eq. 3) for its computa-
tional simplicity and parameter-free nature. To validate this



design choice, we compared it against several common fu-
sion alternatives: (i) concat, which concatenates features and
uses a linear layer to adapt dimensionality; (ii) attention,
which applies a lightweight gating mechanism over the two
streams; and (iii) a weighted sum z°¢ = oz, +(1—a) z;, with
fixed coefficients « €{0.3,0.5,0.7}.

As shown in Table 5, our add operation achieves the
best average accuracy. The concat and attention methods
not only underperformed but also introduced extra parame-
ters and computational overhead. The weighted sum variant
proved sensitive to the hyperparameter o and, on average,
failed to surpass the performance of our parameter-free addi-
tion. This confirms that simple addition is the most effective
and efficient fusion strategy for our framework.

Office-Caltech-10

Fusion method | A C D W Avg.
attention 56.3 46.0 90.1 89.8 70.5
concat 57.8 46.2 90.6 89.8 71.1
weighted («=0.3) | 59.9 473 90.6 90.5 71.6
weighted («=0.5) | 61.5 483 90.6 90.5 72.7
weighted («=0.7) | 59.9 47.6 90.6 90.5 72.1
add (ours) 62.5 50.1 90.6 905 734

Table 5: Ablation of fusion strategies on Office-Caltech-10.
We report mean accuracy (%) over 5 runs.

Backbone Study with Vision Transformers

The use of AlexNet in our main experiments, while stan-
dard for comparing against prior work, yields low absolute
baselines. To verify our framework’s external validity, we re-
visited the Office-Caltech-10 experiment using a lightweight
Vision Transformer (ViT) backbone (Wu et al. 2022).

The results shown in Table 6 confirm that pFedDB’s ben-
efits generalize to modern architectures. Our method again
improved accuracy over the ViT-based baselines of Sin-
gle (73.5%) and FedAvg (72.4%). Furthermore, we ana-
lyzed the cut depth /.. The findings were consistent with
our CNN-based experiments: varying /. confirmed that the
~ T70% shared-parameter rule balancing accuracy and per-
round traffic. This study validates that pFedDB is backbone-
agnostic and that its core principles generalize effectively to
Transformer-based models.

Conclusion

In this paper, we proposed the personalized federated dual-
branch (pFedDB) framework, a novel solution for multi-
domain, non-IID federated learning. Our approach features
a dual-branch architecture that decouples shared knowledge
from personalized expertise by maintaining a private branch
that is never shared, thus preserving local domain knowl-
edge. This structure is guided by a two-phase protocol where
a local expert model is first established, ensuring that subse-
quent federated collaboration complements rather than over-
writes local learning. Consequently, pFedDB consistently
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Office-Caltech-10 (ViT)

lc | Param  Ratio | Acc
3 6.7 0.24 71.6
6 13.6 0.49 74.5
9 20.3 0.73 75.9
12 27.2 0.98 75.7

Table 6: Backbone study with a lightweight ViT on Office-
Caltech-10. The [, is cut-depth. Param is the number of
communicated parameters (MB) per round for the shared
branch. Ratio is the fraction of the full ViT communicated
in FL. Acc is the mean test accuracy (%). The ~ 70% split
achieves the best average while offering a favorable accu-
racy with traffic balance.

improves performance for every participating client beyond
their individual baselines and achieves competitive or supe-
rior accuracy. The framework delivers significant practical
advantages, including a 30% reduction in per-round com-
munication overhead and enhanced user privacy.
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