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Abstract
Rigorous medical data privacy laws signi!cantly obstruct data col-
lection necessary for centralized machine learning, creating a sub-
stantial barrier to medical arti!cial intelligence (AI) application
advancements. Centralized federated learning o"ers a potential
solution by enabling collaborative model training without direct
data exchange. However, it encounters notable challenges, includ-
ing reliance on a trusted central server and the requirement for
participants to disclose model information explicitly. These issues
can hinder widespread adoption, especially in sensitive domains
such as healthcare, where data privacy and security are paramount.
To address these challenges, this study introduces a novel decen-
tralized federated learning framework, named FedDAL, designed to
enhance privacy and e#ciency in collaborative model training. Our
framework innovatively maintains local private models and proxy
models through asymmetrical mutual learning, tailored to consider
the varying sizes and knowledge bases of di"erent models involved.
This asymmetrical approach ensures that local models can remain
private, while only compact proxy models are shared during the
iterative update process, signi!cantly reducing the risk of sensitive
data leakage and communication overhead. We validate the e#cacy
and practicality of our proposed framework through comprehen-
sive experiments on medical image classi!cation and segmentation
tasks. Our results demonstrate that FedDAL not only achieves su-
perior performance compared to traditional centralized federated
learning methods but also o"ers a more secure and e#cient ap-
proach. This framework represents a signi!cant advancement in
federated learning, providing a viable pathway for integrating AI
into medical practice while upholding stringent privacy standards1.

CCS Concepts
• Applied computing → Health informatics; • Computing
methodologies → Distributed algorithms; Machine learning
algorithms; • Information systems→ Data mining.
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1Source code is available at https://github.com/JackqqWang/ACMBCB24
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1 Introduction
The stringent privacy regulations governing the storage and utiliza-
tion of medical data pose a signi!cant challenge for training ma-
chine learning models through conventional centralized methods.
Addressing this challenge, federated learning (FL) [4, 22, 37, 38, 40]
has emerged as a solution, enabling collaborative model training
across multiple entities without the necessity of direct data sharing.
FL models predominantly fall into two categories: centralized feder-
ated learning and decentralized federated learning. Centralized FL
federated learning relies on a shared central server for exchanging
or aggregating client model parameters, a concept extensively ex-
plored in medical tasks [6, 8, 15, 25, 25, 39, 43, 44, 49, 52]. However,
establishing a universally trusted server for model aggregation
poses challenges.

To address this issue, decentralized federated learning has been
proposed as a viable solution, eliminating the need for a central,
trustworthy server [3, 16, 28, 33]. In decentralized federated learn-
ing, each client communicates directly with others within the
network, e"ectively bypassing the challenge of !nding a univer-
sally trusted aggregation point. In the medical domain, recent re-
search [13] introduces a method where each client maintains a
proxy model for parameter exchange, safeguarding the integrity
of their private models from complete exposure. However, this
approach overlooks the intrinsic di"erences between private and
proxy models. The typically larger private model is con!ned to
processing local data from its respective clients, while the smaller
proxymodel bene!ts from a richer diversity of information obtained
through communication with others. Neglecting these distinctions
in simple mutual learning processes can have a detrimental impact
on the performance of local private models.

To address these challenges simultaneously, we propose FedDAL,
an innovative cross-silo decentralized federated learning frame-
work with asymmetrical mutual learning, as shown in Figure 1.
Each client will maintain a private model and a proxy model. To
address the disparities in size and informational capacity between
private and proxy models, we design an asymmetrical mutual learn-
ing strategy for model updates, a method detailed in Section 2.2.
Considering the continuous learning process of the two models,
we further introduce a dynamic strategy to manage the interaction
between these two models, leveraging a consensus-based approach
detailed in Section 2.3. Finally, to improve model synergy during
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Figure 1: The framework of the proposed FedDAL. (a) shows the overview of the proposed FedDAL, which is a decentralized
federated learning framework. Each client contains two models – a private modelw𝐿 and a proxy model p𝐿 . (b) demonstrates the
designed attribute-aware asymmetrical mutual learning, which contains three losses – a traditional cross-entropy (CE) loss, a
forward knowledge passing loss, and a backward knowledge feeding loss. (c) illustrates the details of the backward knowledge
feeding loss. In this example, we select the top 2 labels. The private model w𝐿 predicts the label of the input data x𝑀 to be 𝐿3 or
𝐿2 according to the logit value, i.e., Sw

𝑀
= {𝐿2,𝐿3}. However, the proxy model p𝐿 predicts the label set to be Zp

𝑀
= {𝐿2,𝐿7}. The

proposed FedDAL will enforce the private model to enhance the logit values of 𝐿2 and 𝐿7. Simultaneously, it can calculate the
consensus score 𝑀𝑀 , a key factor in the backward knowledge feeding loss.

local training, we adopt an alternating optimization strategy to
ensure both models are continuously re!ned by minimizing a com-
posite loss, further discussed in Section 2.4. After the local update,
only the proxy models will be exchanged with other clients, en-
hancing privacy and reducing communication costs. We perform
comprehensive experiments on the medical image classi!cation
and segmentation tasks with four datasets, evaluating the proposed
FedDAL framework in both heterogeneous and homogeneous sce-
narios. The experiment results on four datasets with both classi!-
cation and segmentation tasks consistently a#rm the e"ectiveness
of FedDAL.

The proposed FedDAL framework stands out with its distinct ben-
e!ts over conventional methodologies. Primarily, its decentralized
nature is particularly well-suited for the medical sector, address-
ing the issue of securing a reliable server, a common challenge in
traditional FL setups. Furthermore, our unique approach to asym-
metrical mutual learning considers the distinct characteristics of
models, e"ectively managing potential disturbances from the proxy
model while simultaneously bolstering the performance of the lo-
cal private model. Additionally, by incorporating consensus-based
adaptive dynamics, we re!ne the interplay between models and em-
ploy an alternative optimization technique to ensure both models
remain current. Moreover, this comprehensive strategy safeguards
the privacy of the local private model and notably diminishes com-
munication costs across both homogeneous and heterogeneous
environments.

2 Methodology
2.1 Model Overview
The proposed FedDAL framework is shown in Figure 1. This frame-
work involves 𝑁 hospitals, and they communicate with each other

through the decentralized federated learning paradigm. Each hospi-
tal 𝑂 will update its proxy w𝐿 and its private model p𝐿 with its own
data D𝐿 through the forward knowledge passing and backward
knowledge passing algorithms, respectively. The proxy models are
signi!cantly smaller than the respective private models and stan-
dardized across hospitals. Subsequently, the hospitals transmit their
proxy models to other hospitals for the purpose of aggregation.
Then the aggregated proxy model parameters will serve to initialize
the proxy model for the next communication round. It is important
to note that exchanging only proxy models between the hospitals
is instrumental in safeguarding model privacy and optimizing com-
munication e#ciency. Notably, our framework permits hospitals to
employ diverse private models, further accommodating the hetero-
geneous nature of medical data and institutional capabilities. The
full algorithm can be found in Algorithm 1.

2.2 Asymmetrical Mutual Learning
In each local client’s setting, there exists a private model w𝑂 and a
proxy model p𝑂 . The most straightforward method is to engage in
mutual learning, akin to the approach described in [13]. Yet, this
method encounters various shortcomings, as outlined in a previous
section. To address these issues, we introduce an asymmetrical
mutual learning strategy aimed at updating both the private and
proxy models while acknowledging their distinct characteristics.
This strategy encompasses a bidirectional knowledge transfer be-
tween the private and proxy models, facilitating both forward and
backward learning processes shown in Figure 1 (b). We use the
classi!cation task to introduce the algorithm in detail and apply
the same techniques at the pixel level for the segmentation task.

2.2.1 Private Model Forward Knowledge Passing. First, we intro-
duce how to conduct forward knowledge passing from the private
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Algorithm 1: Algorithm Flow of FedDAL.
Input: Client training data D1, · · · , D𝐿 , private models

{w1, · · · ,w𝐿 }, proxy models {p1, · · · , p𝐿 },
communication round T, the number of active clients at
each communication round 𝑁, local training epoch𝑂 , and
hyperparameters.

1 for each communication round 𝑃 = 1, 2, · · · ,T do
2 Client Update
3 for each epoch 𝑄 = 1, · · · ,𝑂 do
4 for active client 𝐿 ↑ [1, · · · ,𝑁 ] do
5 Conduct asymmetrical mutual learning in Sec.2.2;
6 Obtain 𝑅𝑀 by calculating the consensus-based

adaptive dynamics in Sec.2.3;
7 end
8 end
9 Obtain private models {w𝑁

1, · · · ,w𝑁
𝐿 } and proxy models

{p𝑁1, · · · , p𝑁𝐿 };
10 Upload proxy models {p𝑁1, · · · , p𝑁𝐿 } to the server;
11 Server Update
12 Conduct FedAvg or other existing methods to obtain

aggregated model p𝑁𝑂 ;
13 Distribute the aggregated model p𝑂𝑁 back to clients.
14 end

model w𝐿 to the proxy model p𝐿 . This forward loss is as follows:

↓→L𝐿 =
|D𝑃 |∑
𝑀=1

KL(w𝐿 (x𝑀 ), p𝐿 (x𝑀 )), (1)

where x𝑀 is the input data feature, |D𝐿 | denotes the number of data
in D𝐿 , and KL is the Kullback–Leibler divergence.

2.2.2 Proxy Model Backward Knowledge Feeding. Compared with
the private model, the proxy model has two main unique proper-
ties: (1) Its capability is weaker than the private model due to its
signi!cant di"erence in the model size. (2) It carries a broader spec-
trum of information, given its role in facilitating exchanges among
clients for aggregation. The conventional approach of knowledge
distillation fails to account for these unique attributes, potentially
leading to a decline in the performance of the private model.

To mitigate this, we have conceptualized a strategy for soft
knowledge feeding tailored to enable proxy models to e"ectively
impart knowledge to private models, as illustrated in Figure 1 (c).
Speci!cally, for a given input x𝑀 , we organize the class probability
output of p𝐿 (x𝑀 ) in descending order. For the top 𝑃 classes, we
aim to elevate their ranking in the output of w𝐿 (x𝑀 ) through the
training of the private model w𝐿 . To facilitate this, we introduce a
specialized soft knowledge feeding loss as follows:

↔↓L𝐿 =
|D𝑃 |∑
𝑀=1

𝑀𝑀
∑
𝑆↑Zp

𝑀

log( exp(w𝐿 (x𝑀 ) [ 𝑄])
ω𝑀

),

ω𝑀 =
∑

𝑇↑Zp
𝑀

exp(w𝑃
𝐿 (x𝑀 ) [𝑅]) +

∑
𝑇↗ ↑Zp↗

𝑀

exp(w𝐿 (x𝑀 ) [𝑅↗]),
(2)

whereZp
𝑀
is the top𝑃 class set from the output of the proxy model

p𝐿 , Zp↗
𝑀

is the complement set with lower ranks, and 𝑀𝑄 is the
hyperparameter to control how much soft knowledge will be fed

to the private model. In the next subsection, we will introduce how
we adaptively decide the value of the hyperparameter 𝑀𝑀 .

2.3 Consensus-based Adaptive Dynamics
The parameter 𝑀𝑀 determines the soft knowledge transfer from
proxy to private models. A static 𝑀𝑀 overlooks the proxy model’s
dynamic updates via client aggregations and the mutual in$uence
between proxy and private models, making it insu#cient for manag-
ing knowledge $ow. Thus, we introduce a consensus-based dynamic
method to adjust 𝑀𝑀 , adapting to the models’ evolving interactions.

As shown in Figure 1 (c), for a given input x𝑀 , alongside the
private model w𝐿 and the proxy model p𝐿 , we de!ne the top-𝑃
class sets as Sw

𝑀
and Zp

𝑀
, respectively. The interaction during local

training sessions and communications with other clients can lead
to variations in these sets. To quantify the consensus between the
outputs of the two models, we use the following formula:

𝑀𝑀 =
|Sw

𝑀
↘Zp

𝑀
|

|Sw
𝑀

≃Zp
𝑀
|
, (3)

where | · | represents the cardinality of the set. This method o"ers
multiple advantages: (1) It allows the weight to adapt dynamically
in tandemwith themodels’ updates, eliminating the need for a !xed,
manually-set value, (2) The adaptation is grounded in the consensus
between the outputs of the two models, enhancing when both
models concur on the high-con!dence classes for the given input
and diminishing otherwise. This approach safeguards the private
model’s learning process from potential disruptions caused by the
smaller proxy model, thereby enhancing local model performance.

2.4 Composite Loss and Alternative
Optimization

At each local client, we have two models and they a"ect each other
during the training process. To enhance their interaction at every
step of training, we propose an alternative optimization strategy to
minimize the composite loss, as detailed below:

L𝐿 =
|D𝑃 |∑
𝑀=1

CE(w𝐿 (x𝑀 ), y𝑀 ) +
↓→L𝐿 +

↔↓L𝐿 ,

where we freeze w𝐿 to optimize p𝐿 and freeze p𝐿 to optimize w𝐿
alternatively for each training batch at each training epoch. Note
that we use classi!cation tasks as an example to demonstrate the
proposed FedDAL, which can be further applied to the segmentation
tasks at the pixel level.

3 Experiments
3.1 Experimental Setups
3.1.1 Datasets. For the classi!cation task, we utilize two datasets:
Fed-ISIC19 [36] and the Pneumonia dataset from Chest X-ray [42].
The Fed-ISIC19 dataset, which encompasses 23,247 dermoscopy im-
ages, is employed for the classi!cation of eight distinct melanoma
types. We also perform a binary classi!cation evaluation for pneu-
monia using 5,863 chest x-ray images. For the segmentation task,
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we select the 2D lung segmentation dataset2 and 3D brain segmen-
tation dataset [36] in our experiments.

Classi!cationDatasets. Following the data distribution scheme
of FLamby [23], we segregate six clients into two groups: three with
larger data volumes and three with smaller ones. The allocation of
training/validation/testing data among these clients is as follows:
8,689/1,241/2,483, 2,768/395/791, 2,654/336/673 for the larger clients,
and 655/164, 351/88, 180/45 for the smaller ones. The chest X-ray
dataset allocation involves two major clients and four minor clients,
with the training, validation, and testing data distributed as follows:
2,743/391/374, 917/131/124, 370/52/49, 278/39/37, 187/26/24, and
196/13/12, respectively.

Segmentation Datasets. The 2D lung segmentation dataset
comprises 704 images distributed among 4 clients, with respective
training, validation, and test data allocations of 254/31/31, 254/31/31,
and 58/7/7. The 3D brain T1 magnetic resonance imaging (MRI)
dataset, sourced from the Information Extraction from Images (IXI)
database, adheres to the data distribution format of Fed-IXI, as
referenced by FLamby [23]. This setup involves training, validation,
and testing images, 218/31/62, 127/18/36, and 51/8/15, respectively.

3.1.2 Comparison Scenarios and Baselines. In our experiments, we
aim to thoroughly evaluate the proposed FedDAL in two scenarios:
homogeneous and heterogeneous evaluation. In the homoge-
neous evaluation, all the clients use the same client model, while
in the heterogeneous evaluation, clients use di"erent models.

Thehomogeneous setting employs FedAvg [22] and FedProx [18]
as baselines:

• FedAvg [22]: It is the vanilla version of FL. The active lo-
cal clients train their models and send the parameters to a
central server. This server aggregates the model parameters
by calculating their average, forming a global model that
is then distributed back to the clients for further rounds of
local training.

• FedProx [18]: This work introduces a proximal term in
the local training of each client, quantifying the divergence
between the local and global models. As it is an approach
based on FedAvg, the model structures of local clients need
to be identical.

There is no study focusing on heterogeneous, decentralized,
federated learning. To evaluate the proposed FedDAL in our setting,
we slightly modify the setting of ProxyFL [13], which can be used
as a baseline in this setting:

• ProxyFL [13]: This approach is a decentralized FL frame-
work. In the original work, the clients share identical local
private models and proxy models with each other. They sim-
ply conduct the knowledge distillation with each other. For
purposes of a fair assessment, our implementation adapts
this approach by allowing clients to possess distinct private
models while maintaining uniform proxy models, mirroring
our con!guration.

In addition, we also take the single client training as a baseline,
denoted as “Central,” where the client trains the private model
only using its private data. This is not a federated learning baseline.

2https://www.kaggle.com/datasets/nikhilpandey360/chest-xray-masks-and-labels/

3.1.3 Implementation Details. For the classi!cation tasks, we use
ResNet-34 as the private model and ResNet-18 as the proxy model
for all the clients in the homogeneous setting for the proposed
FedDAL, while for baselines FedAvg and FedProx, they use ResNet-
34 as the private models. In the heterogeneous setting, we randomly
deploy either ResNet-101 or ResNet-34 on each client as the private
model, and the proxy model is still ResNet-18. For the segmentation
tasks, we use U-net [27] with di"erent depths for di"erent clients.
Following previous work [12, 20, 45], we use accuracy and dice
score as the metric.

We set communication round 𝑆 = 100, the local training epoch
is equal to 5, 𝑃 = 2 for the Fed-ISIC19 dataset, 𝑃 = 1 for other
datasets, and the local learning rate is equal to 0.0001. We conduct
our experiment under the cross-silo setting, where every client will
participate in the update process at each communication round
following [13, 36]. All the models, baselines, and the proposed
FedDAL are implemented using PyTorch 2.0.1. Our experiments are
conducted on an NVIDIA A100 with CUDA version 12.0, running
on a Ubuntu 20.04.6 LTS server.

3.2 Experiment Results
3.2.1 Classification Results. We use Fed-ISIC19 and the Pneumonia
dataset to demonstrate the performance of the classi!cation task in
Table 1. We provide several observations and discussions based on
the results.

Our proposed method FedDAL consistently outperforms all other
baseline methods in both homogeneous and heterogeneous settings.
While clients with more extensive training data, typically show
better performance, an interesting observation from our study is
that our approach notably enhances the performance of clients with
less data. This improvement is signi!cant even when taking into
account the local computational limitations of these clients with
less data.

In certain scenarios, we noticed that training models on a single
client can surpass the performance of some FL baselines. This sug-
gests that small clients could potentially detract from the overall
learning process, a"ecting other clients negatively. However, our
approach not only improves the performance of individual clients
but also elevates the average performance across clients compared
with learning. This e"ectively mitigates the adverse impact small
clients might have in the FL setup, ensuring a more bene!cial learn-
ing environment for all participants.

3.2.2 Segmentation Results. For the segmentation task, we employ
the 2D lung segmentation dataset and the 3D brain segmentation
dataset to demonstrate the e"ectiveness of our proposed FedDAL
in Table 2. Consistent with the !ndings from the classi!cation
task, our method FedDAL surpasses the baseline approaches across
both the 2D and 3D segmentation datasets in terms of accuracy
and Dice coe#cient, under both homogeneous and heterogeneous
settings. Besides, we randomly select two data from clients and
visualize their segmentation results, as shown in Figures 2 and 3,
compared with ProxyFL. The visualization experiments further
show the e"ectiveness of FedDAL across various datasets and tasks.

https://www.kaggle.com/datasets/nikhilpandey360/chest-xray-masks-and-labels/
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Task Client Client 1 Client 2 Client 3 Client 4 Client 5 Client 6 Average
Fe

d-
IS
IC

19
Training Data 8,689 2,763 2,654 655 351 180 -

Homogeneous

FedAvg 0.4883 0.4790 0.4642 0.3877 0.3726 0.2401 0.4053
FedProx 0.4932 0.4821 0.4693 0.3989 0.3803 0.2466 0.4117
FedDAL 0.5375 0.5061 0.4816 0.4126 0.4055 0.2857 0.4382
(% imp.) 8.89%⇐ 4.98%⇐ 2.62%⇐ 3.43% ⇐ 6.63%⇐ 15.86% ⇐ 6.44%⇐

Heterogeneous

Central 0.5505 0.5093 0.4827 0.3264 0.3103 0.2048 0.3973
ProxyFL 0.5600 0.5086 0.5005 0.4131 0.4084 0.3041 0.4491
FedDAL 0.5841 0.5318 0.5147 0.4706 0.4519 0.3682 0.4869
(% imp.) 4.30%⇐ 4.42%⇐ 2.84%⇐ 13.92%⇐ 10.65%⇐ 21.08%⇐ 8.42%⇐

Pn
eu

m
on

ia

Training Data 2,743 917 370 278 187 196 -

Homogeneous

FedAvg 0.7715 0.7608 0.7432 0.7144 0.6706 0.6515 0.7187
FedProx 0.7762 0.7812 0.7560 0.7106 0.6845 0.6523 0.7268
FedDAL 0.8336 0.8204 0.7764 0.7481 0.7219 0.6608 0.7602
(% imp.) 7.40%⇐ 5.02%⇐ 2.70%⇐ 4.72%⇐ 5.46%⇐ 1.30%⇐ 4.60%⇐

Heterogeneous

Central 0.7889 0.7967 0.7412 0.7186 0.6696 0.6447 0.7266
ProxyFL 0.8424 0.8206 0.7633 0.7338 0.7220 0.6654 0.7579
FedDAL 0.8813 0.8625 0.8141 0.7809 0.7711 0.7327 0.8071
(% imp.) 4.62%⇐ 5.12%⇐ 5.10%⇐ 6.42%⇐ 6.80%⇐ 10.11%⇐ 6.73%⇐

Table 1: Accuracy comparison on the Fed-ISIC19 and Pneumonia datasets. “Underline” indicates the best baseline performance,
and “bold” denotes the best performance. “% imp.” denotes the improvement percentage compared to the best baseline.

Task Client Client 1 Client 2 Client 3 Client Avg

2D
Lu

ng

Training Data 254 254 58 -
Metric Acc DC Acc DC Acc DC Acc DC

Homogeneous

FedAvg 0.8525 0.8304 0.8662 0.8429 0.8130 0.7745 0.8439 0.8159
FedProx 0.9074 0.8811 0.8917 0.8610 0.8621 0.8419 0.8871 0.8613
FedDAL 0.9249 0.8893 0.9145 0.8853 0.8870 0.8676 0.9088 0.8807
(% imp.) 1.93%⇐ 0.93%⇐ 2.56%⇐ 2.82%⇐ 2.89%⇐ 3.05%⇐ 2.45%⇐ 2.25%⇐

Heterogeneous

Central 0.9048 0.8875 0.8907 0.8768 0.7955 0.7680 0.8637 0.8441
ProxyFL 0.9258 0.9076 0.9236 0.8944 0.8890 0.8703 0.9128 0.8908
FedDAL 0.9414 0.9211 0.9377 0.9205 0.9164 0.8868 0.9318 0.9095
(% imp.) 1.69%⇐ 1.49%⇐ 1.53%⇐ 2.92%⇐ 3.08%⇐ 1.90%⇐ 2.09%⇐ 2.10%⇐

3D
B
ra
in

Training Data 218 127 51 -
Metric Acc DC Acc DC Acc DC Acc DC

Homogeneous

FedAvg 0.7651 0.7408 0.7511 0.7267 0.6922 0.6432 0.7361 0.7149
FedProx 0.7688 0.7586 0.7647 0.7279 0.6989 0.6502 0.7441 0.7160
FedDAL 0.7884 0.7677 0.7709 0.7418 0.7100 0.6778 0.7564 0.7291
(% imp.) 2.55%⇐ 1.20%⇐ 0.81%⇐ 1.91%⇐ 1.59%⇐ 4.24%⇐ 1.65%⇐ 1.83%⇐

Heterogeneous

Central 0.7692 0.7505 0.7598 0.7246 0.7001 0.6723 0.7430 0.7158
ProxyFL 0.7850 0.7617 0.7784 0.7413 0.7055 0.6704 0.7563 0.7245
FedDAL 0.8217 0.8046 0.7932 0.7758 0.7206 0.6885 0.7785 0.7563
(% imp.) 4.68%⇐ 5.63%⇐ 1.90%⇐ 4.65%⇐ 2.14%⇐ 2.40%⇐ 2.94%⇐ 4.39%⇐

Table 2: Results of the two segmentation tasks. “Acc” means the accuracy score, and “DC” denotes the dice score. “Underline”
indicates the best baseline performance, and “bold” denotes the best performance. “% imp.” denotes the improvement percentage
compared to the best baseline.

3.3 Ablation Study
We evaluate several variations of our proposed model, FedDAL, to
assess the impact of di"erent components on its performance:

• FedDALv: In this variant, we enable the proxy model to trans-
fer knowledge of the top-v classes to the private model with-
out prioritizing an increase in their ranking during the back-
and-forth knowledge exchange process.
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Figure 2: Visualization of the 2D lung segmentation task.
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Figure 3: Visualization of the 3D brain MRI segmentation task.

• FedDAL𝑅 : Here, we set the value of 𝑀𝑀 to a constant 1, as
opposed to employing a dynamic value determined by con-
sensus.

• FedDALalt: This variant excludes the alternative optimization
training strategy. Instead of simultaneous training, we train
the proxy model for 𝑇 epochs, followed by separate training
of the private model for 𝑇 epochs.

The results are reported in Figure 4. The outcomes of this study
are presented in Figure 4. The !ndings indicate that omitting any
of these design elements results in a performance decrease, with
the most signi!cant impact observed in the FedDALv setting. This
underscores the critical role of the ranking loss mechanism detailed
in section 2.2 of our work. Additionally, the performance decline in
the FedDAL𝑅 con!guration highlights the importance of dynami-
cally adjusting the value of 𝑀 , as introduced in section 2.3. Lastly,

the results from FedDALalt demonstrate the e"ectiveness of the al-
ternative training strategy outlined in section 2.4, further boosting
the performance of our proposal. This ablation study methodically
examines each design component, illustrating how their collection
in FedDAL signi!cantly enhances the overall results.

3.4 Model Insight Analysis
In this section, we delve into an analysis of model insights, focusing
on the dynamics of 𝑀 as described in Eq. 3 and the convergence
behavior of the framework. In addition, we quantitatively com-
pare the reduction of communication costs between the proposed
FedDAL and baselines.

3.4.1 Analysis of Consensus Dynamics. With the Fed-ISIC19 dataset,
we visualize the average value of 𝑀 at each communication round
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Figure 4: Ablation study of the classi!cation and segmentation tasks on 4 datasets. (a) and (b) show the accuracy results on two
classi!cation tasks. (c) and (d) show the accuracy and dice scores on two segmentation tasks.
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Figure 5: Model insight analysis.

in Figure 5 (a). Observations reveal a steady escalation in 𝑀 values,
signifying an enhanced level of agreement between the private
and proxy models with the training process. These results under-
score the evolving nature of 𝑀 within the learning cycle and a#rm
our approach of progressively amplifying the in$uence of knowl-
edge transfer from the proxy to the private model with increasing
consensus.

3.4.2 Convergence Visualization. In Figure 5 (b), we show the aver-
age testing accuracy of FedDAL and ProxyFL over communication
rounds on the 2D lung segmentation dataset. FedDAL not only sur-
passes ProxyFL in !nal accuracy but also reaches convergence faster
and more stable, avoiding the late-stage $uctuations seen in Prox-
yFL. This enhanced performance and stability of FedDAL may be
attributed to the e"ective integration of our asymmetrical mutual
learning strategy (Sec.2.2) and consensus-based dynamics(Sec. 2.3),
which tightly regulate the feedback of knowledge to the private
model, minimizing potential disturbances from the proxy model.
Additionally, our alternating optimization of the composite loss
guarantees regular, detailed updates between themodels, enhancing
the learning process’s e"ectiveness and stability.

3.4.3 Communication Cost Reduction. To quantitatively assess the
bene!ts of this method, we conducted an experiment using the
Fed-ISIC 19 dataset for a classi!cation task. We evaluated the com-
munication e#ciency by measuring the sum of model parameters
exchanged during each round of communication. The traditional

approach of exchanging complete models between clients would
necessitate the transfer of approximately 0.9569 billion parameters.
However, with FedDAL, only about 0.1676 billion parameters are re-
quired to be exchanged, resulting in a substantial 82.49% reduction
in communication costs. Furthermore, we compared this approach
to a hypothetical extreme scenario within a typical centralized fed-
erated learning framework (such as FedAvg), where clients only
communicate with a central server. Under identical conditions, the
FedAvg-based method would require the exchange of 0.1914 billion
parameters, which is still 14.20% more than what is needed with
FedDAL. This comparison underscores the signi!cant advantages
of FedDAL in saving communication costs.

4 Related Work
In this section, we brie$y summarize the studies in both centralized
federated learning and decentralized federated learning approaches.
We mainly discuss the work in a heterogeneous setting. Besides,
our proposed FedDAL introduces a novel mutual learning. Thus, we
also discuss the work in dual knowledge distillation.

4.1 Centralized Federated Learning
Most existing studies on centralized federated learning [2, 7, 21, 22,
34, 50, 51] have predominantly focused on the homogeneous setting,
which necessitates uniformmodel structures across all clients. Most
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existing work in the medical domain [6, 8, 15, 25, 25, 39, 44, 49, 52]
also falls into this category.

Recent advancements have started delving into heterogeneous
settings, where clients are allowed to employ varying model archi-
tectures. Within this realm, methods such as sub-model training [1],
sparse model adaptation [5], and hypernetworks [29] are being in-
vestigated. These techniques, however, enforce speci!c constraints
on the relationship between individual client models and the overar-
ching global model, thereby limiting the clients’ $exibility in model
selection.

To promote more adaptable collaboration among diverse models,
several studies have explored alternatives to parameter averaging,
opting instead to aggregate supplementary information like log-
its [10], class scores [17], and label-wise representations [35, 46].
Yet, these approaches can potentially compromise privacy. Con-
sequently, recent research has pivoted towards strategies such as
ensemble learning [19], mutual learning [31, 47], or model reassem-
bly [41] to exchange model parameters.

These methodologies face two signi!cant limitations: (1) De-
pendence on public datasets. In practical scenarios, accessing pub-
lic data might be impractical, and identifying appropriate public
datasets without prior knowledge of the client’s data is a complex
issue. (2) The necessity of sharing sensitive information, includ-
ing model architecture, model parameters, or data-derived insights
from the client’s private models with the server, poses substantial
privacy risks.

4.2 Decentralized Federated Learning
Decentralized federated learning [3, 16, 28, 33] is a variation of feder-
ated learning that operates without a central server, allowing clients
to collaborate directly with each other to train a shared global model.
This peer-to-peer approach enhances privacy by eliminating a cen-
tral entity that could access sensitive data, improves fault tolerance
by avoiding single points of failure, and potentially scales better by
distributing communication and computation loads across clients.
However, decentralized Federated Learning also introduces new
security challenges, requiring advanced cryptographic techniques
or consensus mechanisms to ensure the integrity and authenticity
of model updates.

In the medical !eld, recent research [13] has proposed a method
where each client uses a proxy model to exchange parameters,
thereby protecting the integrity of their private models from full
exposure. However, this method fails to account for the intrinsic
di"erences between private and proxy models. The larger private
model is restricted to processing local data from its respective
client, whereas the smaller proxy model gains from a more diverse
range of information through communication with others. Ignoring
these distinctions in straightforward mutual learning processes can
adversely a"ect the performance of local private models.

4.3 Dual Knowledge Distillation
Knowledge distillation [9] treats the large model as a teacher, which
passes knowledge to a small student model to enhance its perfor-
mance. The most relevant work is bidirectional or dual knowledge
distillation [14], enabling the teacher and student to learn knowl-
edge from each other. In [14, 26], the bidirectional distillation tech-
nique is utilized to solve the top-k ranking research problem and

machine translation [11, 48, 53]. Although a few studies apply bidi-
rectional knowledge distillation in federated learning to conduct
the tasks of distracted driving detection [30], medical relation ex-
traction [32], and the IoT system [24], they all treat both teacher and
student models equally yet ignore the importance of distinguishing
the di"erences between the private and proxy models.

5 Conclusion
In our work, we present FedDAL, a novel decentralized federated
learning framework designed to optimize for communication e#-
ciency and model privacy within both heterogeneous and homo-
geneous settings, tailored speci!cally for hospital collaboration.
This framework incorporates an attribute-aware asymmetrical mu-
tual learning strategy, enabling the training of models of varying
sizes, capabilities, and knowledge bases. Additionally, we employ
a consensus-based dynamics mechanism to regulate the exchange
of knowledge among models. The e#cacy of FedDAL is validated
across multiple medical datasets encompassing both classi!cation
and segmentation tasks, showcasing its potential to signi!cantly en-
hance hospital collaboration and related healthcare applications in
real-world scenarios. In our future work, we will investigate more
e"ective approaches for the proxy model backward knowledge
feeding and deploy the proposed solutions with our collaborators
of multiple health institutions.
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