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Abstract

Federated learning, which shares the weights of the neural network across clients,
is gaining attention in the healthcare sector as it enables training on a large corpus
of decentralized data while maintaining data privacy. For example, this enables
neural network training for COVID-19 diagnosis on chest X-ray (CXR) images
without collecting patient CXR data across multiple hospitals. Unfortunately, the
exchange of the weights quickly consumes the network bandwidth if highly ex-
pressive network architecture is employed. So-called split learning partially solves
this problem by dividing a neural network into a client and a server part, so that
the client part of the network takes up less extensive computation resources and
bandwidth. However, it is not clear how to find the optimal split without sacrific-
ing the overall network performance. To amalgamate these methods and thereby
maximize their distinct strengths, here we show that the Vision Transformer, a
recently developed deep learning architecture with straightforward decomposable
configuration, is ideally suitable for split learning without sacrificing performance.
Even under the non-independent and identically distributed data distribution which
emulates a real collaboration between hospitals using CXR datasets from multiple
sources, the proposed framework was able to attain performance comparable to
data-centralized training. In addition, the proposed framework along with hetero-
geneous multi-task clients also improves individual task performances including
the diagnosis of COVID-19, eliminating the need for sharing large weights with
innumerable parameters. Our results affirm the suitability of Transformer for
collaborative learning in medical imaging and pave the way forward for future
real-world implementations.

1 Introduction

After its earlier success in many fields, deep neural networks have found a pervasive suite of
applications in healthcare research including medical imaging, becoming a new de facto standard
[54, 19, 13, 49, 17, 63, 6, 58, 24]. Training these networks requires a vast amount of data to achieve
robust performance [8, 11, 47]. Despite the fact that multi-center collaboration is mandatory due
to the shortage of labeled data in a single institution, collaboration in healthcare research is heavily
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impeded by difficulties in data sharing stemming from the privacy issues and limited consent of
patients [50, 38, 53].

To alleviate this problem, the distributed machine learning methods, devised to enable the computation
on multiple clients and servers leaving data to reside on the source devices, can be effectively
leveraged for healthcare research [7, 43]. Federated learning (FL) is one of these methods which
enables model training on a large corpus of decentralized data [26, 32, 59]. However, FL still holds
several limitations in that it depends on clients’ computational resources for its client-side parallel
computation strategy for update and is not free from privacy concerns [27, 31, 52]. In contrast to FL,
another distributed machine learning method, split learning (SL) offers better privacy and requires
lower computational resources of clients by splitting the network between clients and the server
[22, 52], but still possess problems that it shows significant slower convergence than FL and can not
learn under non-independent and non-identically distributed (non-IID) data [20].

Especially under unprecedented pandemic of an emerging pathogen like COVID-19, under which
direct multi-national collaboration is deterred for prevention of epidemics, the collaboration via these
distributed machine learning approaches is becoming increasingly important, since these enable to
build a model with performance tantamount to data-centralized learning without any direct sharing of
raw data between institutions to offer privacy.

Recently proposed Vision Transformer (ViT) architecture [14], inspired by astounding results of
Transformer-based models on natural language processing (NLP), have demonstrated impeccable
performance on many vision tasks by enabling to model long dependencies within images. Besides
this strength, the straightforward design of the Transformer allows to easily decompose the entire
network into parts: the head for extracting features from the input image, the Transformer body to
model the dependency between features, and the tail used for mapping features to task-specific output.
One of the important contributions in this paper is the observation that this configuration is optimal
for SL where a network should be split into the parts for clients and servers. In addition, as suggested
in [9], the Transformer body with sufficient capacity can be shared between various tasks, being
suitable for multi-task learning (MTL) to leverage robust representation from multiple related tasks
to enhance the generalization performance of individual tasks.

Accordingly, here we propose a novel Federated Split Task-Agnostic (FESTA) framework equipped
with a Transformer to simultaneously process multiple chest X-ray (CXR) tasks including diagnosis of
COVID-19, emulating a real collaboration between several hospitals. To validate the practicability of
FESTA, we also implemented the framework using a friendly federated learning framework (Flower)
protocol [2], confirming seamless integration of various components. Experimental results show that
our framework can show stable performance even under non-IID settings which is a frequently faced
situation for collaboration between hospitals while offering privacy, by amalgamating FL and SL to
maximally exploit their main advantages. In addition, we show that the proposed FESTA Transformer
along with MTL improves the performances of individual tasks. In summary, our contributions are
two folds:

• We proposed a novel FESTA learning framework equipped with the ViT by utilizing its
decomposable design to amalgamate the merit of FL and SL.

• We showed that the model trained with the FESTA framework can leverage the robust
representations from multiple related tasks to improve the performance of the individual
task.

2 Related Work

Distributed machine learning. FL is a distributed machine learning approach originally proposed
by Google [26] to enable the training of a model via distributed devices and data. It eliminates the
need to aggregate the raw data in a centralized way by enabling the model to be updated on the edge
devices (e.g. mobile phones, computers in hospitals). Specifically, during the training, the server
initializes a global model and sends it to each client. The clients then train the model with their local
data in parallel and return the updated model to the server. Then, the server aggregates and distributes
those models by a method such as federated averaging (FedAvg) [32] to update the global model.
This process (called round) continues repeatedly until the model converges. Though FL enables
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decentralized training in a privacy-preserving manner, it still holds limitations as it largely depends
on the computation resources of clients and is vulnerable to model inversion attacks [56].

Different from FL, SL divides the neural network into several sub-networks, and these separated
sub-networks are trained under distributed setting [16]. In detail, the first sub-network is trained
on the client-side with local data and then passes the feature to the second sub-network located in
the server. The server can access the only feature from the first sub-network, and train the second
sub-network to send the subsequent feature to the third sub-network on the client. Finally, the third
sub-network is able to provide the output of the overall network. By inserting black-box sub-networks
in both client and server sides, it is possible to offer better privacy than FL. Besides the privacy
benefit, SL uses less computational resources than FL at the client-side. Nevertheless, since the one
cycle of forward and backward passes is finished after data and gradients move back and forth across
the sub-networks distributed on multiple sides, the convergence of SL is considerably slower than FL.
In addition, it was reported that the convergence is not reached at all under the non-IID setting [20].

Multi-task learning. MTL is a learning strategy to improve the generalization performance of a
specific task with the help of information from other related tasks. In MTL, models for multiple
related tasks are trained simultaneously [5, 16]. In its early era, the motivation of MTL is to mitigate
the data insufficiency problem where the number of labeled data is limited for each task to train an
accurate learner. MTL helps to reuse knowledge and thereby reduce the requirement for labeled data
for each task, exhibiting that the MTL model can achieve better performance than the single-task
counterpart in many fields ranging from computer vision [15, 34, 36, 28] to NLP [30, 21, 29, 42].
With increased data, the MTL model can learn more robust representations via knowledge sharing
among multiple tasks, resulting in improved performance and less overfitting for the individual task.

Vision Transformer. Transformer [51], which was originally developed for NLP, is a deep neural
network based on an attention mechanism that utilizes an appreciably large receptive field. After
achieving state-of-the-art (SOTA) performance in NLP, it has also inspired the vision community
to explore its application on vision tasks to utilize its ability to model long-range dependency
within an image [25]. The ViT was one of the successful attempts to apply Transformer directly to
images, achieving excellent results compared to the SOTA convolutional neural networks in image
classification tasks [14]. Furthermore, in addition to the superb performance, the straightforward
modular design of ViT facilitates broad applications in many tasks only with minimal change. Chen
et al. [9] proposed image processing transformer, which is one of the successful multi-task model
for various computer vision tasks, by splitting ViT into shared body and task-specific heads and
tails, suggesting that Transformer body with sufficient capacity can be shared across relevant tasks.
However, they leveraged encoder-decoder design and the usefulness of the multi-task ViT model was
not evaluated along with the distributed learning methods.

Recently, ViT was successfully used for diagnosis and severity prediction of COVID-19, showing
the SOTA performance [35]. Specifically, to alleviate the overfitting problem with limited data
available, the overall framework is decomposed into two steps: the pre-trained backbone network to
classify common low-level CXR features, which was leveraged in the second step by Transformer
for high-level diagnosis and severity prediction of COVID-19. By maximally utilizing the merit of
the large-scale database containing more than 220,000 CXR images, the model has attained stable
generalization performance as well as SOTA performance in a variety of external test data from
different institutions, even with the limited number of labeled cases for COVID-19.

3 Split Task-Agnostic Transformer for CXR COVID-19 Diagnosis

Inspired by these works, here we are interested in utilizing ViT for distributed learning in COVID-
19 CXR diagnosis, where the collaboration via these distributed machine learning approaches is
becoming increasingly important by offering privacy and still allowing similar performance to the
data-centralized learning.

The reason we are interested in ViT architecture for this purpose is that the natural configuration
of ViT may be optimal for MTL as well as SL where the easily decomposable modular design of
the network is preferred, suggesting a possibility to maximally reconcile the merits of MTL and SL
through ViT architecture. Specifically, the clients just train the head and tail parts of the network,
whereas the Transformer body is shared across multiple clients. Then, the embedded features from
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Figure 1: Overall framework of the proposed method. (a) Split task-agnostic CXR Transformer for
multi-task learning and (b) the concept of FESTA learning process.

the head network from multiple clients can be leveraged in the second step by Transformer to process
individual tasks including diagnosis of COVID-19. Furthermore, by maximally utilizing the merit of
the large-scale database from CXR for various tasks, our goal is to demonstrate stable generalization
performance as well as SOTA performance in the external test dataset.

3.1 FESTA: Federated Split Task-Agnostic Learning

The concept of the proposed Federated Split Task-Agnostic (FESTA) learning process is illustrated
in Fig 1(a) and (b). Let C =

SK
k=1 Ck be a group of client sets with different CXR tasks, where K

denotes the number of tasks and Ck has one or more clients with different datasets each other for
the k-th task, i.e. Ck = fck1 ; ck2 ; : : : ; ckNk

: Nk � 1g. Each client c 2 Ck has its own task-specific
network architecture for a headHc and a tail Tc, which are connected to Transformer B in the server.

In our FeSTA framework, the server first initializes the weights of the Transformer body and task-
specific heads, tails for each task k. Then, it distributes the initialized weights of heads and tails
to each client c 2 Ck. For round i = 1; 2; : : : R, each client (e.g. hospital) perform the forward
propagation on their task-specific head and pass their intermediate feature to the server. Specifically,
using the local training data f(x(i)c ; y

(i)
c )gNc

i=1, the head network Hc encodes the smashed feature
maps h(i)c and sent it to the server: h(i)c = Hc(x

(i)
c ). Then, the server-side Transformer body B

receives the feature from the all clients and generate the features b(i)c for c in parallel: b(i)c = B(h
(i)
c ).

Resulting smashed features from the Transformer are allocated to task-specific tail to produce the
final prediction ŷ(i)c = Tc(b(i)c ) according to each task, and the forward path finishes. Subsequently,
the loss for each client can be calculated as ‘c(y

(i)
c ; Tc(B(Hc(x

(i)
c )))) where ‘c(y; ŷ) refers to the c

client- specific loss between the target y and the estimate ŷ. By minimizing the loss with respect
to the tail weight, the gradients of the local tails are passed reversely to the server. After receiving
the gradients, the server performs the back-propagation on the server-side body model, sends the
gradients back to the clients.

Specifically, for the task-agnostic body update, the following optimization problem is solved:

min
B

X
c∈C

NcX
i=1

‘c(y
(i)
c ; Tc(B(Hc(x

(i)
c )))); (1)

For the task-specific fine-tuning, the following optimization problem is solved:

min
Hc,Tc

NcX
i=1

‘c(y
(i)
c ; Tc(B(Hc(x

(i)
c )))); (2)
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Finally, the server aggregates and averages the weights of local heads and tails from the clients to
update the global heads and tails among the clients for the same tasks viaFedAvg, and distributes
back the updated global weights of heads and tails for each taskk to the clients. The algorithm is
formally presented in Algorithm 1.

Algorithm 1: FESTA: Federated Split Task-Agnostic learning

1 Function ServerMain :
2 Initialize the body weightw(1)

B and client head/tail weights( �wH ;k ; �wT ;k ) for each task
k 2 f 1; :::; K g in server

3 for rounds i = 1 ; 2; : : : R do
4 for tasks k 2 f 1; 2; : : : K g do in parallel
5 for clients c 2 Ck do in parallel
6 if i = 1 or (i � 1) 2 UnifyingRoundsthen
7 Set client(w( i )

H c
; w( i )

Tc
)  ( �wH ;k ; �wT ;k )

8 h( i )
c  ClientHead (c)

9 b( i )
c  B (h( i )

c )

10
@L( i )

c

@b( i )
c

 ClientTail (c; b( i )
c ) & Backprop.

11 (w( i +1)
H c

; w( i +1)
Tc

)  ClientUpdate (c; @L( i )
c

@h( i )
c

)

12 Update bodyw( i +1)
B  w( i )

B � �
K

KP

k=1

P

c2 Ck

@L( i )
c

N k @w( i )
B

13 if i 2 UnifyingRoundsthen
14 for tasks k 2 f 1; 2; : : : K g do
15 Update( �wH ;k ; �wT ;k )  ( 1

N k

P

c2 Ck

w( i +1)
H c

; 1
N k

P

c2 Ck

w( i +1)
Tc

)

16 Function ClientHead( c) :
17 xc  Current batch of input from clientc
18 return H c(xc)
19 Function ClientTail( c; bc) :
20 yc  Current batch of label from clientc
21 L c  `c(yc; Tc(bc)) & Backprop.
22 return @Lc

@bc
23 Function ClientUpdate( c; @Lc

@hc
) :

24 Backprop. &(wH c ; wTc )  (wH c � � @Lc
@wH c

; wTc � � @Lc
@wT c

)
25 return (wH c ; wTc )

3.2 Multi-task CXR learning

For synergistic performance improvement, we explore the following three tasks that are commonly
used for CXR: classi�cation, segmentation, and object detection. These three tasks were separately
trained for the individual model, while used simultaneously to train and to evaluate the task-agnostic
model for multiple related tasks. The details of each task and dataset are as follows.

COVID-19 classi�cation. This is the main task we want to achieve throughFESTA. Since we
initialized the weights of classi�cation heads to be the robust feature extractor trained on pre-
built large data corpus containing common CXR �ndings, the classi�cation heads were initialized
with the pre-trained weights from CheXpert [23] dataset containing 10 CXR �ndings (no �nding,
cardiomegaly, opacity, edema, consolidation, pneumonia, atelectasis, pneumothorax, pleural effusion,
support device) labeled by experts. From pre-training on the CheXpert dataset, we excluded 32,387
lateral view images, and 29,420 posterior-anterior (PA) and 161,427 anterior-posterior (AP) view
data were �nally used. Table 1 summarizes dataset resources and partitioning for the classi�cation
task. We used both public datasets containing labels of infectious disease (Valencian Region Medical
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Table 1: Datasets and sources for COVID-19 diagnosis

Total CXR images
External

Training and validation dataset

Client 1 Client 2 Client 3 Client 4 Client 5 Client 6

Hospital 1 Hospital 2 Hospital 3 Hospital 4 NIH Brixia BIMCV

Normal 13,649 320 300 400 8,861 3,768 - -
Other infection 1,468 39 144 308 977 - - -
COVID-19 2,431 6 8 80 - - 1,929 408

Total CXR 17,548 365 452 788 9,838 3,768 1,929 408

Image Bank [BIMCV] [12], Brixia [44, 4], National Institutes of Health [NIH] [55]), and CXR
data deliberately collected from four hospitals labeled by board-certi�ed radiologists. We put one
hospital data aside as an external test dataset to evaluate the classi�cation performance for real-world
applications. Overall, 17,183 PA view CXR images were used for training/validation and 365 PA
view CXR images for the test. In addition, we performed the experiments in the view-agnostic
setting by adding AP view CXRs, to further extend real-world applicability as provided in Appendix
C.1. By adding AP view data, the total amounts of CXRs were increased from 17,183 to 24,180
for training/validation and 365 to 556 for external test datasets. Notably, the number of COVID-19
cases was increased from six to 81 in the external test dataset. We modeled data from different
sources as individual clients, emulating the real-world collaboration between hospitals. This setting
is important to validate our method in non-IID data distribution. The study was ethically approved
by the Institutional Review Board at each participating hospital and the requirement for informed
consent was waived.

Segmentation. For the segmentation task, we have used the Society for Imaging Informatics in
Medicine and the American College of Radiology Pneumothorax Segmentation Challenge dataset
[45] consisting of 12,047 CXR images for training, 3,205 images for testing. The training dataset was
divided randomly with a 4:1 ratio into training and validation datasets, and we developed and �ne-
tuned the model for pneumothorax segmentation with these datasets. Afterward, the segmentation
performance of the model was evaluated in testing datasets. Since the data for segmentation was
anonymized, it was not possible to divide the dataset according to the sources of acquisition. Instead,
we randomly divided the entire dataset into the two clients, emulating the collaboration between two
hospitals.

Object detection. For the object detection task, the model was constructed to detect lung opacities
in CXR with the Radiological Society of North America (RSNA) Pneumonia Detection Challenge
dataset [41] that consists of CXR images and labels with bounding boxes and detailed class infor-
mation of 26,684 subjects. We randomly divided the entire dataset with a 3:1 ratio into training and
testing datasets, with which model was trained and evaluated. Similar to the segmentation task, as the
data contains no information about the sources of acquisition, the dataset was randomly divided into
two clients to simulate the collaboration between hospitals.

4 Experimental Results

4.1 Implementation details

For the head and tail parts of our model, the networks specialized for each task were utilized.
For classi�cation, we used the modi�ed version of the network proposed by Ye et al.[60], which
comprises DenseNet combined with Probabilistic Class Activation Map (PCAM) operations for the
classi�cation task, since it achieved outstanding performance in the CXR classi�cation competition.
For segmentation, we adopt TransUNet [10] tthat inserts a Transformer between the convolutional
neural network (CNN) encoder and decoder of UNet [40] to take advantage of both architectures.
Similarly, the 2nd place solution in the RSNA pneumonia detection challenge, which is a modi�ed
version of RetinaNet for object detection, was utilized. After splitting these models into head and tail,
the feature maps between head and tail were mapped to the feature maps with the same dimension
of 16 � 16 � 768, and used as input of Transformer body. The Transformer body, equipped with
12 layers of standard Transformer encoder with 12 attention heads, transforms the feature maps to
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