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Abstract—Federated learning (FL) allows multiple partners to
train machine learning models without sharing raw data, thus
preserving privacy. Despite its promising aspects, existing FL
frameworks have some drawbacks regarding flexibility, decen-
tralized aggregation, and collaborative environments. This poster
presents FedLearn, a collaborative community framework built
atop the JupyterLab environment for FL among Jupyter users.
We use a microservices architecture to implement the framework
and enable automated FL deployment processes across multi-
ple clouds. The demonstration showcases the feasibility of the
FedLearn community portal for Jupyter users.

Index Terms—Federated Learning, Jupyter, Community, Col-
laboration

I. INTRODUCTION

Federated Learning (FL) has emerged as a promising
paradigm for distributed Machine Learning (ML) due to its
data privacy benefits and low data storage, transfer, and
computing resources costs. However, developing and testing
FL source code in a distributed environment while operating
it across geographic locations with heterogeneous compute and
network resources is still a complex setup. Such different FL
scenarios are either partially supported by existing work or
require extensive modifications. Hence, this makes it more
burdensome and difficult to manage in the community.

Jupyter is data scientists’ computational notebook of choice
in scientific communities [1] and some works [2], [3] use
Jupyter environments for FL development. However, existing
approaches cannot provide flexible and automated deployment
solutions. This limitation, for instance, becomes more pro-
nounced, especially when Jupyter users want to use a more
distributed approach in training their models and managing
data in a collaborative research environment.

To overcome such limitations, we propose and prototype a
community-based collaborative FL framework to unlock the
potential of FL operations in community-based contribution
and collaboration using Jupyter. In addition, we conducted
experiments to showcase the feasibility of the Proof-of-
Concept (PoC) framework and present results of automating
FL operations across hybrid clouds.

II. PROBLEM STATEMENT AND RELATED WORK

This work was motivated by answering the main research
question: how to develop a community environment for en-
abling distributed users to compose and automate federated
learning workflows using assets provided by the user commu-
nity via a virtual research environment? We consider various

parameters, e.g., FL network topology types, infrastructure
support, the ability to develop and test workflow in a sin-
gle environment, support for standardized common workflow
languages, and analysis of research gaps.

Several frameworks facilitate the research and development
of distributed ML models while ensuring data privacy, includ-
ing OpenFL, TensorFlow Federated, PySyft, Flower, Sherpa
AI, FATE, Fedstellar, Scatterbrained, and TrustDFL, which
are focused on traditional centralized FL and seldom support
decentralized ones [4]. Although community artificial intelli-
gence and community cluster FL [5] using blockchain could
address community-based learning, more research is needed
for solutions that offer a community portal, heterogeneous
infrastructure support, and varied FL topology types. This
arises new technical challenges.

III. THE PROPOSED FRAMEWORK

A. System Overview

Based on our prior works [6], [7], [8], we propose an em-
bedded FL community portal in the JupyterLab as illustrated
in Fig. 1. This design and implementation facilitate seamless
collaboration among Jupyter users to explore and orchestrate
FL experiments with minimal manual intervention.

Fig. 1. The system overview of the proposed FedLearn framework.

The FedLearn community portal has a FastAPI backend,
a ReactJS frontend, and MongoDB for data storage. This
portal is integrated with a Jupyter-based add-on, enabling data
providers and data scientists to:

• Register on the FedLearn community portal
• View registered users and infrastructure
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• Select and Reserve available infrastructure
• Advance reservation queue in case of required number of

clients are not available
• Configure model parameters using Jupyter Notebook
• Initiate FL training sessions with reserved clients
• View the results
• Release the infrastructure
In the FedLearn prototype, Jupyter users can orchestrate

the collaborative training from a local computer and obtain
the FL results. Data scientists can develop, test, and conduct
FL experiments and get insights efficiently through regis-
tration and access to the community portal without sharing
their datasets. The FedLearn community portal backend and
frontend are containerized using Docker. We use GitHub, and
docker containerized services for infrastructure registration
and training to guarantee platform agnosticism. To mimic
the decentralized data infrastructures and demonstrate the
distributed client nodes, we have configured our system with
Amazon Web Services (AWS), Google Cloud Platform (GCP),
and the university’s private cloud servers by varying the
number of clients from small-scale to large-scale and choosing
Europe and US geographical locations. Based on such remote
infrastructures, we tested our prototype by demonstration.

B. Demonstration and Evaluation

Fig. 2 presents a screenshot of the implemented FedLearn
portal, demonstrating the validation of our framework. Jupyter

Fig. 2. The screenshot of the FedLearn community portal.

users can seamlessly access the FL community portal using the
add-on button presented in the JupyterLab extension. Users
can sign up and in with different roles, e.g., data scientists,
data, model, and infrastructure providers. Via the portal, they
can discover each other online and gain visibility into potential
collaborators, ensuring a smooth user experience during the
boarding process. Once the registration service is installed
in their infrastructure, the data infrastructure status will be

automatically updated online in the portal. Then, data scientists
can select and reserve the required infrastructure, download
reservation details in JSON format, and release the reservation
upon completion of FL Training. This service offers API end-
points for training, downloading models, uploading weights,
and aggregation.

The portal and FL training operations run independently
using a microservices architecture with low coupling and high
cohesion to ensure our framework is independent, scalable,
reusable, and maintainable. Dynamic performance is evaluated
by the speed of infrastructure updates in the portal and
API responsiveness for FL training initiation, monitoring, and
results retrieval. Testing in two rounds in public and private
clouds demonstrated seamless infrastructure availability and
API performance across different architectures and locations.
The source code is available at GitHub repository1.

IV. CONCLUSION

The poster presents the technological feasibility and prac-
tical implementation of the Fedlearn approach, which enables
data scientists, models, infrastructure, and data providers to
collaborate with each other and automate FL workflows using
heterogeneous systems. In the future, we will integrate our
findings with blockchain technology to improve the security
and effectiveness of federated learning.
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