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Abstract

We present Federated Learning Playground, an interactive
browser-based platform inspired by and extends TensorFlow
Playground that teaches core Federated Learning (FL) con-
cepts. Users can experiment with heterogeneous client data
distributions, model hyperparameters, and aggregation algo-
rithms directly in the browser without coding or system setup,
and observe their effects on client and global models through
real-time visualizations, gaining intuition for challenges such
as non-I1ID data, local overfitting, and scalability. The play-
ground serves as an easy to use educational tool, lowering
the entry barrier for newcomers to distributed Al while also
offering a sandbox for rapidly prototyping and comparing
FL methods. By democratizing exploration of FL, it pro-
motes broader understanding and adoption of this important
paradigm.

Introduction

Federated learning (FL) is a collaborative machine learn-
ing paradigm that enables multiple clients to train a shared
model without exchanging raw data. This paradigm enables
collaboration without exposing raw data, making it espe-
cially valuable in domains such as healthcare, finance, and
mobile intelligence where privacy is critical (Kairouz et al.
2021; Hard et al. 2019).

Despite its growing importance, FL introduces unique
challenges that distinguish it from traditional centralized
learning. These include handling non-independent and iden-
tically distributed (non-1ID) client data, partial client partic-
ipation, and variability in systems and resources (Tan et al.
2023). Understanding the effects of these challenges on dif-
ferent algorithmic and system-level choices often requires
coding expertise and access to specialized infrastructure,
which discourage newcomers from experimenting with FL.

In the broader machine learning community, open-source
tools such as TensorFlow Playground (Smilkov et al. 2017)
have shown the power of interactive visualization for low-
ering entry barriers. By allowing users to tinker with small
neural networks directly in the browser, it has helped learn-
ers and practitioners intuitively grasp the effects of hyperpa-
rameters and model choices without writing code. This com-
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bination of simplicity and interactivity has made it a widely
used educational and demonstration resource.

Motivated by this success, we present the Federated
Learning Playground, an interactive, browser-based plat-
form that brings the same spirit of accessibility to the do-
main of FL. Users can adjust data distributions, hyperpa-
rameters, and aggregation strategies, then observe the ef-
fects on client and global models through real-time visual-
izations. The playground serves as both an educational tool
and a sandbox that lowers the entry barrier for newcomers
exploring privacy-preserving and distributed Al

System Design and Implementation

The system is built around an FL engine and orchestration
layer that extends the standard centralized training loop in
TensorFlow Playground. Implemented as one St epFL, this
step (1) samples a fraction of clients, (2) performs local
training for a configurable number of epochs, and (3) per-
forms server-side aggregation. When the “Run Federated”
option is disabled, the system falls back to the standard cen-
tralized training mode, enabling learners to compare the two
modes side by side. The entire implementation runs client-
side, making it lightweight and easily deployable in a web
browser without external dependencies. Combined with a
clear and intuitive interface, this design ensures that the Fed-
erated Learning Playground remains accessible, interactive,
and extensible.

FL Aggregation Algorithms. Users can select:

* FedAvg (McMahan et al. 2017). Weighted averaging of
client deltas by data size.

* FedProx (Li et al. 2020). Adds a proximal term to sta-
bilize local updates under data heterogeneity.

* FedAdam (Reddi et al. 2021). Applies Adam optimiza-
tion at the server for adaptive aggregation.

* SCAFFOLD (Karimireddy et al. 2020). Uses control
variates to correct client drift on non-IID data.

FL Hyperparameters. Users can tune the following:

* Non-IID partitioning. Data are split across N virtual
clients using a Dirichlet-based sampler to control the
degree of heterogeneity (see Figure 1).

* Clustered FL. Supports k-means clustering (cosine or
{5) of client updates, illustrating the benefits of group-
ing when client distributions are multi-modal.
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Figure 1: Client Data Distributions. Top: IID distribution
across clients (post-training). Middle: Non-IID distribu-
tion (pre-training). Bottom: Uniform class distribution with
skewed sample sizes, after local training of clients 0 and 4.

« Differential privacy. Each client update is clipped to a
norm bound and perturbed with Gaussian noise before
aggregation, following DP-SGD (Abadi et al. 2016).
Visualizations illustrate the privacy—utility trade-off as
the noise level varies.

Client behavior. Users can adjust probability of
dropout, client learning rate and epochs. Updates are
real-time to illustrate impact on communication costs.

Local model training. Training of individual clients
can be run for specific clients to visualize the effect of
local training and global model aggregation.

Integrating FL support has expanded the codebase to more
than twice the size of the original TensorFlow Playground,
with the increase coming from additional modules for client
sampling, local training, server aggregation, FL algorithms,
and privacy mechanisms. Key extensions include:

Weight representation. Weights and Bias are flattened
into a single vector (see nnFlattenWeights), enabling
efficient computation of deltas, proximal terms, control vari-
ates, and DP noise in a single pass.

Round orchestration. oneStepFL samples clients, runs
local epochs with optional FedProx or SCAFFOLD, forms
deltas, applies DP clipping/noise, and aggregates. FedAdam
is supported via a lightweight server-side Adam optimizer.

Clustering. Clustered FL initializes K models and per-
forms k-means clustering every n rounds after warmup, with
client weights averaged within each cluster.

User Interface and Visualizations

The UI adds FL-specific controls, i.e. clients no. & fraction,
local epochs, non-IID («), clustering (k), differential privacy
with clipping/noise, and algorithm selector (Figure 2).

We provide visualizations (Figure 3) for:
1. Client participation for sampling fairness & coverage.
2. Communication cost for efficiency comparisons.
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Figure 2: Overview of interface controls. FL-specific con-
trols in Rows 2—4, with original controls retained in Row 1.
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Figure 3: Simulated increase in client dropout halfway
through training, with visualizations of Client participa-
tion, Comms cost (scales with no. of clients), Client loss
distribution (max, mean, min), and Convergence rate.

3. Client loss distribution for heterogeneity & drift.
4. Convergence Rate for training progress.
5. Client Data distribution for data spread.

Reproducibility and Artifact

The system is released as a static web application hosted
on GitHub Pages at https://oseltamivir.github.io/playground.
The code is open-sourced, with documentation.

Conclusions and Future Work

The Federated Learning Playground is a lightweight didac-
tic tool using tiny MLPs and synthetic 2D data to illustrate
core FL concepts accessibly. It bridges education and re-
search in FL for students and researchers alike, lowering bar-
riers and inspiring exploration of distributed-Al challenges.
Future work will add trustworthy-FL features for explain-
ability and fairness, and broaden the simulator to vertical FL
and FL foundation models. (Ren et al. 2025).
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