
Using Deep Learning for Robust 
Classification of Fast Radio Bursts

● The true nature of fast radio bursts (FRBs) are unknown.
● A Supervised Variational Autoencoder (sVAE) architecture was used 

to classify FRBs and analyzed the latent space of the first CHIME 
catalog.

● The model achieves state-of-the-art classification accuracy and 
reveals a clear separation between repeater and non-repeater 
populations.

● Spectral index and spectral running are identified as the 
dominant features distinguishing repeaters.

● Four previously labeled non-repeating FRBs are identified as 
high-probability repeater candidates.

Abstract Introduction
● Fast Radio Bursts (FRBs) are brief, intense bursts of radio waves 

lasting only a few milliseconds. [11]
● Detection has increased significantly with modern radio telescopes, 

yet their physical origin remains largely unknown.
● Observations indicate that some FRBs repeat while others appear as 

isolated events.
● Important question: How can we find structure & patterns in FRB 

signals?
● Supervised Variational Autoencoders (sVAEs) are deep generative 

models that learn to encode and classify data [3, 6]

Methods

Training & Evaluation
1. Processed the first CHIME FRB catalog for neural network usage [2]. 
2. Trained the sVAE using the Adam optimizer in PyTorch [9].
3. Performed Bayesian optimization via Optuna [1] to explore 

hyperparameters for the most accurate model. 
4. Generated a classification report to observe how the optimized 

model performs on separating repeaters/non-repeaters

Dimensionality Reduction Techniques
1. Passed data through the encoder to generate latent vectors

a. Principal Component Analysis (PCA): For linear projection 
and initial visualization of latent space [10]

b. t-SNE: For capturing non-linear structures and visualizing 
clusters in two dimensions [10].

Latent Space Partial Dependence Analysis
1. Measured how latent feature affects repeater probability [8]
2. Chose the two most correlated data features with each latent feature
3. Measured how latent space feature affects correlated physical 

feature value
4. Found high-impact latent features and plot how physical 

features correlate with repeater probability in latent space

Results

Metric Value

Accuracy 0.9807

Precision 0.9805

Recall 0.9807

F2-Score 0.9807

Figure 2. PCA and t-SNE of latent space 
representations, colored by repeater class.

Figure created by student researcher in 
Matplotlib, 2025.

Figure 3. Latent space 
traversal for the most 

impactful features. 
Physical feature evolution is 
plotted, along with repeater 

probability as a color 
gradient.

Figure 1. Visual 
representation

 of model
 architecture.

Graphic created by
 student researcher

in Google Drawings, 2025.

Figure created by student researcher 
in  Matplotlib, 2025.

Discussion

Table 1. Classification 
performance of final model.

Table created by student researcher in
 Google Slides, 2026.

● Model achieves state-of-the-art performance on classification 
benchmark (0.9807 F2 score, highest achieved)

● The clear separation between populations in the sVAE latent space 
suggests the distinct progenitor models for repeaters and 
non-repeaters.

● Further validated by the fact that repeater likelihood is associated 
with higher spectral indices and lower spectral running.

● This supports the idea that repeating FRBs originate from coherent 
magnetospheric processes [12].

● This points toward repeaters having high-energy environments 
capable of sustained emission, such as young, hyperactive 
magnetars.  

● Non-repeaters appear to arise from cataclysmic, one-off events 
like compact object mergers [12].

● The model identified four false positives (non-repeaters predicted 
as repeaters) for further follow up. 

● Two false positives have been previously identified, especially 
FRB20190221A (marked by three other papers previously). 

● The sVAE latent space is shown to be physically interpretable by 
using partial dependence analysis.

FRB References?

FRB20181218C Yes [7]

FRB20190122C No

FRB20190221A Yes [4, 5, 7]

FRB20190320A No

Table 2. Model false 
positives.

Table created by student researcher in
 Google Slides, 2026.
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