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A B S T R A C T 

Fast radio bursts (FRBs) are millisecond-duration radio transients of extragalactic origin, with diverse time-frequency 

patterns and emission properties that require explanation. With one possible exception, FRBs are detected only in the radio, 
analysing their dynamic spectra is therefore crucial to disentangling the physical processes go v erning their generation and 

propagation. Furthermore, comparing FRB morphologies provides insights into possible differences among their progenitors 
and environments. This study applies unsupervized learning and deep-learning techniques to investigate FRB dynamic spectra, 
focusing on two approaches: principal component analysis (PCA) and a convolutional auto-encoder (CAE) enhanced by 

an information-ordered bottleneck (IOB) layer. PCA served as a computationally efficient baseline, capturing broad trends, 
identifying outliers, and providing valuable insights into large data sets. However, its linear nature limited its ability to reconstruct 
complex FRB structures. In contrast, the IOB-augmented CAE excelled at capturing intricate features, with high reconstruction 

accuracy and ef fecti ve denoizing at modest signal-to-noise ratios. The IOB layer’s ability to prioritize rele v ant features enabled 

efficient data compression, preserving key morphological characteristics with minimal latent variables. When applied to real 
FRBs from Canadian Hydrogen Intensity Mapping Experiment (CHIME), the IOB–CAE generalized ef fecti vely, re vealing a 
latent space that highlighted the continuum of FRB morphologies and the potential for distinguishing intrinsic differences 
between burst types. This framework demonstrates that while FRBs may not naturally cluster into discrete groups, advanced 

representation learning techniques can unco v er meaningful structures, offering new insights into the diversity and origins of 
these bursts. 

Key words: methods: data analysis – software: machine learning – software: simulations – fast radio bursts. 
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 I N T RO D U C T I O N  

ast radio bursts (FRBs) are enigmatic, extragalactic radio transients
f unknown physical origin (Cordes & Chatterjee 2019 ; Petroff,
essels & Lorimer 2019 , 2022 ). They are characterized by their

hort but wide range of durations – from microsecond-scale bursts
Snelders et al. 2023 ) to the longest-observed burst lasting up to
 s, with strictly periodic sub-bursts (CHIME/FRB Collaboration
022 ). The y also e xhibit high-dispersion measures (DMs), exceeding
he maximum expected from our Galaxy and confirming their
xtragalactic origins (Thornton et al. 2013 ; Xu & Han 2015 ; Connor
 Petroff 2018 ). Since their disco v ery in 2007 (Lorimer et al. 2007 ),
RBs have generated widespread interest due to their potential to
robe astrophysical and cosmological phenomena (e.g. Zhou et al.
014 ; Ravi et al. 2016 ; Bannister et al. 2019 ; Macquart et al. 2020 ;
hin et al. 2024 ). 
 E-mail: d.kuiper@uva.nl 

Published by Oxford University Press on behalf of Royal Astronomical Socie
Commons Attribution License ( https:// creativecommons.org/ licenses/ by/ 4.0/ ), whi
Key open questions concern the progenitors of FRBs, i.e. the
strophysical objects or systems that produce these bursts, as well
s their radio emission mechanisms, i.e. what physics produces
he bursts themselves. The distinction between repeaters and non-
epeaters may indicate at least two different burst types, even if they
rise from the same progenitor (Kirsten et al. 2024 ). Repeaters, such
s FRB 20121102A (Spitler et al. 2016 ), exhibit recurring bursts with
ometimes complex morphologies and frequency drifts (Hessels et al.
019 ). They are generally wider in time but narrower in bandwidth,
hile non-repeaters are characterized by isolated, single events, that

re narrower in time, but wider in bandwidth, suggesting potentially
ifferent physical conditions or environments (Pleunis et al. 2021 ). 
While multiwavelength counterparts to extragalactic FRBs remain

lusive (Chen, Ravi & Lu 2020 ; Pearlman et al. 2024 ), efforts to
nravel the progenitors and emission mechanisms of FRBs can take
wo complementary approaches: investigating their host galaxies and
© 2025 The Author(s). 
ty. This is an Open Access article distributed under the terms of the Creative 
ch permits unrestricted reuse, distribution, and reproduction in any medium, 

provided the original work is properly cited. 
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ocal environments, or analysing the properties of the radio bursts 
hemselves. 1 This paper focuses on the second approach. 

At the highest level of detail, FRB data are captured as voltage data
Nyquist-sampled streams for both polarization channels (e.g. Price 

t al. 2019 ; Nimmo et al. 2022 ). These data are often converted
nto dynamic spectra, trading time, and frequency resolution to 
alance the focus between fine-scale features in frequency or time. 
ynamic spectra can represent the total intensity (Stokes I) as well 

s polarization properties (Stokes Q, U, V), although polarimetric 
nformation is not al w ays available. Further processing often distills
ynamic spectra into time series data or fitted parameters, potentially 
bscuring some of the detailed information available in the raw 

ata. Dispersion correction further complicates matters, as it involves 
tting for the DM to account for a quadratic time-frequency delay. 
his process can introduce ambiguities because there is a de generac y
etween the DM and intrinsic changes in the burst morphology 
ith frequency, as well as time-frequency drifts that apparently arise 

rom the emission process itself rather than propagation through the 
ntervening magneto-ionized media (Hessels et al. 2019 ). 

Propagation effects also influence the observed morphology of 
RBs, even after dedispersion is applied. Scintillation introduces fine 
requency structure; scattering causes asymmetric pulse broadening; 
nd Faraday rotation modulates polarization, together encoding 
nformation about the burst’s journey through the intervening ionized 
nd magnetized plasma (Hessels et al. 2019 ; Nimmo et al. 2021 ;
andhi et al. 2024 ; Shin et al. 2024 ). These effects can obscure

ntrinsic burst features while introducing new features that are not 
elated to the emission process itself, complicating the interpretation 
f the burst’s underlying properties. 
Over 800 distinct FRB sources have been detected to date, 2 and 

igh-time-resolution studies of some of these b ursts ha v e rev ealed a
ide variety of FRB morphologies. Morphological diversity encom- 
asses features such as burst duration, polarization, spectral band- 
idth, and temporal structures like micro-bursts, drifting patterns in 

ime-frequency, or periodic sub-bursts. These characteristics provide 
aluable clues about FRB progenitors and environments, pointing 
o a range of emission mechanisms and propagation effects (Hessels 
t al. 2019 ; Majid et al. 2021 ; Nimmo et al. 2021 ; Hewitt et al. 2023 ).
epeaters, in particular, often display more complex, multicompo- 
ent bursts compared to one-off events (Pleunis et al. 2021 ). 
F or instance, FRB 20121102A e xhibits comple x time–frequenc y 

eha viour, including sub-b ursts with frequency-dependent drift rates 
nd varying bandwidths. This so-called ‘sad trombone’ effect sug- 
ests radius-to-frequency mapping, where the burst emission shifts 
o lower radio frequencies as the emission region propagates further 
rom the central engine, encountering regions of lower plasma density 
nd magnetic field strength (Hessels et al. 2019 ). Similarly, on sub-
urst time-scales, quasi-periodic sub-structure has been reported for 
everal FRBs, and provides a potential connection to phenomena 
een in pulsar magnetospheres (Kramer et al. 2024 ). 

FRB 170 827 provides another example with its ∼30 μs mi-
rostructure, which constrains the emission region to be less than 
10 km in size, illustrating the potential for FRBs to probe extreme

strophysical environments (Farah et al. 2018 ). The temporal and 
pectral modulation observed in this burst is consistent with a 
 A notable exception is the Galactic magnetar SGR 1935 + 2154, which 
roduced a bright burst that is FRB-like (though less luminous) and was 
ccompanied by an X-ray burst (Andersen et al. 2020 ; Bochenek et al. 2020 ; 
ereghetti et al. 2020 ). 

 https:// www.wis-tns.org/ & https://blinkverse.zero2x.org 
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ombination of intrinsic source properties and propagation effects, 
uch as scattering. Furthermore, Australian Square Kilometre Array 
athfinder (ASKAP) studies have revealed diverse polarization and 
cattering properties among localized FRBs, highlighting the role of 
he circumburst medium in shaping observed properties. For example 
RB 20190711A exhibited three distinct sub-bursts with consistent 
otation measures but varying polarization properties, characteristic 
f repeating sources (Day et al. 2020 ). 
Additionally, FRB 20200120E, localized to a globular cluster in 

he M81 galactic system, adds further morphological diversity with 
ub-100-nanosecond structures separated by 2–3 μs, suggesting a 
rogenitor distinct from those associated with core-collapse super- 
ovae (Majid et al. 2021 ; Kirsten et al. 2022 ; Nimmo et al. 2022 ). 
A recent CHIME/FRB study of 12 bright, complex FRBs high- 

ighted a variety of morphological traits, including microstructure 
eatures as narrow as ∼7 μs and drifting patterns deviating from
he linear drift typically observed in repeaters. These observations, 
ombined with varied polarization properties and Faraday rotation 
easures, support models involving relativistic shocks, magneto- 

pheric activity, or propagation through ionized plasma structures 
Faber et al. 2024 ). 

Despite these advances, the majority of FRBs remain poorly 
ategorized due to the lack of high-quality, raw voltage data. 
nstruments like Canadian Hydrogen Intensity Mapping Experi- 
ent (CHIME) have contributed significantly to the known FRB 

opulation, disco v ering o v er 500 new sources in its first year of
peration alone and now accounting for the majority of detected 
RBs (Amiri et al. 2021 ). Ho we ver, most CHIME/FRB detections
ely on intensity data with a time resolution of only ∼1 ms, whereas
he v oltage data, a vailable for only a sub-set of bursts, provide a much
ner time resolution of ∼2.5 μs – approximately 40 times better 
Michilli et al. 2021 ). This limitation in available high-resolution 
ata likely leads to an underrepresentation of the full diversity of
RB morphologies in the current sample. Expanding methodologies 

o analyse dynamic spectra more comprehensively and leveraging 
igh-time-resolution data where possible are therefore essential for 
nco v ering and understanding the wide range of FRB morphologies,
hich is a central goal of this work. 
Furthermore, the future of FRB research is marked by the ex-

ectation of increasingly large data sets. Current estimates suggest 
hat the all-sky FRB rate is on the order of thousands per day above
 Jy ms (Champion et al. 2016 ; Bhandari et al. 2018 ; Petroff et al.
019 ; Agarwal et al. 2020 ), and with the continued development
f detection technologies and next-generation telescopes, the rate 
f detection is expected to soar. Instruments such as the Square
ilometre Array (SKA) (Macquart et al. 2015 ), the Deep Synoptic
rray (DSA-2000) (Sherman et al. 2024 ), and the Bustling Universe
adio Surv e y Telescope in Taiw an (B URSTT) (Lin et al. 2022 ),
re poised to contribute significantly once fully operational. Addi- 
ionally, The Canadian Hydrogen Observatory and Radio-transient 
etector (CHORD) (Vanderlinde et al. 2019 ), building on the success
f CHIME, which has already made significant contributions to FRB 

etection, will enhance disco v ery rates with impro v ed sensitivity
nd sky coverage. Together with the upcoming LOFAR2.0 upgrade, 
hich will expand capabilities at lower frequencies, these instru- 
ents will operate across a wide range of frequency bands from
Hz up to GHz frequencies and open new windows to understand

RB emission mechanisms (CHIME/FRB Collaboration 2019 ; Ravi 
 Loeb 2019 ; Pearlman et al. 2020 ). Moreo v er, the Fiv e-hundred-
eter Aperture Spherical Telescope (FAST; NAN et al. 2011 ) is

lready detecting thousands of bursts from hyperactive repeaters 
e.g. Zhang et al. 2022 ). This represents both an opportunity and a
MNRAS 538, 408–425 (2025) 
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hallenge. While larger data sets will enable more detailed popu-
ation studies, the sheer volume of data will make manual analysis
mpractical. Machine learning will play an increasingly important
ole in addressing these challenges by enabling efficient processing
nd classification of the growing diversity in FRB observations. 

Unsupervized machine learning has already been applied in FRB
esearch, primarily to address specific classification tasks such
s distinguishing repeaters from non-repeaters. These approaches
ypically rely on inferred parameters like pulse widths, spectral
ndices, and dispersion measures (Sharma & Rajpaul 2024 ; Sun et al.
024 ), which, while possibly ef fecti ve for such tasks, fail to capture
he detailed morphologies of FRBs. Key features, such as sub-burst
tructure and frequency drift, which are critical for understanding
he physical mechanisms behind FRBs, are often absent from these
implified representations. 

Techniques like Uniform Manifold Approximation and Projection
UMAP) (McInnes et al. 2018 ), t-Distributed Stochastic Neighbor
mbedding (t-SNE) (van der Maaten & Hinton 2008 ), and Random
 orest classifiers (Sv etnik et al. 2003 ) hav e been used to classify
RBs based on these inferred characteristics (Chen et al. 2021 ;
uo, Zhu-Ge & Zhang 2023 ; Zhu-Ge, Luo & Zhang 2023 ). UMAP
nd t-SNE are non-linear dimensionality reduction techniques that
isualize high-dimensional data by preserving relationships between
ata points. Random Forest classifiers are ensemble models that
ombine multiple decision trees to impro v e classification accurac y.
o we ver, these methods focus on inferred simplified parameters and

ail to capture the rich temporal and spectral details of raw dynamic
pectra. 

In this paper, our goal is to develop an unsupervized approach
or grouping FRBs according to their time-frequency morphology,
n order to systematically study their diverse structures without
elying on manual classification. By analysing FRB morphologies
n this way, we aim to redisco v er known classes and potentially
dentify new ones, shedding light on the physical mechanisms driving
hese bursts. Unlike the previous approaches that depend on inferred
arameters, we focus on the Stokes I dynamic spectra, which contain
ich temporal and spectral information and are inherently high-
imensional. In the context of this work, the dimensionality of the
ynamic spectra is defined as the number of frequency channels
ultiplied by the number of time samples used to represent the

ynamic spectrum. Each burst’s dynamic spectrum captures its
ariation in intensity as a function of both time and frequency, leading
o data sets with hundreds of thousands of dimensions. 

To address this complexity, we seek methods that can project
hese dynamic spectra into a lower dimensional space, where the

ost rele v ant features of the data are retained, and redundant or less
nformati ve v ariations are remo v ed. This potentially makes it easier
o identify meaningful patterns and relationships in the data. 

To achieve this, we explore two distinct methods for analysing
RB dynamic spectra: a linear approach using principal compo-
ent analysis (PCA; Wold, Esbensen & Geladi 1987 ) and a more
dvanced, non-linear method, the information-ordered bottleneck
IOB; Ho, Zhao & Wandelt 2024 ). PCA is a widely used technique
or dimensionality reduction that identifies the directions in the data
hat capture the largest variations (the ‘principal components’). This
llows the data to be summarized with fewer variables while retaining
ts most significant features. One advantage of PCA is its simplicity
nd interpretability; it provides a straightforward way to visualize
nd understand the most prominent patterns in the data, making it
ccessible and useful for exploratory analysis. Ho we ver, its limited
bility to capture non-linear relationships can be problematic when
nalysing complex data sets like FRB dynamic spectra, where such
NRAS 538, 408–425 (2025) 
elationships often provide important insights. In contrast, the IOB,
 neural network-based non-linear technique, is designed to preserve
ritical information while achieving more efficient compression of
he data. This compression is not just about reducing data size but also
bout organizing the data into a more manageable form where key
atterns and structures are more apparent. By isolating the most rele-
ant features and discarding noise or redundant information, the IOB
nables one to unco v er intricate patterns in the dynamic spectra that
ight otherwise be hidden in the high-dimensional raw data, making

t particularly suitable for studying FRB morphologies in detail. 
We apply these methods to explore two key aspects of FRB
orphology analysis: (i) the ability to compress high-dimensional

ata into a meaningful lower dimensional representation while
etaining key morphological features, and; (ii) how effectively the
ower dimensional representation generated by these methods group
imilar morphologies and highlight potential outliers. To test these
spects, we utilize simulations of synthetic FRB data to e v aluate
he performance of both PCA and the IOB, enabling a controlled
omparison of their ability to represent known morphology types.
his is needed to understand whether these methods can reliably
apture the diversity of FRB structures in real data. 

Additionally, we validate our findings using Stokes I spectra,
enerated from complex voltage data from CHIME (Amiri et al.
024 ), leveraging its high-time-resolution capabilities to test how
ell the latent spaces generated by PCA and the IOB generalize to

eal observational data. Through this dual approach of simulations
nd observational data, we assess the scalability and robustness of
hese methods in analysing FRB morphologies. 

The structure of our paper is as follows: Section 2 details the
imulations and data used in our analysis, specifically focusing
n the dynamic spectra. Section 3 describes our methodology
or developing and evaluating unsupervized representations, while
ections 4 and 5 present the results of our analysis and discusses the

mplications of our findings for the broader study of FRBs. Finally,
ection 6 concludes by summarizing our work and presenting the
otential future directions. 

 SI MULATI ON  F R A M E WO R K  A N D  DATA  

.1 FRBakery: a simulation tool for synthetic FRBs 

nderstanding the capabilities and limitations of machine-learning
lgorithms when analysing FRB data requires controlled data sets
ith known properties. To this end, we developed a simulation frame-
ork, FRBakery , 3 to generate synthetic FRB dynamic spectra. This

ool, based on the WILL PYTHON package (Kania 2023 ), enables us to
imulate a variety of FRB morphologies described by Pleunis et al.
 2021 ) (simple broad-band, simple narrowband, temporally complex,
ownward drifting), as well as an additional category for scattered
ursts. 

The moti v ation for creating synthetic data is not solely a lack of
v ailable real observ ations but also the need to systematically test
nd understand what algorithms can (and cannot) learn from FRB
ynamic spectra in the absence of ground-truth information for real
bserv ations. Furthermore, the av ailable data on bursts is not evenly
pread across categories, limiting the ability to robustly train and
 v aluate machine learning models. By using simulated data with
recisely known properties, we can assess the ability of these models

https://github.com/SRON-API-DataMagic/Rep_Learn_FRB/tree/main/FRBakery
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Figure 1. Dynamic spectra with corresponding light curves (averaged across all frequencies), for selected bursts that represent different morphological classes. 
Each row represents a burst category (Simple Broad, Simple Narrow, Scattered, Complex, and Drifting, respectively). Each column shows individual burst 
examples within that category. Above each dynamic spectrum, the black line represents the light curve of the burst. The burst IDs are displayed in the top right 
of each plot. 
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o differentiate FRB types, quantify their performance, and identify 

otential failure points. This is particularly important for unsuper- 
ised algorithms, where a thorough understanding of their behaviour 
s critical to ef fecti vely interpret (and a v oid o v erinterpreting) their
esults on real data (Rudin et al. 2021 ; Chen et al. 2023 ). 
FRBakery provides control over parameters like signal duration, 

requency width, and scattering ef fects, allo wing for systematic 
xploration of how these factors influence representation learning. 
ig. 1 displays 25 simulated bursts from different categories, illus- 

rating their dynamic spectra and light curves. 
i
The simulation generates five main types of FRB data sets with
ignal-to-noise ratios (S/N) following a power-law distribution: 

(i) Simple Narrow Bursts: Gaussian-shaped bursts, both in time 
nd frequency, with varying centre frequencies, limited to part of the
requency band. 

(ii) Simple Broad Bursts: Gaussian-shaped bursts, both in time 
nd frequency, with varying centre frequencies, spanning most or all 
f the frequency band. 
(iii) Scattered Bursts: introduce scattering effects, where scatter- 

ng times vary from 0 to 20 ms. 
MNRAS 538, 408–425 (2025) 
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M

Table 1. Summary of the parameters used for the simulated FRB data set in FRBakery . 

Data set type Number of pulses Time width (s) Frequency width (MHz) Center frequency (MHz) Additional parameters 

Simple Narrow (SN) 1000 0 . 0008 ± 0 . 0004 12.5–100 1228–1700 S/N scaling exponent = −1.5 
Simple Broad (SB) 1000 0 . 0008 ± 0 . 0004 150–200 1300–1625 S/N scaling exponent = −1.5 
Scattered (SC) 1000 0 . 0004 ± 0 . 0002 12.5–100 1228–1700 S/N scaling exponent = −1.5, 

Scattering Time ( tau ): 
0 . 001 ± 0 . 001 s 

Complex (CP) 1000 0 . 0004 ± 0 . 0002 12.5–100 1228–1700 S/N scaling exponent = −1.5 
Drifting (DD) 1000 0 . 0002 ± 0 . 0001 12.5–100 1228–1700 S/N scaling exponent = −1.5, 

Drifting Rate = 

100–200 MHz/ms 
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(iv) Complex Bursts: multicomponent bursts with varying tem-
oral and frequency widths for each component. 
(v) Drifting Bursts: frequency-drifting bursts with randomized

omponents and a drift rate between 100 and 200 MHz ms −1 ,
esembling the ‘sad trombone’ behaviour observed by, e.g. Hessels
t al. ( 2019 ). 

Each burst category can be generated with adjustable resolutions,
epending on the intended application. For initial testing of methods,
ursts were typically simulated at a resolution of 1024 by 512 time
nd frequency bins. For the training set, where simulated data needed
o be validated against CHIME observations, bursts were generated
t a resolution of 976 by 1024 to match the CHIME data set. 

We simulated a total of 5000 b ursts, evenly distrib uted across
he five morphological categories (Simple Broad, Simple Narrow,
cattered, Complex, and Drifting), with 1000 bursts per category.
his even distribution was chosen to ensure sufficient co v erage of
ll burst types, particularly the Scattered, Complex, and Drifting
ate gories, which e xhibit more div erse and challenging features for
achine learning models. Table 1 provides a detailed summary of

he simulated data set, including the number of bursts per category,
arameter ranges, and distributions. The parameters for each burst
ere drawn from distributions informed by observed trends and

nferred properties of the FRB population, such as S/N, frequency
rift rate, and scattering time. For the burst time width parameter, the
imulations used a Gaussian distribution. The mean of the Gaussian
as itself a random variable sampled from a normal distribution.
he variance of the Gaussian was drawn from a uniform distribution
etween the ranges given in Table 1 , resulting in a broadly sampled
arameter space. 
While the synthetic data set ensures even coverage of morphologi-

al classes for algorithm testing, it is not necessarily representative of
he true FRB population. In real-world data sets, some morphologies
ay dominate while others are underrepresented. Such imbalances

an influence the resulting representation space, potentially biasing
achine learning algorithms toward o v errepresenting certain classes.
his is particularly rele v ant for unsupervized learning algorithms,
here the input data distribution significantly shapes the learned

epresentations. Future work could explore how real-world class im-
alances impact representation learning and algorithm performance.
he synthetic data sets currently do not include the kind of complex
urst morphologies observed at the highest S/Ns and time resolution
ata (e.g. Hewitt et al. 2023 ; Faber et al. 2024 ). 

.2 CHIME complex voltage data 

o validate the simulation framework and test our models on real-
orld data, we used complex voltage data from the CHIME FRB
roject. The CHIME/FRB catalogue provides a relatively large,
NRAS 538, 408–425 (2025) 
niform data set, which includes 140 FRBs with available channel-
zed complex voltage data. These data allow for beamforming and
oherent dedispersion, offering detailed insights into FRB structures
t high time and frequency resolution. 

The pre-processing steps for the CHIME data are as follows: 

(i) Dimensionality alignment and downsampling: FRBs vary
n duration, but machine learning algorithms often require uniform
imensions. To address this, the data were downsampled by a factor
f 2 to 32 to reduce the size while preserving the burst structure. After
ownsampling, all spectra were adjusted to a uniform size of 976
y 1024 (time by frequency bins). For shorter bursts, missing time
ins were padded with Gaussian noise that matched the statistical
roperties of neighboring bins. Longer bursts were truncated to fit
he target dimensions. 

(ii) Radio fr equency interfer ence excision: radio frequency
nterference (RFI) was remo v ed iterativ ely, and missing channels
ere filled with Gaussian noise. 
(iii) Dedispersion: data were incoherently dedispersed using

Ms from the CHIME catalogue to correct for frequency-dependent
ime delays. 

(iv) Standardization: the intensity values of each dynamic spec-
rum were standardized to have a mean of zero and a standard
eviation of one. This was done by subtracting the mean and dividing
y the standard deviation of the non-masked intensity values for each
urst. Standardization was applied after masking, dedispersion, and
imensionality alignment to ensure uniformity across the data set. 

These pre-processing steps ensured that the CHIME data were
ompatible with machine learning pipelines and could be directly
ompared to the synthetic data generated by FRBakery . 

Fig. 2 shows an example of processed complex voltage data from
 CHIME burst. 

 A L G O R I T H M S  A N D  PA R A M E T E R S  

n this study, we employ two distinct methods for dimensionality
eduction and feature extraction: PCA and a Convolutional Auto-
ncoder (CAE) enhanced with an IOB layer. 

.1 Principal component analysis 

CA is a widely used dimensionality reduction technique that trans-
orms high-dimensional data into a new coordinate system defined by
rthogonal axes, known as principal components (PCs; Jolliffe 2002 ).
hese components are ordered such that each successive component
aptures the maximum remaining variance in the data, making PCA
 powerful tool for identifying dominant patterns. The outputs of
CA include: 
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Figure 2. Dynamic spectrum of processed complex voltage data from the 
CHIME telescope plotting the total intensity (Stokes I). The bottom panel 
shows the dynamic spectrum of the FRB signal, where each row represents a 
frequency channel over time. Zapped channels, filled with characteristic noise, 
are marked with ticks on the y -axis. The top panel displays the integrated 
intensity time series, summing the signal across all frequency channels that 
were not originally zapped. 
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(i) Principal components (PCs): linear combinations of the 
riginal features that define the new coordinate system. 
(ii) Explained variance: the proportion of the total variance 

aptured by each principal component, which helps determine how 

any components are needed to ef fecti vely represent the data. 

In essence, each PC corresponds to a pattern of variability, while 
he associated explained variance quantifies its significance. For 
xample in an astronomical context, PCA can be used to identify 
ominant modes of variability in dynamic spectra or other high- 
imensional data sets. This method has pro v en v aluable in v arious as-
ronomical applications, including galaxy morphology classification 
State, Constantin & Sararu 2009 ), exoplanet atmosphere analysis 
Damiano, Micela & Tinetti 2019 ), and spectroscopic imaging of the 
nterstellar medium (Heyer & Peter Schloerb 1997 ). 

Given a set of observed d-dimensional data vectors { x n } , the
rincipal axes W j are derived from the dominant eigenvectors of 
he sample covariance matrix: 

S = 

1 

N 

N ∑ 

n = 1 

( x n − x̄ )( x n − x̄ ) T , 

here x̄ is the sample mean. These eigenvectors W j satisfy: 

S W j = λj W j , 

here λj represents the variance explained by the j th principal 
omponent. 
The projection of x n on to these principal axes yields a reduced
epresentation: 

z n = W 

T ( x n − x̄ ) , 

here W = ( W 1 , . . . , W q ), with q < d representing the number of
etained components. The proportion of variance captured by each 
omponent can be quantified as: 

xplained Variance Ratio (EVR) = 

λj ∑ d 

k= 1 λk 

. 

CA minimizes the squared reconstruction error, providing an 
ptimal linear reconstruction of the original data: 

ˆ x n = W z n + x̄ . 

his reconstruction represents the best approximation of the original 
ata x n using only the selected q principal components. 
For our application of PCA to FRB dynamic spectra, it is important

o note that these spectra are inherently two-dimensional (time and 
requency). To apply PCA, we first flattened each 2D spectrum into
 1D vector by concatenating the rows of the spectrum. This is
ecessary to transform the data into a form suitable for PCA, but
t results in the loss of spatial relationships within the original 2D
tructure. This trade-off is an inherent limitation of using PCA in
his context but allows for a systematic exploration of the dominant
odes of variability in the data. 

.2 Convolutional auto-encoder with information-ordered 

ottleneck 

eural networks are powerful computational tools inspired by the 
ay biological neurons process information (LeCun, Bengio & 

inton 2015 ). They are particularly well-suited to finding patterns 
nd relationships in complex data sets, like FRB dynamic spectra, by
earning directly from the data itself without requiring explicitly 
rogrammed rules. Within this framework, auto-encoders are a 
pecific type of neural network designed to compress data into 
 compact, lower dimensional representation (called the ‘latent 
pace’) and then reconstruct the original data from this compressed 
orm (Hinton & Salakhutdinov 2006 ). For FRB dynamic spectra, 
his means representing the comple x time-frequenc y structure in a
ay that retains essential information while discarding noise and 

edundancy. 

.2.1 Auto-encoders 

n auto-encoder consists of two main components: an encoder and 
 decoder. The encoder compresses the input data into a smaller
atent representation, while the decoder reconstructs the data from 

his compressed representation. This process forces the network to 
earn the most critical features of the input. Mathematically, the 
ncoder e φ maps the input data x ∈ X to a lower dimensional latent
epresentation z ∈ Z , while the decoder d η reconstructs the data back
nto the original space X . This can be expressed as: 

 φ : X → Z, z = e φ( x) , 
 η : Z → X , ˆ x = d η( z) , 

here φ and η are the learnable parameters of the encoder and 
ecoder, respectively, and ˆ x is the reconstructed input. 

The auto-encoder is trained by minimizing a reconstruction loss, 
hich measures the difference between the original input x and its
MNRAS 538, 408–425 (2025) 
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Figure 3. Conceptual design of the IOB. At each training step, the bottleneck 
width k is varied by masking inactive latent variables. The active variables are 
prioritized by their contribution to the reconstruction, creating a structured 
and ordered latent space. Figure taken from Ho et al. ( 2024 ). 
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econstruction ˆ x . The most common reconstruction loss is the mean
quared error (MSE): 

 reconstruction = 

1 

N 

N ∑ 

i= 1 

‖ x i − ˆ x i ‖ 2 , 

here N is the number of elements in the data set. 
The key idea of an auto-encoder is to pass the input through a

ottleneck layer (the latent space) where the network is forced to
ompress the information into a much smaller number of variables.
his encourages the network to retain only the most important

eatures of the input while discarding noise and less rele v ant
nformation. 

.2.2 Convolutional auto-encoders 

 CAE extends this concept by using convolutional layers in
he encoder and decoder, which are particularly well-suited for
tructured data like images or dynamic spectra (Masci et al. 2011 ).
onvolutional layers apply filters across the input to detect patterns,

uch as edges, textures, or frequency trends, at different spatial
cales. These filters allow the network to efficiently capture spatial
ependencies in the data, which is convenient for FRB dynamic
pectra because they contain both time and frequency information
nd can ef fecti vely be treated as an image. 

In the encoder , con volutional layers progressively reduce the spa-
ial dimensions of the input data while increasing the feature depth,
ompressing the data into a lower dimensional latent representation.
n the decoder, transposed convolutional layers perform the opposite
peration, reconstructing the data back to its original dimensions. 
The goal of the CAE is to compress the dynamic spectra into

 small set of numbers (the latent variables) in a way that retains
he essential information needed to reconstruct the original input.
his is particularly valuable for FRB analysis because it allows
s to represent complex bursts in a compact, interpretable format.
y feeding the dynamic spectra through this bottleneck, the CAE
an more ef fecti vely separate important features from noise and
edundancies. 

Auto-encoders and CAEs are commonly used for tasks like noise
emo val, feature e xtraction, and dimensionality reduction, making
hem a natural choice for analysing the high-dimensional, structured
ata associated with FRBs (Masci et al. 2011 ; Krizhe vsky, Sutske ver
 Hinton 2012 ; LeCun et al. 2015 ). Ho we ver, traditional auto-

ncoders often produce latent spaces that are unstructured and
ifficult to interpret, which is why we enhance our CAE with the
OB layer. 

.2.3 Information-or der ed bottleneck 

he IOB addresses these limitations by adaptively compressing data
nd prioritizing the most important features in the latent space. This
s achieved by dynamically varying the size of the bottleneck during
raining and ordering the latent variables by their contribution to the
econstruction. 

In the IOB framework, an additional bottleneck function b k is
ntroduced, which masks the latent space z ∈ Z to a dimensionality
 (where k ≤ dim ( Z)). This creates an adjustable latent space during
raining. For a bottleneck of size k, the mapping becomes: 

 

( k) 
θ ( x) = d η( b k ( e φ( x))) , 

here f ( k) 
θ is the model with a bottleneck width of k, and θ = { φ, η}

re the learnable parameters of the model. 
NRAS 538, 408–425 (2025) 
.2.4 Conceptual design of IOB 

ig. 3 illustrates the conceptual design of the IOB. During training,
he bottleneck width k is incrementally varied, with only the first
 latent variables being active. Latent variables beyond this width
re masked, meaning they contribute no information and do not
ropagate gradients. This encourages the network to maximize
he information passed through the top latent variables, which are
pen and active. As training progresses, this adaptive mechanism
rders the latent variables by their contribution to the reconstruction,
esulting in a compact and interpretable latent space. 

This iterative process ensures that the most reliable pathways
re used for reconstruction, allowing the IOB to create an efficient
epresentation of the data. The resulting latent space is both structured
nd compact, where the top latent variables capture the most critical
nformation about the input data. 

.2.5 Structure of the CAE with IOB 

he architecture of the CAE with the IOB layer is depicted in 
ig. 4 . The CAE consists of three main components: an encoder, the
OB layer, and a decoder. Each component was carefully designed
o ef fecti vely process and compress the dynamic spectra while
reserving essential spatial and temporal features. 
Encoder: the encoder processes the input dynamic spectrum,

hich was initially downsampled to a resolution of 256 × 128 (time-
requenc y), and progressiv ely compresses it into a lower dimensional
atent representation. It consists of two convolutional layers, each
ollowed by a rectified linear unit (ReLU) activation function and
ax-pooling. The convolutional layers reduce the spatial size while

ncreasing feature depth to capture hierarchical patterns in the data. 

(i) Layer 1: 

(a) 2D convolutional layer with: 

(1) Kernel size: 3 × 3, 
(2) Stride: 2, 
(3) Padding: 1. 

(b) Followed by ReLU activation and a 2 × 2 max-pooling
layer. 

(c) Output size: 128 × 64. 

(ii) Layer 2: 

(a) 2D convolutional layer with: 

(1) Kernel size: 3 × 3, 
(2) Stride: 2, 
(3) Padding: 1. 
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Figure 4. Structure of the CAE with the IOB layer. The encoder compresses the input data, the IOB layer refines the latent representation by adaptively ordering 
latent variables, and the decoder reconstructs the input from the refined latent space. 
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(b) Followed by ReLU activation and a 2 × 2 max-pooling 
layer. 

(c) Output size: 64 × 32. 

After the second convolutional layer, the output feature map is 
attened into a 1D vector of size 4096. This vector is then passed

hrough a fully connected (dense) layer with ReLU acti v ation, which
educes it to the latent size required by the IOB layer. 

IOB: the IOB layer processes the latent representation produced 
y the encoder. It adaptively compresses the data by ordering and 
asking latent variables based on their contribution to reconstruc- 

ion, as described in Section 3.2.3 . 
Decoder: the decoder reconstructs the original input from the com- 

ressed latent representation, mirroring the structure of the encoder. 
sing transposed convolutional layers, it progressively upsamples 

he latent space back to the original input dimensions (1024 × 512). 
pecifically, the decoder includes transposed convolutional layers 
ith the same kernel size, stride, and padding as the encoder’s 

onvolutional layers but applied in reverse. 
Ar chitectur e selection: the CAE architecture was chosen through 

terativ e e xperimentation. Starting with a simple design, we gradually 
dded complexity by adjusting the number of layers, kernel sizes, 
nd latent space dimensions, monitoring the reconstruction loss. The 
nal configuration strikes a balance between reconstruction accuracy 
nd computational efficiency. We found that deeper architectures 
id not yield significant impro v ements and often led to o v erfitting.
he ReLU acti v ation function was selected due to its computational
fficiency and widespread success in convolutional networks for 
imilar applications. 

.2.6 Training the CAE with IOB 

he training process aims to optimize the parameters of the CAE
ith the IOB to ensure the model learns how to accurately compress

nd reconstruct dynamic spectra. This is achieved by minimizing 
 reconstruction loss, which quantifies the difference between the 
riginal input spectrum and its reconstruction. The MSE is used as
he loss function. 

To optimize the model, we use the Adam optimizer (Kingma & Ba
017 ), a commonly used algorithm in machine learning that adjusts
he learning rate for each parameter dynamically. 

To prev ent o v erfitting, we employ an early stopping mechanism.
arly stopping monitors the reconstruction loss on a test data set that

s not used during training. If the test loss does not impro v e for 20
onsecutive epochs, training is halted. This approach helps the model 
eneralize well to unseen data, ensuring that it learns meaningful 
atterns rather than memorizing noise or redundant features (Prechelt 
998 ; Ying 2019 ). 
By combining these techniques, the CAE with IOB is trained to

roduce a structured and interpretable latent space. This latent space 
rganizes the most critical features of the input spectra, enabling 
urther analysis, such as clustering or visualizing FRB morphologies, 
hile retaining essential information from the original data. 

 SIMULATION-BA SED  ANALYSI S  

.1 Reconstruction performance and quality 

e applied both PCA and the IOB–CAE to the simulated dynamic
pectra to compare their performance in reconstructing FRB signals. 
o e v aluate reconstruction performance, we calculated the MSE as a
unction of the number of components or latent variables used. 

The MSE was chosen as the e v aluation metric because it quantifies
he average squared difference between the original and recon- 
tructed data, providing a direct measure of reconstruction accuracy. 
 lower MSE indicates that the reconstructed data closely resembles 

he original input, reflecting the model’s ability to capture and retain
ssential features of the FRB signals. Conversely, a higher MSE 

uggests that important features were not adequately preserved, 
eading to poor reconstruction. 

This metric is particularly useful for comparing dimensionality 
eduction methods, such as PCA and the IOB–CAE, as it allows us
o assess how effectively each method compresses and reconstructs 
ata. By observing the behaviour of MSE as a function of the number
f components (for PCA) or latent variables (for the IOB–CAE), 
e can e v aluate ho w ef ficiently each method balances compression

nd reconstruction quality. For example we expect the MSE to 
ecrease as more components or latent variables are added, since the
odels should capture increasing amounts of information. Ho we ver, 
 plateau in MSE indicates that adding more components or variables
o longer provides significant impro v ements, suggesting an optimal 
umber for reconstructing or that the model has reached a limit in
omplexity that it can ef fecti vely reconstruct. 

The data set was divided into an 80/20 split for training and testing.
or the IOB–CAE, the model was trained on the 80 per cent training
et, and its performance was assessed on the 20 per cent test set.
or PCA, the PCs were derived from the training set and then used

o reconstruct the test set for e v aluation. This approach ensures a
air comparison between the methods by assessing their ability to 
eneralize to unseen data. 
MNRAS 538, 408–425 (2025) 
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M

Figure 5. Comparison of reconstruction performance for PCA and IOB–CAE. The left panel shows the MSE as a function of the number of PCA components, 
with decreasing MSE indicating impro v ed reconstruction accurac y. The right panel illustrates MSE as a function of bottleneck width (number of latent variables) 
for the IOB–CAE, showing how the reconstruction error stabilizes as the bottleneck width increases. 
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Fig. 5 (a) shows the MSE as a function of the number of PCA
omponents. For PCA, the MSE steadily decreases with an increasing
umber of components. The most significant impro v ements occur
ith the first few components, which capture the bulk of the variance

n the data, explaining the broad structure of the dynamic spectra.
s more components are added, the reduction in MSE levels off.
his behaviour is expected, as subsequent components account for
rogressively smaller scale details. The plateau in MSE indicates that
CA’s ability to impro v e reconstruction diminishes with additional
omponents. 

Despite the steady decline in MSE shown in Fig. 6 (a), PCA
truggles to reconstruct more complex bursts, such as scattered,
omplex, and drifting types. The three lines with the highest MSE in
he plot correspond to these more intricate burst classes, emphasizing
CA’s difficulty in encoding their detailed structures. This limitation
rises because PCA captures variance in a linear manner, which
orks well for simpler signals but is insufficient for the non-linear
atterns characteristic of complex FRB bursts. 
F or e xample, while the MSE for simpler classes, such as Simple

road and Simple Narrow, drops quickly with the addition of
omponents, the more complicated bursts show a much slower
ecline in MSE and remain significantly higher o v erall. This in-
icates that even as more components are added, PCA fails to
dequately capture the intricate features of these complex bursts.
ost of the initial components in PCA focus on global variance,
hich is often dominated by noise. As a result, the detailed signal

nformation necessary to distinguish between burst types is either
nderrepresented or lost entirely. 
These limitations are further reflected in the reconstruction plots

n Fig. 6 (a). This figure provides a qualitative comparison of
he original bursts and their reconstructions using PCA with 14
omponents, the point at which the MSE begins to flatten. PCA
f fecti vely reconstructs simpler bursts, such as Simple Broad and
imple Narrow, capturing their widths in time and frequency band
ositions. Ho we v er, as burst comple xity increases – for example in
cattered and Complex types (rows 3 and 4) – the reconstructions
eviate significantly from the originals. The PCA reconstructions for
omplex bursts lack the finer details needed to fully represent their
tructures and show artifacts in the reconstructions, underscoring
he limitations of a linear dimensionality reduction method. This
ualitative assessment aligns with the quantitative trends observed
n Fig. 5 (a), where the MSE for scattered, complex, and drifting bursts
NRAS 538, 408–425 (2025) 
emains significantly higher than that for simpler bursts. Together,
hese results show that while PCA is sufficient for reconstructing
road, simple features, it fails to preserve the intricate, non-linear
haracteristics of more complicated FRB signals, making it less
f fecti ve for analysing their full complexity. 

The IOB–CAE, in contrast, displayed significantly better perfor-
ance in reconstructing FRB bursts, particularly the more complex

nes. Fig. 5 (b) shows the MSE as a function of the latent bottleneck
idth. Similar to PCA, the MSE steadily decreases as the number
f latent variables increases, but the trend is strikingly different. The
OB–CAE shows a much steeper initial decline in MSE, indicating
hat it captures the essential features of the input data more efficiently,
articularly for complex bursts. This trend contrasts sharply with
he slower and more gradual decline seen in Fig. 5 (a) for PCA,
here more components are needed to achieve similar levels of

econstruction quality. 
The plateau in the MSE for the IOB–CAE, which occurs at

round 6–8 latent components, suggests that this small number is
ufficient to encode both global structures and fine-grained details
f the FRB bursts. In comparison, PCA requires significantly more
omponents to achieve a comparable MSE, reflecting its limitations
n handling non-linear dependencies. This steep decline and early
tabilization of the MSE in the IOB–CAE highlight its e xpressiv e
ower and efficiency in compressing information, even for complex
nd scattered bursts. 

To support these observations, it is crucial to compare the
econstruction plots directly. As shown in Fig. 6 (b), the IOB–
AE reconstructions preserve both the global structure and intricate

eatures of complex bursts, such as drifting and scattered types, which
re more accurately represented than in the PCA reconstructions
Fig. 6 a). This qualitativ e impro v ement aligns with the quantitativ e
rends: while PCA struggles to capture the fine details necessary
or reconstructing these burst types, the IOB–CAE demonstrates its
apacity to handle these challenging features more ef fecti vely. 

An important consideration here is the role of noise in the MSE
alues. F or man y spectra in the data set, the bins containing only
easurement noise outnumber the bins containing FRB signal by
 v er an order of magnitude. Since the MSE sums deviations across
ll bins, algorithms that are good at reconstructing noise can achieve
imilar MSE values even if their ability to reconstruct signal differs
ubstantially. This is particularly rele v ant for PCA, whose linear
pproach often prioritizes capturing global variance, but may struggle
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Figure 6. Comparison of PCA and IOB–CAE reconstructions for different FRB burst classes (Simple Broad, Simple Narrow, Scattered, Complex, and Drifting). 
Each row corresponds to a burst category, with three columns displaying the original burst, the reconstructed burst, and the difference between the original 
and reconstructed bursts. For PCA (left panel), reconstructions were performed using 14 components, as the explained variance plateaued at this value. For 
IOB–CAE (right panel), reconstructions were performed using a bottleneck width of 14, providing a comparable dimensionality for both methods. 
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o encode finer burst structures when noise dominates the data 
et. In contrast, the IOB–CAE’s non-linearity allows it to encode 
 broader range of data properties, including those encapsulating 
urst structures, leading to better reconstructions o v erall. Rather 
han simply optimizing for variance, the IOB–CAE can learn to 
epresent complex features of the bursts more ef fecti vely. Thus,
eyond the absolute MSE score of a given model, we are interested
n tw o k ey aspects: (1) how quickly the MSE decreases as the
umber of components or latent variables increases, and (2) the 
ifferences in MSE trends between different burst classes. The IOB–
AE achieves both objectives more effectively than PCA, as evident 

n Fig. 6 (b). The steeper MSE decline and earlier plateau reflect
ts superior ability to compress and reconstruct data, while the 
econstruction plots confirm its robustness in handling diverse burst 
omplexities. 

Together, these results demonstrate that the IOB–CAE not only 
inimizes MSE more efficiently than PCA but also retains more 

ritical information about complex bursts. Its ability to accurately 
econstruct a wide range of burst types underscores its advantage 
 v er PCA, particularly for analyzing FRB signals dominated by noise

nd non-linear features. 

l  
 E X T E N D I N G  TO  R E A L  DATA  

.1 Latent space r epr esentation 

o e v aluate ho w well the IOB–CAE and PCA capture the rela-
ionships between simulated and real FRB bursts, we trained both 
ethods on a combined data set of simulated FRBs and real CHIME

omplex voltage data bursts. The simulated bursts were generated 
o closely resemble CHIME data by matching dynamic range, 
oise levels, burst complexity, and data structure. Specifically, we 
ncorporated the effects of RFI zapping observed in the CHIME 

ata, where certain frequency channels containing excessive noise 
r interference were flagged and excluded from the analysis. These 
apped channels, which created gaps in the frequency spectrum, 
ere replicated in the simulations to ensure consistency with the 

eal CHIME data. Additionally, the simulated bursts were adjusted 
o match the dimensionality of the CHIME data, accounting for the
ame frequency and time resolutions. 

The combined data set was split into 80 per cent training data
nd 20 per cent test data. Both simulated and real CHIME bursts
ere included in the training set, ensuring that the model could

earn shared features from both types of data. The test set was used
MNRAS 538, 408–425 (2025) 
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Figure 7. First five components of the latent space for the convolutional auto-encoder with IOB using both simulated and real CHIME bursts. Different labels 
represent different classes. 
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o e v aluate the generalization ability of both methods to unseen

ursts. For PCA, the components were derived from the training
et, and reconstructions and latent space projections were performed
n the test set. This approach ensured that the training and e v aluation
rocesses accurately reflected the real data’s characteristics, allowing
or a robust comparison of the methods’ performance in capturing
hared structures between simulated and real FRB bursts. 

The IOB–CAE latent space representation reveals initial patterns
f separation for certain morphology classes, though further refine-
ent is anticipated as additional real bursts are incorporated into

he data set. While the coordinates in the IOB–CAE latent space
NRAS 538, 408–425 (2025) 
ack inherent physical meaning, bursts that are closer to one another
end to share more similarities, indicating that the model captures
hared features across the data set. Simpler morphology classes,
uch as Simple Broad and Simple Narrow, exhibit tighter grouping
n this latent space, as seen in Fig. 7 , while more complex classes
ike Scattered, Drifting, and Comple x tend to o v erlap, forming
 continuum rather than distinct clusters. This aligns with the
econstruction trends observed in Section 4 , where simpler bursts
ere reconstructed more accurately than their complex counterparts.
Notably, the simpler narrow-band CHIME bursts align well with

heir simulated counterparts in the IOB–CAE latent space (blue
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Figure 8. First five components of PCA using both simulated and real CHIME bursts. Different labels represent different classes. 
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oints in Fig. 7 , particularly in dimensions analogous to PC1 and
C2). This suggests that the IOB–CAE ef fecti vely captures the 
ssential features required for differentiating these FRBs. As more 
eal bursts are added to the training set, we anticipate further
mpro v ements in class separability, especially for more complex 
ursts where o v erlap currently remains pre v alent. 

Interestingly, the PCA latent space (Fig. 8 ) exhibits slightly more 
tructure compared to the IOB–CAE representation. For example 
he narrow-band CHIME bursts (black points) cluster closely with 
imulated narrow bursts in PC1 versus PC2 space, suggesting that 
CA can identify shared features between real and simulated data 

n the most significant components. PCs for simpler classes show 
ighter clustering, and there is some separation between classes with 
istinct morphology, particularly in PC3 and PC4. Ho we ver, much
ike the IOB–CAE, PCA forms a continuum for the majority of bursts,
ith many ending up in the denser bulk regions of the space. Without

olour-coding, the boundaries between classes would remain difficult 
o distinguish. This continuum may reflect both the intrinsic diversity 
f the FRB population parameters and the nature of the dynamic
pectra in pix el space. F or e xample in pix el space, there can be a
atural progression from narrow-band to drifting bursts, as well as 
 wide range of features from narrow to broad bursts (as illustrated
n Fig. 1 ). The distinction between ‘broad’ and ‘narrow’ bursts is
nherently somewhat arbitrary, suggesting that observed overlaps in 
MNRAS 538, 408–425 (2025) 
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atent space are a natural outcome of this continuum in the data. This
ontinuum may also indicate that the underlying processes go v erning
he FRB population share o v erlapping characteristics rather than
orming discrete clusters. 

It is notable that neither method identified complex bursts as
lear outliers. Instead, complex bursts often blended into the bulk
f the latent space, likely due to their less accurate reconstruction
Section 4 ). This is evident in the PCA latent space (Fig. 8 ), where
omplex bursts overlap significantly with other classes, and in the
OB–CAE space (Fig. 7 ), where the same trend is observed. This
uggests that reconstruction quality plays a role in shaping the latent
pace structure, with simpler, better -reconstructed b ursts forming
ighter clusters and complex bursts contributing to the continuum. 

These results highlight the importance of gathering additional
eal data to better understand the latent space dynamics. Expanding
he data set size and incorporating more real bursts could reveal
hether the observed continuum persists or evolves into more distinct
roupings, particularly for complex bursts that currently exhibit
ignificant o v erlap with other classes. 

.2 Outlier detection with PCA 

he analysis of latent spaces not only provides insights into the
 v erall structure and relationships between bursts but can also high-
ight anomalous patterns that may signify outliers. Building on the
bservations from the latent space representations, we applied PCA
irectly to the CHIME data set, without integrating simulated bursts,
o explore whether this dimensionality reduction technique could
nco v er previously hidden structures and detect bursts with unusual
eatures. By leveraging PCA’s ability to project high-dimensional
ata into a lower dimensional space, we aimed to identify outliers
ased on their deviations in the reduced feature space. A similar
pproach was not applied using the IOB–CAE, as the CHIME data
et alone provides too little data to ef fecti vely train the non-linear
odel without incorporating simulated bursts, limiting its ability to

eneralize. 
Using an interactive visualization tool, 4 we explored the PCs

btained from PCA, where each burst is projected on to the
rst two principal components. This approach enabled an intuitive
xamination of individual bursts and facilitated the identification of
utliers. 
Fig. 9 shows the results of this analysis, where bursts are projected

n to the first two PCs of the reduced feature space. Several
ursts stand out as outliers, exhibiting significant deviations in
oth the first and second PCs (PC1 and PC2), suggesting unusual
eatures in their dynamic spectra. The most prominent outliers
nclude FRB 20190417C, FRB 20190423A, FRB 20190303B, FRB
0190624B, FRB 20190411C, FRB 20190617A, FRB 20190618A,
RB 20190425A, and FRB 20190323B. 
Interestingly, many of these outliers correspond to bursts with
ore complex morphologies, including multiple components or

ignificant scattering tails, setting them apart from the majority of
ursts, which cluster in the low PC1 and PC2 regime and exhibit
impler, single-component, Gaussian-shaped structures. As shown in 
ig. 10 , these outliers display diverse temporal and spectral struc-

ures, reinforcing the idea that PCA is not only ef fecti ve in identifying
tatistical anomalies but also in revealing physically distinct burst
orphologies within the data set. 
NRAS 538, 408–425 (2025) 

 The code for the visualization tool can be found at: https://github.com/ 
RON- API- DataMagic/Rep Learn FRB/tree/main/FRBakery . 

 

s  
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a  
To further investigate these anomalies, we examined the dynamic
pectra of the identified outliers (Fig. 10 ). This revealed that some
ursts, such as FRB 20190417C and FRB 20190423A, exhibited
hannelization artefacts – spurious features introduced by the in-
trument’s response and data processing pipeline. These artefacts,
hich appeared as sweeping stripes across the dynamic spectrum,

re present to some degree in all bursts but become visually apparent
rimarily in the brightest ones. If not properly identified, such
rtifacts could mislead interpretations of the bursts. 

The results demonstrate that PCA is ef fecti ve in detecting outliers
nd highlighting anomalous features in large data sets, which might
therwise be missed through manual inspection. Importantly, PCA
as identified bursts with complex astrophysical structures, such as
ultiple components or significant scattering, which differentiate

hem from the more common single-component Gaussian bursts.
he inclusion of multiple outliers strengthens the conclusion that
CA serves as a useful tool for both exploratory data analysis and
strophysical burst classification, enabling systematic identification
f unusual bursts and potential instrumental effects. 

.3 IOB–CAE reconstruction 

uilding on the limitations observed in PCA reconstructions (Sec-
ion 4 ), we turn to the IOB–CAE to e v aluate its ability to reconstruct
oth simulated and real CHIME bursts, including their complex
orphologies and realistic noise characteristics. 
Fig. 11 illustrates the qualitative reconstruction progression of the

OB–CAE for various burst classes, with a particular focus on its
bility to generalize to real CHIME bursts. Starting with a single
atent variable, the reconstructions produce generalized and blurred
ersions of the bursts, similar to PCA with very few components. In
his regime, the model lacks sufficient latent dimensions to encode
etailed information, resulting in reconstructions that capture only
he most basic global properties of the bursts, such as average
ntensity and coarse morphology. This explains why the second
olumn appears similar across different burst classes; at this stage,
he IOB–CAE focuses only on representing the dominant, low-
esolution features common to all bursts, such as their general energy
istribution. 
As the number of latent variables increases, the reconstructions

rogressiv ely impro v e, capturing ke y features such as frequenc y
ocations, burst shapes, and finer structures. By the third column
two latent variables), the reconstructions begin to exhibit subtle
istinctions between burst classes, though some o v erlap remains due
o the model’s focus on high-level structural features. Most of the
ssential details are ef fecti vely reconstructed by five latent variables,
hile reconstructions with ten latent variables closely resemble the
riginal bursts across all types. 
The reconstructions in Fig. 11 also demonstrate the IOB–CAE’s

obustness in denoizing bursts, even at realistic signal-to-noise (S/N)
evels. Noise, which often dominates FRB observations, is effectively
ltered out while preserving the core signal characteristics. This is
vident in the bottom row of Fig. 11 , which shows reconstructions of
HIME bursts. Despite the limited number of real CHIME bursts

elative to the simulated data set, the IOB–CAE captures their
nderlying structure with notable accurac y. F or e xample narrow-
and CHIME bursts are reconstructed with high fidelity, emphasizing
he model’s ability to generalize across diverse data sources. 

Notably, the IOB–CAE excels at handling complex morphologies,
uch as scattered and drifting bursts, where PCA tends to fail. This
apability is especially important when working with real-world data,
s it ensures that even intricate features of FRBs are preserved during

https://github.com/SRON-API-DataMagic/Rep_Learn_FRB/tree/main/FRBakery
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Figure 9. PCA visualization of the CHIME bursts, highlighting multiple outliers. The first two principal components are shown, with the most significant 
outliers labelled for further analysis. Many of these outliers e xhibit comple x burst structures, such as multiple components or scattering tails, in contrast to the 
more typical one-component Gaussian bursts that cluster in the low PC1 and PC2 region. 
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econstruction. Additionally, the IOB–CAE’s ability to retain key 
eatures with relatively few latent variables highlights its efficiency 
n balancing compression and reconstruction quality. 

These results underscore the superiority of the IOB–CAE in 
econstructing FRB signals, particularly when applied to real-world 
ata like CHIME bursts. As more real bursts are incorporated into 
he training set, we anticipate further impro v ements in the model’s
bility to generalize. 

 C O N C L U S I O N S  A N D  O U T L O O K  

his study investigated the use of both traditional dimensionality 
eduction (PCA) and deep learning techniques (specifically, an IOB- 
ugmented convolutional auto-encoder) for analysing FRB dynamic 
pectra. Through PCA, we conducted an initial exploration of the 
RB data, examining separability among burst types and identifying 
utliers. Although PCA provided useful insights, its limitations 
n handling complex, non-linear structures became apparent. In 
ontrast, the IOB–CAE model more ef fecti vely captured these 
ntricate patterns, demonstrating impro v ed signal fidelity and feature 
epresentation. Below is a summary of our findings and directions 
or future work. 

.1 Conclusions 

(i) PCA as a baseline for initial exploration : PCA served as a
aluable tool for initial data exploration, offering a straightforward, 
omputationally efficient method to assess broad trends and sep- 
rability in the data set. It successfully captured simple structural 
eatures and enabled ef fecti ve outlier detection, which is crucial for
anaging large, diverse data sets. However, the limited dimension- 

lity and linear nature of PCA restricted its ability to reconstruct
omplex burst types accurately. PCA’s utility could extend further 
ith larger data sets, especially for identifying potential trends or 

nomalies at scale. 
(ii) Enhanced reconstruction with IOB–CAE : the IOB- 

ugmented CAE achieved high reconstruction quality across both 
imple and complex FRB types, significantly outperforming PCA in 
apturing the nuanced, non-linear structures of complex bursts. The 
OB layer enabled efficient data compression by prioritizing essential 
nformation, allowing accurate reconstructions with a minimal num- 
er of latent variables. This result highlights the model’s capability to
reserve critical signal features, even in complex burst morphologies. 
mportantly, the IOB–CAE generalized well to real CHIME bursts, 
emonstrating its ability to capture key shared features despite the 
maller sample size of real data. 

(iii) Effecti v e denoizing and signal fidelity : the IOB–CAE 

emonstrated robust denoizing capabilities, even at realistic S/N, 
roducing clearer and more accurate representations of the original 
ursts as latent variables increased. This capability is particularly 
otable given the relatively small data set of ∼5000 simulated bursts
sed for training. While this data set size highlights the feasibility
f applying deep learning methods to current FRB catalogues, it 
lso underscores the potential for impro v ed performance with larger,
ore diverse data sets. Incorporating additional real and simulated 

ata could enhance the model’s ability to adapt to complex variations
nd subtle features. 

(iv) Latent space insights and generalization : initial separability 
bserved in the IOB–CAE’s latent space suggests that the model 
MNRAS 538, 408–425 (2025) 
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Figure 10. Dynamic spectra of the nine identified outliers from the CHIME data set, showing unusual spectral characteristics. Some of these bursts exhibit 
complex morphology, including multiple components or pronounced scattering tails, while others, such as FRB 20190417C and FRB 20190423A, display 
channelization artefacts, visible as sweeping stripes across frequency channels. This highlights the importance of robust outlier detection methods for both 
astrophysical classification and instrumental artefact identification. 
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an capture intrinsic differences between FRB types. However, the
bserved continuum of burst morphologies within the latent space
uggests that FRBs may not naturally form discrete clusters, but
nstead e xhibit o v erlapping characteristics. This continuum aligns
ith the current understanding of FRB diversity and morphology.
urthermore, future work could explore the use of latent space
tructures to study differences between repeaters and non-repeaters,
roviding additional insights into FRB populations. 
NRAS 538, 408–425 (2025) 
In summary, the combination of PCA for preliminary exploration
nd IOB–CAE for detailed reconstruction provides a compre-
ensi ve frame work for FRB signal analysis, balancing ef ficiency,
nd detail preserv ation. PCA of fered a useful starting point, par-
icularly for outlier detection and simple structure identification,
hile the IOB–CAE excelled in capturing the complex, non-

inear features necessary for a nuanced understanding of FRB
orphologies. 
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Figure 11. Reconstruction quality of IOB–CAE using real CHIME bursts. Each row represents a different burst type (Simple Broad, Simple Narrow, Scattered, 
Complex, Drifting and CHIME). The first column shows the original CHIME bursts, while each subsequent column shows reconstructions with an increasing 
number of latent variables (from 1 to 10). 
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.2 Outlook 

(i) Expansion with larger and more diverse data sets : as 
RB data sets grow in volume and diversity, notably with new 

HIME/FRB catalogue releases, the robustness of both PCA and 
OB–CAE should be reassessed on these larger data sets. Increasing 
he number of training examples could enhance both methods’ ability 
o generalize, particularly for the IOB–CAE, which may impro v e 
e

ts latent space organization and class separability. Furthermore, 
he gro wing av ailability of data of fers an opportunity to explore
ifferences between FRB repeaters and non-repeaters using latent 
pace representations. 

(ii) Incor porating adv anced FRB models : expanding the FR- 
akery simulation tool to encompass more complex morphologies, 
uch as intricate frequency-time variations and microstructure, will 
nable more realistic training for the auto-encoder. These enhance- 
MNRAS 538, 408–425 (2025) 
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ents will introduce significantly higher dimensionality, as capturing
ne temporal structures will require considerably more data points.
or instance, if a burst lasts for 10 ms and exhibits structure on
 μs time-scales, at least 10 000 time bins would be necessary to
ully resolve the burst. Handling this increased dimensionality will
e essential for the IOB–CAE to ef fecti vely adapt to the diversity
xpected in future FRB observations. 

(iii) Alternati v e loss functions for impro v ed reconstructions :
nv estigating alternativ e loss functions, such as the Structural Sim-
larity Index (SSIM) (Wang et al. 2004 ), may further impro v e the
OB–CAE’s ability to preserve structural details, potentially leading
o better reconstructions and denoizing performance. Such enhance-
ents could also impro v e model interpretability by maintaining

ssential features of the bursts. 
(iv) Latent space interpretability and regularization : inter-

reting the latent space is essential for understanding the features
aptured by deep learning models. Future work could incorporate
echniques such as those presented in Lucie-Smith, Despali &
pringel ( 2024 ). This approach involves an interpretable variational
ncoder (Kingma & Welling 2019 ) that returns the independent
actors of variation within the latent space, providing insights into the
odel’s decision-making process. By identifying and understanding

hese factors, we could gain deeper insights into what the latent
omponents physically represent. 

(v) Leveraging simulated and real data synergy : while the
urrent study demonstrates the feasibility of combining real and
imulated data, further exploration into how the interplay between
hese data sets affects latent space organization and reconstruction
uality will be critical. Specifically, identifying whether simulated
ursts bias the latent space structure or whether real bursts anchor
he latent space to observed FRB morphologies will provide valuable
nsights for designing future training data sets. 
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