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Discovery of Bimodal Drift Rate Structure in FRB 20240114A:
Evidence for Dual Emission Regions
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ABSTRACT

We report the discovery of bimodal structure in the drift rate distribution of upward-drifting burst
clusters from the hyperactive repeating fast radio burst FRB 20240114A. Using unsupervised machine
learning (UMAP dimensionality reduction combined with HDBSCAN density-based clustering) applied
to 233 upward-drifting burst clusters from the FAST telescope dataset, we identify a distinct subpop-
ulation of 45 burst clusters (hereafter Cluster C1) with mean drift rates 2.5x higher than typical
upward-drifting burst clusters (245.6 vs 98.1 MHz/ms). Gaussian mixture modeling reveals strong evi-
dence for bimodality (ABIC = 296.6), with clearly separated modes (Ashman’s D = 2.70 > 2; Ashman
et al. 1994) and a statistically significant gap in the distribution (11.3¢). Crucially, we demonstrate
that this bimodality persists when restricting the analysis to single-component (U1) burst clusters only
(ABIC = 19.9, Ashman’s D = 2.71), confirming that the result is not an artifact of combining single-
and multi-component burst clusters with different drift rate definitions. The extreme-drift subpopula-
tion also exhibits systematically lower peak frequencies (—7%), shorter durations (—29%), and distinct
clustering in multi-dimensional feature space. These findings are suggestive of two spatially
separated emission regions in the magnetosphere, each producing upward-drifting burst
clusters with distinct physical characteristics, although confirmation requires observa-

tions from additional epochs and sources.
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1. INTRODUCTION

Fast radio bursts (FRBs) are millisecond-duration ra-
dio transients of extragalactic origin (Lorimer et al.
2007; Thornton et al. 2013), whose physical mechanism
remains debated (Petroff et al. 2022). The discovery
of repeating FRBs (Spitler et al. 2016) has enabled de-
tailed morphological studies of individual sources, re-
vealing complex time-frequency structure including sub-
burst drift rates (Hessels et al. 2019), spectro-temporal
correlations (Rajabi et al. 2020; Chamma et al. 2023),
and diverse morphological classes (Pleunis et al. 2021;
CHIME/FRB Collaboration 2021).

FRB 20240114A, discovered in January 2024, ex-
hibits an exceptionally high burst rate, making it an
ideal laboratory for statistical studies of burst prop-
erties. Recent work by Zhang et al. (2026) classified
978 drifting burst clusters from FRB 20240114A into
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upward-drifting (23.8%) and downward-drifting (76.2%)
populations based on their sub-burst drift rates, us-
ing data obtained with the Five-hundred-meter Aper-
ture Spherical Telescope (FAST). They further clas-
sified burst clusters by internal morphology: single-
component (Ul1/D1), double-component (U2/D2), and
multi-component (Um/Dm), where the drift rate def-
inition differs between these categories—for single-
component burst clusters it characterizes the intrin-
sic frequency-time evolution, while for double/multi-
component burst clusters it reflects the relative sepa-
ration between sub-bursts.

Their analysis found systematic differences be-
tween upward- and downward-drifting popula-
tions (defined using consecutive time intervals)
using Kolmogorov-Smirnov tests, though such
differences do not necessarily hold for burst
clusters defined with intermittent time intervals
(Zhang et al. 2026). Each drift-direction class
was treated as internally homogeneous.
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In this paper, we apply unsupervised machine learn-
ing to search for hidden substructure within these mor-
phological classes. We discover that the upward-drifting
population contains two statistically distinct subpopu-
lations, and demonstrate that this bimodality persists
even when restricting to single-component burst clus-
ters alone, ruling out definitional artifacts.

2. DATA AND METHODS
2.1. Dataset

We analyze the publicly available FRB 20240114A
Morphology Dataset (Zhang et al. 2026), containing
978 burst clusters with measurable drift rates observed
by FAST on 2024 March 12. For each burst cluster,
we extract eight physical features: bandwidth, effective
width, peak frequency, drift rate, energy, flux, signal-to-
noise ratio, and center frequency. As noted by Zhang
et al. (2026), the 233 upward-drifting burst clusters
comprise 142 single-component (U1; 60.9%), 86 double-
component (U2; 36.9%), and 5 multi-component (Um;
2.1%) burst clusters.

We note that the tabulated features (bandwidth, effec-
tive width, peak frequency, energy, flux, S/N, and center
frequency) in the morphology table correspond to a rep-
resentative burst within each burst cluster, while only
the first seven columns are defined at the burst cluster
level (Zhang et al. 2026). Our analysis uses the burst
cluster-level quantities as provided in the public release.

2.2. Unsupervised Clustering

We apply a two-stage unsupervised learning pipeline:

1. Dimensionality Reduction: We use Uni-
form Manifold Approximation and Projection (UMAP;
MclInnes et al. 2018) to project the 8-dimensional
feature space to 2D while preserving local structure
(n_neighbors=15, min_dist=0.1).

2. Density-Based Clustering: We apply Hier-
archical Density-Based Spatial Clustering of Applica-
tions with Noise (HDBSCAN; Campello et al. 2013)
to identify natural groupings (min_cluster_size=15,
min_samples=5).

2.3. Bimodality Testing

To verify that identified clusters represent discrete
populations rather than continuous variation, we apply:

o Gaussian Mixture Model (GMM) comparison us-
ing the Bayesian Information Criterion (BIC),
where ABIC > 10 indicates strong evidence for
the more complex model

e Ashman’s D statistic for mode separation (Ash-
man et al. 1994), where D > 2 indicates clearly
resolved modes
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Table 1. Properties of Cluster C1 vs. Other Upward-Drifting
Burst Clusters

Property Cl (n=45) Other Up  p-value
Drift Rate (MHz/ms) 245.6 98.1 1.8 x 107°
Duration (ms) 1.68 2.38 1.2 x 1072
Peak Freq (MHz) 1102.6 1185.8 6.2 x 1077
Center Freq (MHz) 1120.3 12074 7.8 x107°

NoOTE—AIl p-values from Mann-Whitney U tests survive Bon-
ferroni correction.

e Gap analysis for distribution discontinuities

3. RESULTS
3.1. Discovery of the Extreme-Drift Subpopulation

HDBSCAN clustering identifies two distinct clusters
within the data (Figure 1). One cluster, which we desig-
nate C1, contains exclusively upward-drifting burst clus-
ters (45/45 = 100%), while exhibiting physical prop-
erties distinct from other upward-drifting burst clus-
ters (Table 1). C1 is identified through multi-
dimensional density-based clustering in the full
8-feature UM AP-projected space, not by a sim-
ple drift rate threshold. Consequently, while
C1 members have statistically higher mean drift
rates (245.6 MHz/ms vs 98.1 MHz/ms), individ-
ual burst clusters outside C1 may occasionally
have drift rates exceeding some C1 members, be-
cause cluster membership depends on the joint
distribution of all eight features (bandwidth, du-
ration, peak frequency, drift rate, energy, flux,
S/N, and center frequency). C1 exhibits systemat-
ically lower emission frequencies (Figure 2).

3.2. Bimodality Confirmation

Gaussian mixture modeling of the upward-drifting
drift rate distribution strongly favors a 2-component
model over 1-component (ABIC = 296.6, where ABIC >
10 indicates strong evidence). Ashman’s D = 2.70 con-
firms clear separation between modes (D > 2 required;
Ashman et al. 1994). Gap analysis reveals an 11.30 dis-
continuity in the distribution, confirming discrete rather
than continuous structure (Figure 3).

3.3. Single-Component Consistency Check

A key concern is whether the observed bimodality
might arise from combining single-component (U1) and
double/multi-component (U2/Um) burst clusters,
whose drift rates are defined differently (Zhang et al.
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Figure 1. UMAP dimensionality reduction of 978 burst clusters colored by drift type (left: blue=Up, red=Down) and by
HDBSCAN cluster assignment (right). Cluster C1 (45 burst clusters) forms a distinct island of exclusively upward-drifting
burst clusters identified through multi-dimensional density-based clustering.

2026): for single-component burst clusters, the drift rate
characterizes the intrinsic frequency-time evolution of
one emission component, whereas for double/multi-
component burst clusters it reflects the relative fre-
quency separation and timing between sub-bursts.

To address this, we repeat the bimodality analysis sep-
arately for each morphological subclass. Among the 233
upward-drifting burst clusters, 142 are single-component
(U1), 86 are double-component (U2), and 5 are multi-
component (Um). Restricting to single-component (U1)
burst clusters only, we find:

e ABIC = 19.9 (strong evidence for bimodality,
threshold = 10)

e Ashman’s D = 2.71 (clearly separated modes,
threshold = 2)

e Gap z-score = 9.2¢ (significant discontinuity)

This confirms that bimodality is an intrinsic property
of single-component upward-drifting burst clusters and
is mot an artifact of combining heterogeneous drift rate
definitions.

Furthermore, we examined the morphological com-
position of Cluster C1: all 45 burst clusters in C1
are classified as single-component (Ul). The non-C1
upward-drifting burst clusters contain a mix of
U1l (97/188 = 51.6%), U2 (86/188 = 45.7%), and
Um (5/188 = 2.7%). A chi-squared test confirms that
C1 has a significantly different morphological composi-
tion from the remaining upward-drifting burst clusters
(x* =51.9, p < 107%), indicating that C1 does not sim-
ply recover previously defined morphological categories
but rather identifies new substructure within the single-
component class itself.

3.4. Robustness

The extreme-drift cluster C1 is identified consistently
across:

o All tested UMAP parameters (6/6 configurations)

o All tested HDBSCAN parameters (6/6 configura-
tions)

e 98% of bootstrap resamples (98,/100)
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Figure 2. Characterization of Cluster C1 (green) compared to other upward-drifting burst clusters (blue) and downward-
drifting burst clusters (red). C1 occupies a distinct region in bandwidth-energy and duration-drift parameter spaces.

These results demonstrate that the discovered subpop-
ulation is robust to methodological choices (Figure 4).

4. DISCUSSION

The bimodal drift rate structure within upward-
drifting burst clusters is suggestive of two distinct
emission mechanisms or regions. As demonstrated in
Section 3.3, this bimodality persists when restricting to
single-component (U1) burst clusters, ruling out the pos-
sibility that the signal arises from heterogeneous drift
rate definitions across morphological subclasses. All
45 burst clusters in the extreme-drift Cluster C1 are
single-component, further supporting the interpretation
that the bimodality reflects intrinsic physical differences
rather than definitional effects.

In the magnetar model, drift rate is related to
the radius-to-frequency mapping in the magnetosphere
(Lyutikov 2020). Higher drift rates correspond to
steeper frequency-time gradients, potentially indicating

emission from regions with different magnetic field con-
figurations or at different magnetospheric altitudes. The
systematic frequency offset (—7%) between populations
supports spatial separation: the extreme-drifters may
originate from a distinct altitude or magnetic flux tube.
The shorter durations (—29%) suggest a more compact
emission region with a shorter coherence timescale.

Sub-burst drift rates have been interpreted as ev-
idence for radius-to-frequency mapping in repeating
FRBs (Hessels et al. 2019), and spectro-temporal corre-
lations observed across FRB populations (Rajabi et al.
2020; Chamma et al. 2023) suggest common underlying
physics. The bimodal structure we identify within a sin-
gle morphological class may be consistent with two
preferred emission altitudes or two distinct triggering
mechanisms within the magnetosphere, though fur-
ther theoretical modeling would be needed to
distinguish between these scenarios.
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Figure 3. Bimodality analysis of upward-drifting burst cluster drift rates. Top left: histogram with 2-component Gaussian
mixture model fit. Top right: Q-Q plot showing deviation from unimodal normal distribution. Bottom panels: gap analysis and
KDE comparison between upward- and downward-drifting populations.

This discovery demonstrates the power of unsuper-
vised machine learning for identifying hidden struc-
ture in FRB populations beyond traditional classifi-
cation schemes (Pleunis et al. 2021). Future work
should investigate whether similar substructure exists in
other repeating FRBs observed by FAST and CHIME
(CHIME/FRB Collaboration 2021), and whether the
extreme-drift subpopulation exhibits distinct temporal
or polarimetric properties.

We note that our analysis is based on data
from a single observing epoch (2024 March 12)
of one source. While the statistical significance
of the bimodality is robust within this dataset,
its persistence across other observing dates of
FRB 20240114A or its presence in other repeat-
ing FRB sources remains to be established by
future observations.

5. CONCLUSIONS

We report the discovery of bimodal structure within
morphologically classified FRB burst clusters. The
45-burst cluster “extreme-drift” subpopulation (Cluster
C1) in FRB 20240114A exhibits:

1. 2.5% higher mean drift rates (ABIC = 296.6 for
full sample; 19.9 for single-component only)

2. Systematically lower emission frequencies (—7%)
3. Shorter burst cluster durations (—29%)

4. Distinct clustering in multi-dimensional feature
space

Importantly, this bimodality is confirmed in single-
component (Ul) burst clusters alone (Ashman’s D
= 271, gap = 9.20), demonstrating that it is not
an artifact of combining burst clusters with differ-
ent internal morphologies. These findings are
suggestive of dual emission regions in the
FRB 20240114 A magnetosphere, pending confir-
mation from multi-epoch and multi-source stud-
ies.
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