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ABSTRACT

Context. As the scientific exploitation of the Square Kilometre Array (SKA) approaches, there is a need for new advanced data anal-
ysis and visualization tools capable of processing large high-dimensional datasets.

Aims. In this study, we aim to generalize the YOLO-CIANNA deep learning source detection and characterization method for 3D
hyperspectral HI emission cubes.

Methods. We present the adaptations we made to the regression-based detection formalism and the construction of an end-to-end 3D
convolutional neural network (CNN) backbone. We then describe a processing pipeline for applying the method to simulated 3D HI
cubes from the SKA Observatory Science Data Challenge 2 (SDC2) dataset.

Results. The YOLO-CIANNA method was originally developed and used by the MINERVA team that won the official SDC2 compe-
tition. Despite the public release of the full SDC2 dataset, no published result has yet surpassed MINERVA’s top score. In this paper,
we present an updated version of our method that improves our challenge score by 9.5%. The resulting catalog exhibits a high detection
purity of 92.3%, best-in-class characterization accuracy, and contains 45% more confirmed sources than concurrent classical detection
tools. The method is also computationally efficient, processing the full ~1TB SDC2 data cube in 30 min on a single GPU.
Conclusions. These state-of-the-art results highlight the effectiveness of 3D CNN-based detectors for processing large hyperspectral

data cubes and represent a promising step toward applying YOLO-CIANNA to observational data from SKA and its precursors.
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1. Introduction

New observing facilities generate ever larger datasets, which are
often high-dimensional and have a wide dynamic range. The
combined volume and complexity of these datasets put stress on
classical data processing pipelines, which often fail to scale to
the required data rate. To overcome these difficulties, statistical
approaches such as machine learning (ML) methods are increas-
ingly employed, as they are known to scale well with data size
and dimensionality. The Square Kilometer Array (SKA, Braun
et al. 2015) is a prominent example of next-generation telescopes
in the radio domain. This instrument is expected to transform our
understanding of the Universe, with a wide range of applications
from setting constraints on the cosmic dawn to the detection of
new exoplanets in our Galaxy. The unprecedented data rate fore-
seen for SKA is already prompting the international community
to develop new strategies for data processing, storage, and dis-
tribution (Scaife 2020). In this context, the SKA Observatory
(SKAO) organizes recurrent Science Data Challenges (SDCs)
over simulated SKA-like data products (Bonaldi et al. 2021;
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Hartley et al. 2023; Bonaldi et al. 2025). These challenges aim
to stimulate the development of highly efficient methods and to
enable the community to prepare for handling SKA data.

The present paper is the second in a series introducing
YOLO-CIANNA, a deep-learning regression-based method for
source detection and characterization. The series aims to evalu-
ate the method’s performance on simulated data from the SDCs,
in preparation for its applications to observational data from
SKA precursors and pathfinders. The first paper, Cornu et al.
(2024) hereafter Paper I, covers the full method description and
its application to simulated continuum images from the SDC1
dataset (Bonaldi et al. 2021). It also includes a concise review
of ML object detection methods along with some examples
of astronomical applications. The method description empha-
sizes specific design choices tailored to astronomical datasets.
This first paper concludes with a discussion of the biases and
limitations associated with the SDC1 challenge definition, and
presents possible improvements to the method itself.

In the present work, we extend the results of Paper I by
generalizing YOLO-CIANNA to 3D source detection in hyper-
spectral data and apply it to simulated HI emission cubes from
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the SDC2. The method was initially developed and used by team
MINERVA (Machine Learning for Radioastronomy at Obser-
vatoire de Paris) for its participation in SDC2, in which the
team secured first place. Therefore, this paper provides a detailed
description of an updated version of MINERVA’s method.

2. SDC2 description
2.1. Data cubes and source catalogs

The SDC?2 is a galaxy detection and characterization challenge
in simulated 3D HI cubes representative of future SKA-mid
observations. A complete description of the challenge and of
the associated data can be found in the SDC2 summary paper
Hartley et al. (2023), which details the simulation of the source
catalog using TRECS (Bonaldi et al. 2019), the construction of
the sky model, and the addition of instrumental effects. The
primary data product is a MAIN cube covering a 20 square
degree region with a synthesized beam of 7 arcsec and a pixel
resolution of 2.8 arcsec. It covers a frequency bandwidth of 950—
1150 MHz (z = 0.235-0.495) sampled at 30 kHz. This results in
a massive cube (851 GB) that is 5851 x 5851 x 6668 (pixels,
pixels, channels) in size, corresponding to 228 x 10° voxels, a
voxel being defined as the volume of a square pixel over one
frequency channel. Continuum images of the same field are
also provided with identical spatial resolution and bandwidth,
but sampled at a 10 MHz resolution. Thermal noise consis-
tent with 2000h of SKA integration time was added, yielding
26-31 wly beam™ per channel. The cube also features con-
tinuum subtraction residues, instrumental artifacts, and radio
frequency interference (RFI) subtraction residues, improving its
realism.

The MAIN cube contains 233245 simulated HI sources.
Each is characterized by its sky coordinates (RA, Dec), inte-
grated line flux, f, HI major axis diameter, S, at 1 Mg pc~2
(hereafter HI size), line width, w,y, measured at 20% of the
peak, major axis position angle, PA, and inclination angle, i
(between the line of sight and the galaxy plane). These param-
eters are known for each source and stored in a truth catalog
that was kept secret during the original challenge but released
afterward. Instead, participating teams were provided with a
smaller LDEV cube (40 GB), obtained through the same data
generation procedure, but with a reduced field of view of 1
square degree, and for which the truth catalog was provided. This
LDEV cube has the same spatial and spectral resolution as the
MAIN cube and covers the same bandwidth, resulting in a size
of 1286 x 1286 x 6668. It is also accompanied by continuum
images of the corresponding field. The associated LDEV truth
catalog contains 11 091 sources and can be used to calibrate or
train detection methods. In this paper, we reproduced the chal-
lenge conditions by training our detector on the LDEV cube and
catalog. The now-released MAIN truth catalog is used to analyze
our results and compare them with the SDC2 summary paper.

Figure 1 shows a cutout around one of the brightest sources
from the truth catalog. To improve contrast, voxel values have
been rescaled following p; = tanh (3 pil rnaxp), where p; and p;
are the original and rescaled voxel values, respectively, and max,
is the maximum voxel value in the cutout. To better visualize the
inner 3D structure, we set voxel transparency to be inversely pro-
portional to their rescaled value. This figure illustrates the typical
3D structure of a galaxy observed in HI, where the line width
correlates with its rotation. With the SDC?2 observational setup,
sources are compact in the plane of the sky but extended over
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Fig. 1. 3D view of a 30 X 30 x 70 subcube centered on a bright source
from the MAIN catalog (id. 15770) using a rescaled intensity. Trans-
parency is inversely proportional to voxel intensity.

tens of channels, with lower signal intensity at the central coor-
dinates. The signal is mostly aligned in a plane, which defines
the source angles, PA and i.

2.2. SDC2 scoring metric

The challenge task is to produce a catalog of detected sources
in the MAIN cube along with all their properties. To evaluate
the quality of a submission, the SDC2 relies on a dedicated scor-
ing system. We provide a summary of the score computation as
implemented in the scorer code'. The SDC2 scorer adopts the
SDC1 matching system, which adds size and flux accuracy cri-
teria to the classical sky separation metric. It is generalized to
hyperspectral data by adding line width and central frequency
accuracy criteria. The scorer defines a multiparameter error as

Digw = A Doy + Dy + Diy + D2, + D2y, with (1)
Dyos = J(x = £7 + (g - §2/5", @)
Direq = |v = V| /20, 12> 3)
Dawx = |f = |11, @)
Dgye = |S - 8|/8’, and (5)

Dyjatn = lwao — 2ol /W20, (6)

where truth values are indicated with a hat, (x, y) are the central
pixel coordinates (converted from RA, Dec), v the central fre-
quency, S’ the HI size convolved with the synthesized beam, f
the line flux integral, S the HI size, and wy the line width. Unlike
the SDCl, all terms are equally weighted, and the global rejec-
tion threshold is set to Dy, > 5. However, there are additional
conditions on both the position and frequency that reject sources
if Dpos > 1 or Dfeq > 1. If multiple predictions match the same
truth source, all are retained in the match catalog. However, their
contribution to the final score is weighted down by the number of
matches. In the rare case of a single prediction matching multiple
truth sources, it is associated with the lowest Dy.

Matches are scored individually by comparing the predicted
and true characteristics. The scorer defines a subscore for each
source property to predict. Their average gives the match score.
These are expressed as

i—minl1 I Iy
s, =min|1, E , and s = 7 Z Sps @)
k j

I https://gitlab.com/ska-telescope/sdc/ska-sdc
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Table 1. Error functions and thresholds for all subscores.

Subscore Error function E/ T/

Sky position EPS = \/(x -2+ @y -9%/S" 03
Central frequency ~ E™ = |y — 9 [20.1, 0.3
Line flux EM™ = f - fI/f 0.1

HI size ES= = |5 - §|/8” 0.3
Line width EMY= 00 — ool /Do 0.3
Position angle EPA = |PA — PA| 10.0
Inclination angle E™ =|i-] 10.0

Notes. S is the target HI size convolved with twice the synthesized
beam size, which is different from S”.

where j represents a subscore, k identifies one source in the
detection catalog, T/ is a threshold specific to each subscore,
E]’( is the error term specific to each subscore (possibly differ-
ent from the D terms used as matching criteria), and s/ is the
resulting subscore. Error functions for each parameter are listed
in Table 1. The final individual score is bound to the [0, 1] inter-
val. The total score is the sum of all individual matched scores
minus the number of false detections, following

Nmalch
Z St — Nfalse- (®)
k

M =

In addition, we can also estimate mean subscores and a global
average characterization score as

Nmatch

Nmatch
1 i 1
Sk (9)

5 = / and §=
Nmatch

N, match

The scorer can be used for either the MAIN or LDEV cube.
Hereafter, the term score refers to a scoring over the MAIN cube,
unless stated otherwise.

2.3. Detectability selection function

YOLO-CIANNA is a supervised ML approach and therefore
requires a set of labeled examples. For this, we relied on the pro-
vided LDEV cube and truth source catalog. However, as with the
SDCl, the vast majority of the listed sources are too faint to be
detectable (~85%). Including undetectable sources in the target
catalog may be debatable from a challenge perspective. Still, the
presence of faint sources in the simulation enhances background
noise realism. It also ensures a realistic source signal-to-noise
ratio (S/N) distribution in the target catalog without imposing an
arbitrary detectability cut.

As with most supervised ML approaches, our method is sen-
sitive to mislabeling in the training examples. It involves objects
that should be detectable but not labeled as targets, or labeled
targets that are too faint to be distinguishable from the back-
ground (Sects. 2.2 and 3.4 of Paper I). Therefore, we defined
a detectability selection function to curate the LDEV truth cata-
log. This function combines the integrated line flux, f , with an
estimate of the source volume brightness, V. We approximate
the source volume by a cylinder with a radius equal to its beam-
convolved HI size, expressed in pixels, and a length equal to its
line width, in channels. The volume brightness was obtained as

a

Vo= —5h 10)

N. of sources
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Fig. 2. Top: two-dimensional histogram of LDEV truth source volume
as a function of their integrated line flux. The dashed red line repre-
sents our selection function, with sources to the right of the line being
selected. Bottom: line flux distribution for the full LDEV catalog and
the selected sample.

- 1 i 71
§'= 82 +B—, and D="21 _
€9 Ps C VHIO Cs

where $ deg 18 the target source size in degree, B, the synthesized
beam size in degree, P, the pixel size in degree, Wy the line
width and ¢ the speed of light in kilometer per second, ¥ the tar-
get central frequency in Hertz, vy, the rest frequency of HI in
Hertz, and C; the frequency channel size in Hertz. The result-
ing volume brightness is in Jansky Hertz voxel~!. The selection
function is then defined as

(11)

(f>100) or (f>18andV, > 0.013). (12)
The exact flux and volume brightness thresholds are the result
of an extensive manual search aimed at maximizing the score of
a detector trained on the corresponding training sample. When
applied to the LDEV truth catalog, this function flags 1383 of the
11 091 sources as detectable and thus usable as training targets.
We represent our selection cuts over a 2D histogram of the source
volume against the line flux integral for the LDEV truth catalog
in Fig. 2, along with a comparison of the line flux histograms for
the truth catalog with our selected training catalog.

2.4. Data cube preprocessing

We performed a series of preprocessing steps to enhance source
detectability and prepared the data cube for use with our detector.
We started by identifying the sky positions for which the mean
signal over all continuum images is above 3 x 107 Jy beam™'
and set all the corresponding cube voxels to zero, masking
continuum-subtraction residuals. We then normalized every fre-
quency channel by its standard deviation. This reduces the
impact of RFI subtraction residuals and makes the channel noise
homogeneous across the whole bandwidth. It also allows us to
consider the detection task as invariant with respect to the fre-
quency position. This way, a detector can be trained and applied
over subcubes along the frequency axis.

Due to the high frequency resolution, the source signal
is diluted over multiple channels. This could be mitigated by
smoothing the cube along the frequency axis or averaging every
few channels, which would increase the apparent S/N for some
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sources. However, it would destroy part of the fine-grained 3D
structure that the detector could exploit. We observed that such
preprocessing allows for faster training convergence but reduces
the final score. We therefore retained the original frequency
resolution to maximize detection performance.

The last step was to renormalize the cube. As for the SDC1,
we applied a scaled hyperbolic tangent transformation to the vox-
els following p; = tanh (ap;), where p; is the voxel value after
the previous preprocessing steps, and p; is the final normalized
voxel value. The parameter « controls the steepness of the curve
and thus impacts the final signal contrast and saturation. After
some exploration, we adopted @ = 0.3 for the SDC2. We nor-
malized both the MAIN and LDEV cubes once and stored them
in a reduced unsigned 16-bit integer format for faster dynamic
loading. We observed no impact of this reduction on the final
score, provided the reduction is done after the tanh normaliza-
tion. To further reduce the loading time, we split the MAIN cube
into chunks of 512 X 512 X 6668 (3.5 GB), cutting along the two
sky axes. The cuts were made based on our prediction pipeline
setup (Sect. 3.6), ensuring partial overlap and padding when nec-
essary. The LDEV cube was left as a single file and fully loaded
into system memory for training (Sect. 3.4).

3. Method
3.1. YOLO-CIANNA generalization for 3D detection

In Paper I (Cornu et al. 2024), we provide a complete descrip-
tion of the YOLO-CIANNA method of detecting, classifying,
and characterizing objects in 2D images. Here, we present adap-
tations of the formalism for detecting 3D objects. As is explained
in Paper I, YOLO-CIANNA is a regression-based detection
method implemented as part of the broader CIANNA develop-
ment framework (Cornu 2024)2. The YOLO-CIANNA method
constrains a fully convolutional neural network (CNN) backbone
to create a mapping from an input data space to a regular grid
of detection units. Each unit is associated with an independent
subregion of the input space and is tasked with detecting all
objects whose central coordinate lies within that region. Objects
are represented as bounding boxes. During the training phase, the
network is fed with labeled images. Each detection unit produces
a set of candidate boxes, which are compared to the known list of
target boxes through a matching function. The network weights
are then adjusted to minimize the observed difference between
its prediction and the expected result. Additionally, the model
learns to predict an objectness score for each detection, repre-
senting its confidence that a given predicted box corresponds to
areal object.

To generalize the formalism presented in Paper I to 3D detec-
tion, we added two new dimensions to the detection units’ output
vector to predict both the box’s central position, z, and its size,
d, along the third dimension. We express a 3D bounding box as
a function of output vector elements, following

(13)
14)

z=0"+g,,

(0%

X =0+ gy,
(")

y=0"+g,,

w = pue h=pe,  d=pge
where g,, g,, and g, are the output grid coordinates of the unit
making the prediction, 0%, 0¥, and o° are predicted sigmoid-

activated values refining the position inside the subregion, p,,

2 CIANNA is open-source and freely accessible through GitHub
https://github.com/Deyht/CIANNA. The version used in this paper
corresponds to the V-1.0 release 10.5281/zenodo.12806325.
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pn, and p are predefined size priors, and 0”, o and o? are pred-
itect linear-activated values adjusting the size of the predicted
box. The corresponding Lp,s and Lgi,e regression sublosses from
Eq. (14) of Paper I are trivially adapted with a third dimension to
obtain our full YOLO-CIANNA 3D loss.

We also updated the box proximity and similarity metric used
in many parts of the method. For this, we relied on the intersec-
tion over union (IoU) measurement generalized to 3D boxes. In
this paper, we use its distance-aware variant, the DIoU (Zheng
et al. 2020), bounded within [—1, 1], and defined as

0
DIoU = IoU — ok
where p is the Euclidean distance between the two box centers
and d is the diagonal length (in 3D, the space diagonal) of the
smallest box that encloses the two boxes to compare. This prox-
imity criterion is used both to define the target objectness and in

the association function, as described in Paper I.

(15)

3.2. Network backbone architecture

Using the updated method, a classical 2D CNN backbone could
be used for 3D detection by treating the third dimension as a
stack of independent 2D input channels. However, taking advan-
tage of spatial invariance through fine-grained gridding across
all positional dimensions usually improves detection accuracy.
Thus, we gridded the third dimension into independent detec-
tion units as well. For this, we relied on CIANNA’s ability to build
3D spatial convolutional layers and design a fully 3D network
backbone. The output layer is therefore directly in the form of
a 3D output grid (indexed by g., g,, g;), and detection units
are structurally centered on their associated input subvolume.
This structure also reduces the number of learnable weights
required in the model compared to a 2D backbone approach.
More details about the interplay between our method and the
network backbone can be found in Sect. 3.6 and Appendix A of
Paper 1.

Even though a fully convolutional architecture is not bound
to a specific input size, we chose to use a fixed subcube input
dimension of 64 X 64 x 256. The ratio between the spatial
and spectral dimensions has been defined regarding the typi-
cal source shape (Fig. 1) and constraints in both the training
and prediction pipelines (Sects. 3.4 and 3.6). In the SDC2 data,
and likely for any hyperspectral data as well, the signal dis-
tribution along the frequency dimension is very different from
that of the two sky dimensions. Although all three axes are
considered spatial for the box definition and matching criteria,
we used anisotropic filters and stride configurations to account
for the intrinsic differences in signal distribution across dimen-
sions. Our best-performing SDC2 backbone, presented in Fig. 3,
was obtained through an extensive search over the architec-
ture and hyperparameter space using our SDC1 backbone as
a starting point. The detailed configuration of our backbone
architecture can be found in the training scripts archived at
10.5281/zenodo. 18403011 (Data availability section). As we
observed for SDC1 (Appendix B of Paper I), classical backbones
developed for generic image datasets underperform when trained
on the SDC2 task in comparison with a custom architecture.
Using a pre-trained generic model as a starting point for training
on the SDC2 task further degrades performance.

Despite being deeper with 23 convolutional layers, this new
3D architecture contains only 3.35 million learnable weights,
which is a quarter of what we had in our 17-layer SDC1 back-
bone. This mainly results from a reduction in the number of
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Fig. 3. Our SDC2 3D CNN backbone architecture. The left column
provides layer structural properties, whereas the right column indicates
the spatial output dimension starting from a 64 X 64 x 256 input cube.
Layers are stacked top to bottom. The layer width scales with the number
of filters. Layer colors encode the stride setting: green preserves dimen-
sions, orange reduces the frequency dimension by two, red reduces all
dimensions by two, and blue reduces sky dimensions by two. The output
grid size and the predicted parameters are shown next to the last layer.

filters per layer, motivated by the reduced number of sources in
the training catalog (1383, Sect. 2.3). Still, the lesser morpho-
logical diversity in simulated HI sources compared to simulated
continuum sources enables the network to achieve high detection
and characterization accuracy with fewer learnable parameters.
We note that the first layer convolves the frequency axis with
filters spanning height channels, with a stride of two. This
operation searches for large spectral structures and reduces the
frequency axis dimension, compensating for the absence of
frequency smoothing in the data preparation. Like our SDC1
backbone, the first few layers progressively reduce both the spa-
tial dimensionality and the number of filters, acting primarily
as a small denoising subnetwork tailored to this detection task.
We also include the typical darknet sequence of alternating 3 x 3
convolutions with 1 x 1 convolutions over a smaller number of
filters (Redmon & Farhadi 2017). This forces the network to learn

more compressed representations between spatial pattern extrac-
tion steps, reducing the number of learnable weights compared to
stacking identically configured spatial convolutions. Here, these
compression steps have a secondary purpose, which is to capture
spectral patterns with 3D filters of size 1 X 1 x 3. This increases
the receptive field along the spectral dimension faster than for the
two sky dimensions, allowing the identification of extended pat-
terns along the frequency axis. All layers except the last one use
a leaky-ReL.U activation with a 0.1 leakage factor. As with our
SDCI1 backbone, we have a group normalization layer between
C20 and C21 with a group size of two (Wu & He 2018) and a
25% dropout rate on the C21 layer (Srivastava et al. 2014), which
helps regularize the model.

Even though we could reduce the spectral dimension to
obtain a 3D output grid of equal size across all dimensions,
we observed that sampling the spectral domain over more grid
elements grants better spectral localization. The total reduction
factors for each dimension at the end of the network are then
8:8:16, and each detection unit is responsible for an 8 X 8 X 16
input subvolume. The receptive field at the last layer is 66 X
66 x 294, which corresponds to the input subvolume accessi-
ble to each detection unit for making a prediction. Removing
layers anywhere in the final backbone measurably reduces the
achievable score, while increasing the number of filters per layer
leads to early overtraining. This likely indicates that the num-
ber of parameters is limited by the training sample size, and that
network depth helps reach the required expressivity with fewer
learnable parameters.

3.3. YOLO-CIANNA SDC2 configuration

The backbone architecture sets the output grid resolution, but
the detection units themselves must be configured manually
through a set of hyperparameters. In this section, all YOLO-
CIANNA-related parameters follow the notations and definitions
from Paper 1. Some parameter values are provided for repro-
ducibility and not necessarily discussed or commented on. The
final configuration is the result of a thorough exploration of the
corresponding hyperparameter space.

The typical volume source density in the SDC2 data is very
low. Because our output grid already has a high resolution rela-
tive to the average source size, we observed that a single unit per
grid element is sufficient to achieve the best score. If trained with
more units, the detector often converges toward a solution where
a single unit produces all the relevant detections. This is likely
due to the small training sample and to the absence of clear and
balanced subgroups in the source parameter space (Appendix A).
The background detection scaling factor is set to Ayeiq = 0.01.

As stated in Sect. 3.1, our detection units represent objects
as bounding boxes, which are essential to the training associa-
tion function. As thoroughly discussed in Paper I, astronomical
sources rarely exhibit the sharp and well-defined edges required
to define bounding boxes. We therefore relied on a box proxy
of size S’ in both sky axes and D in the frequency axis for
each source (Eq. (11)). We rotated this box based on PA and
searched for the smallest box whose edges are aligned with the
survey axis, and that contains all rotated vertices, thereby defin-
ing our final target box. The impact of the inclination angle, i, is
already included in the definition of the source HI size. However,
the resulting boxes remain small, which increases training diffi-
culty as an unconstrained detector initially relies on fortuitous
matches to identify the objects of interest. This problem would
arise for every dataset, but it is more pronounced in 3D as posi-
tional errors across all dimensions are combined in the DIoU. To
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Table 2. Detection hyperparameters.

Param )’f ’)’S ,ywzo ,ysin (PA) ycos (PA) ,ycos (i)
Value 3.0 2.0 2.0 1.0 1.0 2.0
Param L84, L0V [0 0 e g
Value 0.4 -01 -0.1 0.4 0.1 0.2
Table 3. Scaling factors and limits of output subparts.

Pos. Size Prob. Obj. Param.
Activation Sigm Lin Sigm Sigm Lin
A 2.0 1.0 1.0 6.0 3.0
Pre-activ. scaling 0.5 0.5 0.2 0.5 0.5
Pre-activ. max 8.0 1.8 8.0 8.0 1.2
Pre-activ. min -80 -14 8.0 -=8.0 -0.2

compensate, we increase the size of the target bounding boxes by
4 pixels in both sky axes and 10 channels in the frequency axis.
We stress that this box definition has no impact on the HI size, S,
and line width prediction, wy, used in the scorer matching cri-
terion, which are predicted as additional regression parameters.
The corresponding target box is illustrated for a few sources in
Fig. B.1. From this, we set our detection unit box size priors to
10 x 10 x 36. We observed that small changes in the target box
sizes can significantly affect the score, whereas changing the size
of the prior has only a minimal effect.

Our single detection unit is configured to predict the box
center coordinates (x,y,z), the box size (w,h,d), a detection
probability, P, and an objectness score, O. To these mandatory
elements, we add f, S, wyg, PA, and i, all expressed as individual
linearly activated output vector elements constrained by a regres-
sion loss subpart. All parameters are normalized in a similar
range to balance their loss contributions. f is clipped in between
[10, 300] Jy Hz, log-scaled, and rescaled to [0, 1]. S is clipped in
between [4, 25] arcsec and linearly scaled to [0, 1]. wyy is clipped
in between [100, 700] kms~!, log-scaled, and also rescaled to [0,
1]. To avoid tasking the network with impossible predictions, we
set PA = 180° for all small sources with § < 6 arcsec (beam size
is 7 arcsec). PA is then converted from its [0, 360] degree range
to two independent parameters in the [-1, 1] range through sin
and cos functions, which works better than a direct prediction
of the angle due to angular symmetries and periodicity. i is con-
verted from its [0, 90] range to the [0, 1] range through the cos
function, which also flattens the otherwise inhomogeneous dis-
tribution of i. In summary, with six extra parameters, all targets
and predictions are expressed in the form of a 14-element vec-
tor {x,y,z,w,h,d, P,O, f,S, wmy, sin (PA), cos (PA), cos (i)). The
individual y” scaling values are given in the top row of Table 2.

The remaining method hyperparameters are listed in Tables 2
and 3. All floU thresholds are given for a DIoU-based associa-
tion function. We note a few differences compared to the SDC1
setup, such as the absence of association refinement parameters,
which are not required when using a single detection unit per
grid element. Difficulty-flagging parameters are specified here,
but discussed in the next section.

3.4. Training example generation and augmentation

Training examples were dynamically generated with augmenta-
tion from the normalized LDEV cube (Sect. 2.4) and the selected
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LDEV truth source catalog (Sect. 2.3). As discussed in Sect. 2.4,
we made the approximation that the frequency axis is an invari-
ant spatial coordinate, meaning we trained our 3D detector to
be insensitive to the input subvolume position on the frequency
axis. We defined two ways of generating training subcubes. The
first one, in 70% of cases, extracts a cutout at a random posi-
tion within the LDEV cube regardless of its content. Sources
whose central coordinates are within the cutout are added to the
target list. This mostly returns empty cubes, but it exposes the
network to the full diversity of background signals and artifacts.
The second one, in 30% of cases, draws a random source from
the selected truth sample and extracts a random cutout within
the subregion of the LDEV cube where the selected source is
guaranteed to be included. If other sources have their center in
the same region, they are also added to the target list. With this
approach, we ensure that a minimum proportion of examples
contains at least one detectable source.

Extracted subcubes were augmented to increase the diversity
of examples. We added masks on the edges of the subcubes to
mimic the effect of added padding when applying the method
to the edge of a large cube. Masks were added independently to
each axis at a 20% rate, always on a single side selected at ran-
dom, and masking up to half the subcube in that axis. We also
applied flips at a 50% rate for each axis independently. Whereas
this is a standard augmentation for sky axes, it is generally not
used in the frequency dimension. It requires one to assume that
the source morphology is symmetric along the frequency axis,
which is a stronger approximation than treating the source fre-
quency position as invariant. Still, enabling this augmentation
improves the achievable score by a few percent, indicating that
the increased example diversity outweighs the potential draw-
backs of this approximation. Target PA values are updated to
account for flips when necessary.

The input resolution of the example subcubes was set to
64 x 64 x 256. As we discussed in Sect. 3.8 of Paper I, when
splitting a finite-sized volume, the choice of chunk size impacts
the accessible diversity inside each chunk. The smaller the input
volume, the higher the diversity, and the lower the chances of
overtraining. A small context window also prevents the detector
from inferring the input’s position within the large cube, which
could lead to overtraining. On the other hand, large input sizes
are numerically efficient and reduce the proportion of the vol-
ume affected by edge effects and truncated content when making
predictions (Sect. 3.6). We observed that adding augmentations
improves the results, indicating that the intrinsic diversity of the
LDEYV cube is a limiting factor at the selected input size.

Our dynamic augmentation scheme does not fit the classi-
cal definition of an epoch. Instead, we grouped the generated
examples into iterations over 1600 example subcubes. Due to the
limited number of labeled sources in the LDEV catalog, splitting
them into training and validation sets is impractical. Constituting
a validation set large enough to be statistically relevant would
remove too many sources from the training sample. We therefore
chose to use all labeled sources from the LDEV catalog for train-
ing and relied on occasional scoring over the MAIN SDC2 cube
to verify the absence of overtraining, serving as a validation and
calibration dataset. During the challenge, the number of scoring
was limited to prevent optimization against the hidden MAIN
catalog. Yet, it was possible to score a few saved states for each
trained model to test for blatant overfitting over the LDEV cube.
In this paper, we used the scorer more extensively to provide
a detailed analysis of our results. Still, it remains prohibitively
costly to score more often than every few hundred iterations.
Monitoring the training loss directly is not very useful, as most
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input examples lack detectable sources. Instead, we relied on
a subset of cutouts centered on 800 randomly selected sources
from the training catalog as a proxy validation dataset to monitor
fine-grained loss evolution. Validation loss values are therefore
only comparable within a given training.

3.5. Training setup and bootstrapping

Training was performed with the CIANNA framework, which
implements our YOLO-CIANNA method, using an RTX 6000
Ada with (91 FP16 TFLOPS). We used FP16C_FP32A mixed-
precision training, meaning that computations are done at a
16-bit floating point precision with 32-bit floating point accu-
mulators (Micikevicius et al. 2018). All data flowing through
the network uses the reduced 16-bit precision. A 32-bit master
copy of the weight is maintained and used to accumulate the
weight updates. Training at this precision yields similar scores
to those obtained from full 32-bit training. We set the batch size
to 16, which offers a good balance between training efficiency
and memory footprint. The learning rate starts at 1.2 x 107 and
increases linearly over the first 32000 examples to 6 x 107*.
It then decays exponentially with the number of training iter-
ations at a rate of 5 x 107 toward a minimum of 1.2 x 107>,
The optimizer is a mini-batch stochastic gradient descent with
momentum set at 0.7 and a weight decay of 5 x 10™*. A typical
training over 6000 iterations takes around 36 hours on an RTX
6000 Ada, with an average processing speed of 100 input cubes
per second. Best score is generally achieved around iteration
4000.

We observed that small changes to the selection function
described in Sect. 2.3 can significantly impact the final result,
potentially even preventing training altogether. This is due to an
oversimplified selection criterion that does not reflect the detec-
tor’s actual capabilities. During training, sources that can be
detected but are not included in the target list are considered false
detections, forcing the model to lower the detection probability
for all sources that present similar characteristics. Conversely,
undetectable sources included in the target list force the model
to increase the detection probability for background noise. These
two types of mislabeling affect the fitting of the objectness curve,
resulting in suboptimal detection performances. One possible
solution is to rely on the detectors’ self-assessed detection capa-
bilities to refine the selection function. We achieved this by first
training a BASE model from scratch with random weight ini-
tialization (using Glorot normal, Glorot & Bengio 2010) based
on our handcrafted selection function. The best iteration was
identified using the SDC2 scorer over the MAIN cube follow-
ing the prediction pipeline. This model was then applied to the
same LDEV cube used for training in order to produce a list of
detections with predicted confidence scores. We extracted the
1600 detections with the highest objectness score. From this, we
defined a new selection function with lower line-flux and volume
brightness thresholds as
(f>100) or (f>14andV,>0.011), (16)
but with the additional constraint that the selected sources
must match one of the detections produced by the previous
model based on a DIoU threshold of 0.1. By doing so, we
included fainter true sources that the first trained model con-
siders detectable. However, most added sources are difficult to
detect and would likely complicate the training startup of a new
model. To compensate, we used the difficult flagging introduced
in Appendix A.6.4 of Paper I and flagged all new sources that do

Table 4. Training source count over multiple bootstrap steps.

Step Total Matchin Matchout Similarity
Base 1383 N/A N/A N/A
BT1 1573 1066 190 87.92%
BT2 1565 1090 182 98.60%
BT3 1574 1088 191 99.05%

not meet the original selection function. This allows the detector
to learn from the obvious sources first and progressively refine
its solution to include fainter ones. Sources that fulfill the orig-
inal selection function but are not detected by the first model
could be removed or flagged as difficult. However, we chose to
keep them as regular targets, as the score achieved by this first
model is already high, indicating no significant negative effect
from these sources. Also, these missed sources might become
detectable thanks to the added diversity provided by the new tar-
gets. The obtained refined target source catalog can then be used
to retrain a bootstrap model.

This bootstrap process can be repeated as long as it improves
the final score or until the content of the training sample con-
verges. For the SDC2, we trained a BASE model and three
successive bootstrap models: BT1, BT2, and BT3. Each model
was used to refine the selection function for the next step. Instead
of training every new model from scratch, we reused part of the
previously trained model as a starting point. The last three layers
of the loaded model were replaced with identically shaped lay-
ers but with randomly initialized weights. We show and discuss
what happens when bootstrapping with a from-scratch model in
Appendix D. In Table 4, we indicate the evolution of the number
of training sources for each bootstrap step, the number of sources
from the original selection function for which a match is found
by the previous model, the number of fainter sources from the
new selection function for which a match is found that are added
to the training sample, and the fraction of the final sources that
were already present in the training sample of the previous step.
From this, we can see diminishing returns as we add bootstrap
steps. The first step yields the greatest change in the training
sample content, whereas there is only a 1% difference (about ten
sources) between BT2 and BT3 training samples. Overall, the
training content is so similar across all steps after the first one
that it is unlikely to result in significant score differences. This
is mostly confirmed by the fact that the remaining score differ-
ence between our bootstrap models presented in Sect. 4.1 is of
the same order as the retraining variability on a given training
dataset. The exact best-scoring step after the first one is mostly
random. While only a few steps are sufficient in this specific
context, the optimal number of bootstrap steps might be much
larger on other datasets and strongly depend on the initial selec-
tion function and the exact strategy used to reinject new targets.
These elements are further discussed in Appendix E, where we
evaluate the effect of starting the training from a degraded initial
selection function.

3.6. Prediction pipeline

To apply a trained detector to the whole SDC2 MAIN cube, we
decomposed it into input regions along all three axes. To ensure
that a source is fully contained in at least one input region, a
minimum overlap of at least half the maximum source size is
required in each dimension. In addition, the overlap must be a
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multiple of the backbone reduction factor to align subregions
mapped by detection units from adjacent inputs, which is neces-
sary for multiple detection filtering. We settled on an overlap of 8
pixels along the sky axes and of 32 channels along the frequency
axis. This imposes constraints on the detector input size, which
must be large enough to minimize the proportion of overlapping
volume, as this directly affects the computational efficiency of
the inference pipeline. The required wide frequency overlap was
one of the motivations for having 256 frequency channels per
input (Sects. 3.2 and 3.4).

Storing the MAIN cube in system memory and decomposing
it dynamically is technically challenging. Thus, we rely on the
cube slicing described in Sect. 2.4. The detector is applied to all
input regions of all subcubes, preserving only detections with an
objectness score above 0.1. Multiple detections within each input
are filtered through a first non-maximum suppression (NMS)
using a 3D DIoU threshold of 0.1. Multiple detections from over-
lapping inputs are also removed using a secondary NMS with a
threshold of —0.3. Detections are then transformed back to the
SDC?2 catalog format by converting 3D positions to RA, Dec,
and central frequency, and by inverting the normalization applied
to the predicted source parameters.

Classical computer vision tasks are often evaluated in a way
that accounts for the detector’s confidence score. In contrast,
the SDC2 scorer expects a list of considered real detections. In
practice, we can filter our prediction catalog using an object-
ness threshold deducted from the objectness histogram or by
a rough estimate of the expected number of sources. The final
threshold can be fine-tuned with a few calls to the scorer to
optimize the result, which was our approach during the origi-
nal challenge. However, to comprehensively analyze our results,
we need to perform numerous comparable scoring on the MAIN
cube, which requires an automated threshold search. This is
achieved by scoring an unfiltered catalog, from which we extract
the list of matches from the scorer products, including the indi-
vidual score of each source. By binning our catalog by objectness
and computing the average score in each bin, we can iden-
tify the threshold below which adding sources decreases the
score. Since detection difficulty likely increases with frequency,
we split the detected sources into 20 frequency bins and opti-
mize independent thresholds for each bin. We acknowledge that
this post-process threshold optimization technically breaks the
challenge conditions, yielding a near 1% improvement in max-
imum achievable score over a naive threshold selection. Still,
this difference remains much smaller than the typical score
difference observed between independent detection methods
and allows us to compare all models produced with YOLO-
CIANNA in their optimal selection regime, ensuring that the
score difference between different setups or bootstrap steps are
significative.

On an RTX 6000 Ada GPU, with inputs of 64 x 64 x 256
and using FP16 compute resolution, we achieve a processing
speed of 300 inputs per second, or 315 million voxels per sec-
ond. The GPU memory footprint during inference is around
450 MB for a batch size of one and scales mostly linearly
with the batch size, allowing the model to be used for pre-
diction on entry-level hardware. The total processing time for
the 450 GB datacube is approximately 30 minutes, evenly split
between GPU processing and data loading from a high-speed
NVMe SSD. This excludes the preprocessing time of the raw
MAIN cube, which depends strongly on the available system
memory. Post-processing time to filter the model’s predictions is
negligible.
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4. Results
4.1. MAIN cube scoring

We present results from four successive bootstrap trainings:
BASE, BT1, BT2, and BT3. We show the evolution of all nat-
ural loss subparts on our proxy validation dataset as a function
of the iteration for these four trainings in Fig. 4. We also rep-
resent the evolution of the score evaluated on the MAIN cube
as a function of the iteration to confirm the absence of over-
training. We observe a plateau in the loss at the beginning of
training for the BASE model. This plateau corresponds to a
regime in which the network is still unable to identify the rel-
evant signal for the task. Its length depends strongly on the
method setup and backbone, with the worst-case scenario being
an infinite plateau. The subspace of method parameters and
architecture that enables the network to overcome this state
is narrow and hard to find, highlighting the difficulty of the
task. We observed that selecting only the few hundred bright-
est sources as targets reduces the plateau’s length, but it also
means fainter sources are never detected, resulting in a lower
score. This is one of the motivations for using a bootstrap train-
ing approach, which allows the selection function to be refined
over successive trainings. For a given selection function, there is
no clear correlation between the plateau’s length and the maxi-
mum achievable score when varying other parameters. Here, we
optimized our method to reach the best score regardless of the
plateau’s length. BT1 to BT3 training losses do not exhibit the
same initial loss plateau because these models rely on pre-trained
layers from their respective previous bootstrap models, which
had already learned the task’s principles. We discuss how boot-
strapping using from-scratch retraining of each model affects this
initial plateau in Appendix D. The observed short-term instabil-
ity in both loss and score is caused by the low average source
density, which leads to strong variation in typical source content
between iterations. For each training, we selected the iteration
with the highest score on the MAIN cube as the final model state.
In principle, the best iteration should be determined based on an
independent validation dataset distinct from both the training and
final test datasets. However, as discussed in Sect. 3.4, splitting
the small LDEV catalog would further reduce an already small
training source catalog.

Table 5 presents a detailed score result comparison of the
catalogs produced by our four models and of teams that scored
above 10000 points in the original challenge. This table high-
lights the number of candidate detections, matches based on the
scorer criteria, false positives, purity, and the average source
score. A small description of each team’s method and a detailed
comparison of the produced catalogs are provided in the SDC2
summary paper (Hartley et al. 2023). Here, we summarize a few
additional observations regarding the original challenge scores.
ML methods were used for all or part of the pipeline of several
teams, notably by the two top-scoring teams and three of the
four teams with the lowest submitted scores. This illustrates both
the potential and the intrinsic difficulty of implementing such
approaches for analyzing astronomical data. Also, most teams
that applied denoising as a preprocessing failed to achieve a high
score. This step likely removes signal from fainter sources, which
are detectable only through their complex 3D signal distribution
in a high noise environment. Although the first few layers of our
backbone can act as a denoiser, the network learns which signal
to compress or preserve regarding the specific SDC2 task. Most
teams using classical approaches relied on the same software,
SoFiA (Serra et al. 2015; Westmeier et al. 2021). Team SOFIA



Cornu, D., et al.: A&A, 707, A203 (2026)

—— Position —— Size —— Probability —— Objectness —— Parameters
0.15 BASE + I R Rt 4.‘-""‘“. ++ L .,..n'*'"'*"'~+--.+ 25000
i S A N e i R L 22500 @
[a) Foees R Best score is o
j 0.10- ; ¥ X 24664 at iter 4000 20000 B
0
S 0.054 17500 r
] . " SR ITART ) ORI O POPPRRRVING (TR0 TSPV Y W)
0.001 T u Mg AL W i b g Ll N 15000
BT1 5 RN R T CI R IR I 25000
- 4

0.100 e e e R Tt T
> R o i
& 0.0751 ¥ Best score is 22500 I
[a) s 25453 at iter 3800 50000 o
v . " n F n

-
«n 0.0504
B o | MM 17500 %
=1 0.0251 W‘WMWWWMW
MMA N Yy

. Mol iy e e ™ IR VY " F
0.0001 15000
ek IRt R TP L
_ 0190] BT2 R S — Foy,  [25000
g 0.075 * Best score is ¥ 22500 g
25392 at iter 2400
= ] ki ‘ - ‘ L 20000 3
0 0.050 N
O
o L
S 0,025 l Mot | 7702
il ok " Yy [ TSP TR PTY Loded " A e L o
0.000 1 - ‘ ‘ ‘ - | 15000
0.100 BT3 " + . gk, Feepeand + 25000
& 0.0751 et W e * L L 22500 @
a . ¥ 25387 at iter 2000 ol
& 0.050 Wity . N £ 20000 3
3 1 2
— 0.0251 WMMMWWMMM““ sssitusisonst | 00
(W Aonnod s AN e AL b e i ] sl dh i L ) it " -
0.000- — : : ‘ : : : : : - | 15000
100 200 300 400 1000 2000 3000 4000 5000 6000
Iteration

Fig. 4. Evolution of the validation loss subparts (natural, Appendix A.7 in Paper I) during training for our four successive bootstrap models. The
first 20 iterations are omitted. Scores computed over the MAIN cube are indicated every 200 iterations after 400.

Table 5. SDC2 scores for source catalogs from different teams and methods.

Team/method/model M (score) Nyet Nmatch  Nraise  Purity 5

Post-challenge results
YOLO-CIANNA v1.0

- BASE 24 664 36360 33404 2962 9197% 0.8269
< purity threshold 18459 22126 21927 199  99.10% 0.8509
-BT1 25453 36971 34115 2862 92.28% 0.8298
< purity threshold 19631 23505 23294 212 99.10% 0.8518
-BT2 25392 36438 33785 2658 92.72% 0.8301
s purity threshold 19484 23354 23135 220 99.06% 0.8517
-BT3 25387 36571 33791 2786 92.40% 0.8336
< purity threshold 19072 22752 22543 209 99.08% 0.8553
Challenge results (M, > 10000)
MINERVA vO0.1* 23254 32652 30841 1811 94.5% 0.81
FORSKA-Sweden 22489 33294 31507 1787  94.6% 0.77
Team SOFIA 16 822 24923 23486 1437 942% 0.78
NAOC-Tianlai 14416 29151 26020 3131 89.3% 0.67
HI-FRIENDS 13903 21903 20828 1075 95.1% 0.72

Notes. The bold elements highlight the optimized metric for each result. *Combination of the catalogs obtained with a prototype version of
YOLO-CIANNA 3D and CHADHOC (Hartley et al. 2023).
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notably achieved third place in the challenge. The second best-
scoring team, FORSKA-Sweden, used a 3D U-Net for source
segmentation but also relied on SoFiA for a part of its source
characterization. Still, the remaining score difference between
the classical SoFiA method and the two top-scoring 3D-CNN-
based approaches highlights a specific strength of this type of
model in extracting complex 3D patterns in high noise con-
texts (Appendix B). Interestingly, this contrasts with the results
of Barkai et al. (2023), which performed a comparative study
of a few HI detection methods and observed that SoFiA and
a V-net 3D-CNN-based method performed similarly. This also
highlights the importance of the architecture, method setup, and
quality of the training data. Although some teams published a
detailed version of their pipeline after the challenge, such as
FORSKA-Sweden (Hakansson et al. 2023), there is currently
no published post-challenge score comparable to ours. To facil-
itate future comparisons, all models and catalogs presented in
this paper are made publicly available (Sect. 6).

Our new BASE model improves our top challenge score by
6.1%, and the BT1 model pushes this improvement to 9.5%,
placing it 13.2% higher than the second top score. The num-
ber of matched sources also increases by 10.6% between our
BT1 model and our top challenge score. We note that the typi-
cal variation in best achievable score over multiple training using
the same setup is typically around +0.6%. Additional bootstrap
training steps after the first one produce no significant improve-
ment, except for faster convergence, as illustrated by our BT2
and BT3 models. The BT1 model scoring higher is mostly due
to chance, as the training sample for all three BT models does
not change much (see Sect. 3.5). BT2 and BT3 scores are within
typical retraining variability using the same setup. This indi-
cates that our base selection function is already a good starting
point. In Appendix E, we show that the bootstrap approach
can help reach similar scores when starting from a degraded
selection function. We highlight that our MINERVA vO0.1 score
was achieved through a combination of two methods, a pro-
totype version of YOLO-CIANNA, and a hybrid classical and
ML method called CHADHOC (Sect. 4.1.7 from Hartley et al.
2023). At the time, the YOLO-CIANNA prototype was limited to
~21 000 points, meaning that we improved our method-specific
score by around 20%. The distribution of predicted sources is
mostly homogeneous over all three dimensions of the MAIN
cube. We represent cutouts centered on a few matched sources
in Appendix B.

We represent histograms of the integrated line flux for both
the matched and false detections in comparison to the complete
MAIN truth catalog for BT1 in Fig. 5. The first histogram is
based on the target values and used to compute completeness as
a function of the real line flux, whereas the second is based on
the model predictions and used to calculate purity as a function
of the predicted line flux. We also represent histograms of the
target smoothed and non-smoothed S/N for the matched detec-
tions, as defined in Sect. 6.2 of Hartley et al. (2023). This S/N
estimate was added to the MAIN truth catalog after the chal-
lenge and is therefore only used for analyzing the results. Finally,
this figure shows a 2D histogram of the matched source volume
against the target line flux. These plots show that false detections
arise mainly in the low-flux regimes where completeness and
purity drop smoothly. We also observe that the model correctly
detects sources fainter than the limit imposed by our selection
function, which is primarily due to our bootstrapping approach.
Still, this ability to detect sources outside the training distribu-
tion is also observed in our BASE model’s predictions, though to
a lesser extent. These faint sources are likely rendered detectable
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Fig. 5. (a) Two-dimensional histogram of the MAIN cube detection
matches target volume as a function of their target integrated line flux.
The dashed red line represents the selection function as in Fig. 2. (b)
Histogram of the target line flux for the MAIN truth catalog and the
matched sources. False positives are added based on their predicted flux.
Completeness is overplotted for relevant bins. (c) Histogram of the pre-
dicted line flux for the matched predicted sources and false positives.
The MAIN truth catalog is plotted in the background based on the tar-
get line flux. Purity is overplotted for relevant bins. (d) Histogram of
the smoothed S/N for the MAIN truth catalog and the matched sources.
Completeness is overplotted for relevant bins. (e) Identical to d but using
the raw non-smoothed S/N.

by flux boosting from the local noise, as discussed in the next
section.

Our method produces a list of detections ordered by object-
ness confidence. Instead of selecting the threshold that max-
imizes the SDC2 score, we can search for a threshold that
enforces a purity of at least 99%. We report the scores and prop-
erties of these purity-optimized catalogs for our four models in
Table 5. The resulting catalogs still score 10-17% higher than
team SOFIA, the best non-ML approach. On the contrary, low-
ering the threshold results in more detection candidates. When
applied to real observational data, these low-confidence detec-
tions could serve as follow-up targets for an observing program
aimed at confirming some of them. The advantage of predicting
a self-assessed confidence score is that a trained model samples
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Fig. 6. Subpart error distributions as 2D histograms against relevant target quantities or scales. For each subpart, the corresponding 1D error
histogram and the associated score response functions are provided. The dashed red lines indicate the error region where the score saturates at 1.
Orange lines and arrows indicate the range of values from the training sample when relevant. Dotted black lines represent the error obtained when
predicting the minimum value from the training sample across the full comparison scale.

the full detectability range. Therefore, as we did in Sect. 5.1.4 of
Paper I, we computed an alternative metric similar to an average
precision (AP). For this, we lowered our initial objectness predic-
tion threshold to 0.05, sorted the predictions by objectness, and
passed them to the SDC2 scorer to obtain the list of matches. We
then computed the running precision (purity) and recall (com-
pleteness) over the catalog and converted them into a smoothed
precision-recall curve, whose integral defines the SDC2-based
AP. We report AP values of 18.35, 18.32, 18.34, and 18.25 for
our BASE, BT1, BT2, and BT3 models, respectively. The total
number of matches is close to 50 000 for all models. To estimate
the chances of random matches with a background source, we
computed the AP of the BASE catalog after randomizing the 3D
positions of all detections, yielding only 361 fortuitous matches.
This indicates that detections in the low objectness regime con-
tain a fair number of real detections, but the number of false
detections is likely too high relative to the SDC2 scorer require-
ment. We also computed a purely geometric DIoU-based AP
score for all models, which is presented in Appendix C.

4.2. Source characterization quality

Our BT1 model achieves an average characterization score of § =
0.8298, improving our original challenge submission by 0.02,
which was already the highest characterization score among all
teams. When multiplied by the approximate 34 000 matches,
this results in a direct increase of about 680 points. However,
an average characterization score is not suitable for comparing
methods with varying detection performances. This penalizes
strong detectors that successfully detect many faint sources,
which are likely also difficult to characterize. This is illustrated
by our alternative purity-optimized catalogs that all achieve 5 >
0.85 by selecting only the most obvious detections. A better

approach would be to evaluate the average characterization score
for catalog intersections for each pair of methods to compare,
so it is computed on the same list of sources. However, to date,
the catalogs submitted by teams that participated in the original
challenge have not been publicly distributed. This is one of the
motivations for distributing all our SDC2 catalogs, which should
enable future comparisons (Sect. 5).

We also note that the scorer uses relative errors, which lead
to an asymmetry between positive and negative errors, with the
positive side unbounded and the negative side limited to minus
one. When combined with symmetric score response functions,
catalogs that systematically underestimate parameters achieve
higher scores than those with a zero-centered error distribution.
This bias is inherited from the SDC1 scorer design as discussed
in Sect. 5.1.3 of Paper 1.

To thoroughly evaluate the characterization accuracy of our
method, we rely on the detailed information exposed by the
scorer code. For each match, it provides the predicted and tar-
get source properties, the matching distance, all error subpart
values E from Table 1, and the final source score recombined by
Eq. (7). From this, we draw individual error subpart histograms
and compare the resulting error distribution with the associated
score response function, both shown in gray in Fig. 6. For each
error subpart, we use dashed red lines to indicate the region of
the distribution where the score is saturated. The more the error
distribution is contained in the corresponding area, the higher
the average subpart score. For each error subpart, we identified
an appropriate source target property against which it is relevant
to represent the error distribution. For example, we represent the
flux error as a function of the target’s integrated line flux, which
is natural considering that E™* is simply a relative flux error.
The sky position, HI size, and PA are represented against the tar-
get beam-convolved HI size. The frequency position, line width,
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and inclination are represented against the target line width. All
these distributions are represented in the form of 2D histograms,
presented alongside their 1D counterparts in Fig. 6.

From this figure, we observe that faint sources exhibit a
strong positive error. This results from multiple effects. Firstly,
the cube noise imposes a hard limit on the minimum predictable
flux. Secondly, the random fluctuation of the noise can either
boost or reduce the apparent flux. Sources with per-voxel flux
near the noise level can only be detected when the noise contri-
bution is positive, thereby acting as a selection effect of sources
with overestimated flux. This effect is reinforced by the detec-
tor’s inability to predict a flux below the minimum target value
seen during training. This is illustrated by the dashed black line
over the 2D E™ error distribution representing the error that
would arise by systematically predicting the minimum training
flux. Considering that the scorer includes the flux error in its
matching criteria (Eq. (1)), properly detected faint sources might
be rejected based on high flux error, even though we reached
the best achievable flux prediction for the noise level. Although
the scorer does not expose the Dy value for rejected sources,
we observe that the faintest matches already have values close
to the Dy > 5 rejection limit, suggesting that some of our false
positives might fall in this category. On the contrary, the flux of
the brightest sources is underestimated, which is mainly caused
by the scarcity of bright examples in the training sample.

We observe similar behavior in both source size and line
width error distributions, which also result from observational
limits, specifically the beam size and channel resolution. These
subparts have higher average scores due to less strict error
thresholds. Both the sky position and the central frequency
appear well characterized, as would likely be the case for any cat-
alog of matches, since poorly positioned detections have already
been rejected by matching criteria stricter than the associated
subscores. We note that despite their resemblance, EP*® and Dy
are two different quantities, as they rely on different reference
sizes (S’ # S"”), which explains why the position error distribu-
tion does not expand up to the matching rejection limit of one.
Finally, the position angle is well characterized for sources with
sufficient HI size but is predicted at random for small sources,
which is also a consequence of the observational limit imposed
by the beam size. The inclination angle achieves a better score.
However, the substructures visible in the distribution as a func-
tion of the line width suggest that this angle might be inferred
from correlated parameters rather than directly measured from
the cube. We confirm that the network learns parameter correla-
tions to some degree in Appendix A by representing the source
distribution for a selected set of parameter couples.

5. Discussion

This second edition of the SKAO SDCs improves the challenge
format in several ways compared to the SDC1. The simulated
cube includes more physical and instrumental effects, improv-
ing its realism, which is also a strength of the subsequent SDC
editions (see the SDC3a, Bonaldi et al. 2025). The LDEV cube
is a proper representation of the MAIN cube, allowing one to
train supervised ML methods without requiring representativ-
ity corrections like we implemented in Paper 1. Still, the use of
a similar scoring method to the SDCI results in the same bias
and limits, such as strong coupling between detection and char-
acterization performance evaluation, or the absence of a confi-
dence score weighting like in most computer-vision challenges.
We also acknowledge that using simulated data provides an
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unrealistic advantage for training supervised ML methods com-
pared to real observations. All sources are known and perfectly
characterized, allowing for the definition of unambiguous tar-
gets, which would not be the case with observational labeled
catalogs.

The results obtained with our YOLO-CIANNA 3D method,
combined with the fact that the two top-scoring teams from the
SDC?2 utilized 3D CNNs, demonstrate that this type of structure
offers significant advantages for processing noisy hyperspectral
data. However, as discussed in Paper I, this requires one to build
dedicated approaches that account for the specificities of astro-
nomical data at the heart of their design. For this study, this
was facilitated by the low-level nature of our CIANNA framework.
Nevertheless, several aspects of our method could be improved.
In terms of backbone architecture, CTANNA V-1.0 does not imple-
ment residual and skip connection layers (He et al. 2016), which
limit the maximum network depth. Such layers have been added
to the experimental build of CIANNA, which should be publicly
released on a short timescale. Unlike some versions of YOLO
(Redmon & Farhadi 2018), we did not split predictions across
scales, which is also related to current architectural limitations.
In addition, having a fixed number of detection units on a finite-
sized grid constrains both the positioning resolution and the
density of detectable sources. This limit could likely be over-
come by adding attention layers (Vaswani et al. 2017; Carion
et al. 2020; Zhang et al. 2021) and modifying the definition of
the output layer. We are also exploring pre-training of our back-
bone using the denoising diffusion probabilistic model (DDPM,
Ho et al. 2020) formalism. This could be used to pre-train a
model over the MAIN cube without requiring any source tar-
gets. Finally, we could inject context information, such as the
instrumental setup, at multiple stages of the backbone to guide
the source extraction (Lu et al. 2019). This would enable us to
train generic detection models compatible with multiple setups
or instruments.

The natural next step after achieving state-of-the-art results
on simulated data is to generalize our method application to
observational data from SKA precursors such as the LADUMA
(Looking at the Distant Universe with the MeerKAT Array,
Blyth et al. 2016) and WALLABY (Widefield ASKAP L-band
Legacy All-sky Blind surveY, Koribalski et al. 2020) surveys.
Our method could also be generalized to detect line emission
in hyperspectral surveys covering a different frequency domain,
such as MUSE. However, it requires a large set of labeled
examples to build the training and validation sets. Although
simulations can generate large example datasets for pre-training
highly parametric statistical models, they often lose accuracy
when generalized to real observations. A complementary train-
ing phase on real labeled data is almost always necessary, and
the inference pipeline must necessarily be calibrated on a labeled
real validation dataset. For this, we would combine labels from
classical detection methods, crowdsourced science, or existing
catalogs from other instruments. The supervised nature of our
method implies that the trained detector would likely inherit
uncertainties and biases from the methods used to define the
targets. Combining independent labeling methods might help in
this regard. In all cases, the bootstrap training strategy can be
used to train a model from an imperfect training sample to iden-
tify new candidates, which can then be confirmed using other
labeling approaches or new observational programs, iteratively
improving detection sensitivity. Preparatory work indicates that
direct porting of our SDC2-trained models generalizes well to
preliminary LADUMA data after a simple rescaling, produc-
ing candidate detections compatible with catalogs obtained with
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SOFIA. Specific retraining for this survey is currently being
explored.

We conclude by updating the numerical environmental foot-
print estimated in Paper I, which already accounts for most of
the impact associated with the YOLO-CIANNA method devel-
opment and testing for 2D and 3D datasets. For this SDC2 study,
we estimate the specific additional computational time to 4000
GPU hours, which includes the 1000 hours granted to MINERVA
on Jean-Zay during the original challenge. Using the same esti-
mates of 0.5 kW of average system power consumption when
training with a single GPU, and France’s carbon intensity esti-
mated by the ADEME for 2022 at 52 gCO,-e/kWh, the added
impact is about 104 kg of CO»-e.

6. Conclusion

In this paper, we generalize our YOLO-CIANNA deep learning
and characterization method to 3D hyperspectral data from the
SKAO SDC2. We detail the required modifications to the box
definition, the position and size regression loss subparts, and the
match association metric. We present a backbone optimized for
HI line-emission detection and describe the construction of our
training sample and our training and inference pipelines.

Our results show that 3D CNN structures efficiently extract
complex 3D patterns specific to HI sources and achieve best-
in-class source characterization. However, we highlight that
implementing such a method on complex astronomical data is
challenging in practice, and that only a narrow region of the
parameter and architecture space enables successful training. We
also introduce a bootstrap training strategy that relies on the
self-assessed detection capability of successively trained mod-
els to refine the selection function used to build the training
sample.

These state-of-the-art results are encouraging regarding the
generalization of the method to observed surveys from SKA pre-
cursor instruments, with preparatory work currently underway
for the LADUMA and WALLABY surveys. Although 3D CNN
approaches should not be considered drop-in replacements for
classical analysis tools, which often offer greater interpretabil-
ity and consistency, our results demonstrate that deep learning
detectors can efficiently produce complete and pure first-guest
catalogs from large hyperspectral datasets.

Data availability

Example scripts and notebooks are provided in the CIANNA git
repository to help reproduce our results. We also publish all
training and inference codes, trained models, and detection cat-
alogs presented in this paper at 10.5281/zenodo. 18403011,
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along with ancillary models trained over the whole MAIN cube
to serve as pre-training states for transfer learning toward other
data or surveys (Appendix F).
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Appendix A: Source parameter space correlations

Both the MAIN and LDEV truth catalogs exhibit correlations between source parameters. As we observed in Sect. 4.2, the inclination
angle error distribution exhibits substructures, suggesting that the network likely infers this parameter from other source properties.
We identified parameter pairs that exhibit correlations and present them in the form of 2D histograms for all matched sources in our
BT1 catalog in Fig. A.1. To determine whether our detector reconstructs these correlations, we show the distributions for both the
predicted and associated target values. We also display histograms for candidate detections rejected by the scorer’s matching criteria
and for the training sample to determine if the parameter space coverage is sufficient for these correlations to be clearly identified.

We observe a linear correlation between the flux and the HI source size. We also observe substructured distributions in both
histograms that involve the inclination angle. Our detector fails to capture most fine-grained substructures, reducing them to mostly
linear relations, which is likely due to the sparse sampling of the parameter space by the training sample. Still, the observed relations
confirm that the model learns to correlate source properties, allowing it to infer some parameters from others that are easier to
evaluate. Finally, we observe that most false detections are faint sources with a small HI size and line width that fall in the lower half
of the distribution. Although not shown here, we note that false detections are uniformly distributed across sky position and central
frequency.
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Fig. A.1: Two-dimensional histograms of selected source parameter pairs. Rows correspond to different source catalogs: the first and second rows
represent matched sources from the MAIN from BT1 using the predicted and target source values, respectively; the third row represents false
detections; the fourth row represents the selected training catalog from the LDEV cube.

Appendix B: Local reprojection effect on detectability

Like most participating teams, upon getting access to the SDC2 data, our first action was to explore the cubes visually. This approach
allowed us to identify only a handful of very bright sources. Smoothing the LDEV cube in the frequency axis can increase the number
of visually identified sources up to a hundred (~1% of the LDEV catalog). Directly visualizing the source signal in 3D, as we did
with Fig. 1, is only possible for the brightest sources. Fainter sources can be visualized by taking a cutout centered on the source
coordinate and projecting their signal along one of the cube axes based on the source extension, which boosts the S/N. This per-
source approach obviously outperforms global cube smoothing in enhancing the individual source signal. However, it requires prior
knowledge of each source’s position and extension, which defeats the purpose of a detection and characterization task. Still, this test
confirms that around 10% of sources have sufficiently high signal density to be detectable, which remains lower than the capabilities
of our YOLO-CIANNA detector.

Here, we aim to identify potential explanations for the robust detection capability of our method on this task. We hypothesize
that 3D CNNs can learn to recombine the input signal in a way that enables them to dynamically explore multiple 3D reprojections

A203, page 14 of 18



Cornu, D, et al.: A&A, 707, A203 (2026)

Original [E=7 Target boxes [E=] Predicted boxes Reprojected

Truth cat ID: 15770

.-

Hisize = 44.34", PA =295.66° f=507.94 Jy Hz, wyo=460.56 km s~%, 1=67.09°

Truth cat ID: 15716

HI size = 31.23", PA =336.84°

Truth cat ID: 101104

o

- L= i 1
Fi'size = 27.957, 1PA= 165410 | F=184.91 Jy Hz, wao = 448.33 km 521 I'= 36.67

X [pix] Z | FREQ [channel] R.x

Fig. B.1: Signal projection for a subset of matched MAIN-cube detections. Each row corresponds to a source. The left column is obtained from
cutouts centered on the source in the original MAIN cube, whereas the right column is obtained after reprojecting the cutout based on each source’s
PA and i. For each cutout, we present two 2D projections, one in the plane of the sky by averaging over the frequency axis, and the second in a
sky-frequency plane by averaging over one sky axis. Images are in arbitrary units inversely proportional to the normalized voxel intensity. The
colormap is adjusted to maximize the per-image contrast. The truth catalog id and the target source properties are indicated for reference. Boxes
are overplotted on the /eft column for each source and represent the target box in green and the corresponding detector’s prediction in blue.

and various source extensions based on the input context. To test this, we can identify the source main signal plane using the known
truth PA and inclination angles, and reproject the cube to align with it. We do this for a few successfully detected sources from
the MAIN cube and present the results in Fig. B.1. To better illustrate the effect of this per-source reprojection, we select sources
covering an extensive range of S/N and compare their 2D projections in the original cube and in the reprojected cutouts. The first
source is the same as the one represented in Fig. 1. Regular horizontal lines visible in the reprojected space are artifacts of the cube
reprojection method we used. Boxes corresponding to our target definition and the associated network prediction are overplotted on
the projections from the original cube.

As expected, reprojecting based on known source characteristics boosts the signal. Any classical detection methods applied
directly to this reprojected space would likely achieve similar performance to that of our detector. The strength of our method lies
in its ability to identify such transformations automatically on the fly for each source. The fully convolutional 3D translational-
equivariant structure of our backbone implies that our detector behaves as if the same sub-detector were simultaneously applied to
every subregion mapped by our network, as defined by the output grid. Because this sub-detector is built from stacks of 3D convo-
lutions, it can simultaneously scan for a wide range of 3D patterns that can typically emulate the expected projections. Achieving
the same result with a classical method would require one to follow a sliding window approach, testing all possible positions in the
3D cubes and multiple detector configurations to account for the variety of suitable reprojections, which would be computationally
prohibitive.
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Appendix C: Detection-only task performances

In Sect. 4.2, we discussed how the SDC2 scorer correlates the detection and source characterization and how it affects the evaluation
of the detector’s capability. Here, we evaluate whether merging detection and characterization into a single model compromises
pure detection performance. This question arises because the YOLO-CIANNA loss combines multiple objectives that are balanced
through scaling factors (Eq. (14) in Paper I), which may compete against each other. This question is addressed for the specific case
of the SDC1 in Appendix D of Paper I, where a DIoU-based AP score is used to evaluate the purely geometric detection capabilities
of our method across different training setups. It concludes that our combined detection and characterization model performs sys-
tematically better than equivalent models for which the parameter prediction subloss is deactivated. Although a naive combined loss
could slightly reduce detection performance, the cascading loss design in YOLO-CIANNA ensures that the characterization target
is used only for sources that are already confidently detected, thereby improving both detection and characterization results. These
observations align with our general hypothesis that simultaneously predicting correlated variables often yields better results than
making independent predictions.

In this section, we present the results of a similar verification for the SDC2, computed using purely geometric 3D DIoU-based
AP scores at different thresholds for our four reference models from Sect. 4.1, to which we added a model trained with parameter
prediction turned off (No-param). This new model was trained using the BASE model configuration and with our default selection
function (Sect. 2.3). The absence of parameter predictions prevents bootstrapping, as it relies on the scorer matching criteria. We
compute AP scores for DIoU thresholds of -0.3, 0.1, and 0.5, which correspond to the DIoU limits used in the second and first
NMS steps of the prediction pipeline, and to a strict high-quality match criterion, respectively. The absence of source characteristic
predictions also prevents us from using the scorer to identify the best iteration. We therefore rely directly on the geometric AP scores
to select the best iteration for the No-param model, while keeping the best iteration based on the SDC2 scorer for all other models. We
note that this choice might give the No-param model a small unfair advantage regarding AP scores. We present the purely geometric
AP scores in Table C.1, along with the scorer-based AP for our four reference models. The model without source characterization
matches our BASE model’s geometric AP scores at the first two thresholds but falls behind for the stricter threshold. It appears
that the added parameter prediction improves source positioning and sizing but has no substantial impact on source detectability.
Still, we can confirm that simultaneous detection and characterization have no adverse effect on pure detection accuracy using our
YOLO-CIANNA method on the SDC2.

Table C.1: Detection-only score metrics with and without the extra-parameter prediction enabled during training.

Model AP_o3 APy APys NZ"O 3 NS"1 Ngli

With param. BASE ~ 19.20 16.72 9.01 54022 46040 27476 1835 51520 0.7816
With param. BT1 1934 1699 970 52524 45323 28567 1832 49306 0.7908
With param. BT2 1933 1687 929 52768 45302 27806 1834 49579 0.7903
With param. BT3 1926 16.89 9.64 52672 45282 28407 1825 49437 0.7910
No-param. 1924 16,69 8.18 55996 46997 26807 N/A N/A N/A

m o
| APspca N¢pey $

Appendix D: Bootstrap with from-scratch training

In Sect. 3.5, we stated that during bootstrap, we reuse part of the trained layers from the previous model at each step, simply
reinitializing the last three layers with random weights. This approach allows us to start from a model already capable of identifying
obvious objects, removing the initial training plateau observed in the BASE model’s validation loss in Fig. 4. The training can
then focus on identifying fainter objects added to the training sample based on previous model detections. Here, we provide a
reference point for what happens when starting with a fully randomized set of weights for all layers (from-scratch training) during
bootstrapping. To exacerbate the effects, we retrained the equivalent of our BT2 model, which corresponds to a second bootstrap
step, creating an FS-BT2 model. We represent the evolution of the validation loss as a function of the training iteration in Fig. D.1.

We observe an initial loss plateau for around 800 iterations, indicating that the model has difficulties in understanding the task
and detecting even the brightest objects. This is mostly due to the addition of fainter targets to the training sample, which reduces the
proportion of cases with an obvious object and adds training noise by requiring the model to detect sources in regions dominated by
noise. This is typically the regime that the starting selection function tries to avoid. While flagging added sources as difficult helps
mitigate the effect, it still affects training, especially given the reduction in the proportion of easy cases presented to the model due
to our training example generation strategy (see Sect. 3.4). We also observe that the maximum score achieved by FS-BT2 (24 653
points with 33 228 matches and 2606 false detections) is measurably lower than that of our BT2 model and closer to that of our
BASE model, and that it is obtained at a later iteration than BT2. In theory, as long as the model can break out of the initial plateau,
it should converge to a score similar to that of BT2, since they share the same training sample. We note that the average source
score is lower than that of all other models, with § = 0.8201, but this accounts for only half of the score difference (=300 points).
The rest most likely comes from a specific dynamic of the training: some YOLO-CIANNA loss subparts likely start overtraining
(likely the parameter prediction) before others converge, due to the delayed beginning of global convergence. Such behavior could
be addressed by adjusting the loss subpart scaling or other hyperparameters, but this would create an inconsistency in the training
setup across successive bootstrap steps. From these observations, we consider our default approach of reusing part of the previously
trained model more efficient than systematic from-scratch retraining.
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Fig. D.1: Evolution of the validation loss subparts (natural, Sect. A.7 in Paper I) during training for our FS-BT2 model. The first 20 iterations are
omitted. Scores computed over the MAIN cube are indicated every 200 iterations starting at 1000.

Appendix E: Bootstrap from a degraded selection function

We show in Sect. 4.1 that our bootstrap training approach introduced in Sect. 3.5 significantly improves the score of our BASE
model. However, the improvement may appear modest given the increased training time and pipeline complexity. We hypothesize
that our initial selection function is already near optimal, and that the bootstrap method would allow us to achieve a similar final
score if we started from a poorer selection. To test this, we defined a degraded selection function as

(f >100) or (f>20andV, > 0.016) (E.1)

selecting 984 sources as detectable, which represents approximately 70% of the sources used for our original BASE training. Select-
ing only brighter sources should accelerate model training convergence, but it is likely to result in a model that cannot detect fainter
sources. We then applied two successive bootstrap training steps, yielding three trained models: B-BASE, B-BT1, and B-BT2. We
summarize the results in Table E.1.

The B-BASE model catalog scores 6% below our BASE model with a 4% drop in matches and a lower average source score,
which is consistent with a reduced training parameter-space coverage. After a single bootstrap step, the B-BT1 model already
achieves a score similar to that of our BASE model. The second bootstrap further improves the score by placing B-BT2 in between
our BASE and BT1 models, confirming our hypothesis. Here, we followed the approach described in Sect. 3.5 to add new sources
to the training sample, thereby limiting the gains from the degraded selection function. In particular, all new sources are flagged as
difficult rather than confident targets, giving more weight to sources from the original selection function than to the new ones, which
is problematic if the starting selection function is too conservative. To address this issue, the selection process after a bootstrap step
could be modified to include criteria for adding a source to the confident target list. For example, if a source is confidently detected
over multiple consecutive bootstrap steps, it can be considered easy enough to detect. Also, in our current approach, we suppose
that a source from the initial selection function is necessarily detectable, which might not be true. We already stated that sources
originally selected that do not match the previous model’s predictions could be flagged as difficult, and if they are never detected
across multiple bootstrap steps, they should likely be removed. This would be particularly useful for applications involving artifacts
that can be selected by an initial function based on brightness but that do not match the morphology of typical sources from the
training dataset.

Table E.1: SDC2 scores for models trained from a degraded selection function.

Model M (Score) Net Nmatch  Npise  Purity 5

B-BASE 23238 34688 32031 2664 92.34% 0.8084
B-BT1 24657 36548 33612 2941 9197% 0.8209
B-BT2 24978 36938 33816 3130 91.55% 0.8310

Appendix F: Ancillary models for transfer learning

In this paper, we followed the original challenge conditions as closely as possible to produce results that can be compared with
other teams. Here, we aim to take a step toward generalizing our method to observed hyperspectral datasets by distributing models
pre-trained on the MAIN cube. For this purpose, we modified our training pipeline to generate examples from the MAIN cube at
each iteration, resulting in a much larger training sample than with the LDEV cube. This change would technically allow one to
constrain a more complex backbone and to relax some hyperparameters. However, it would require a tedious new exploration of
the associated parameter space. In addition, using the small LDEV catalog as a validation dataset makes it difficult to accurately
compare the performance of different setups. For these reasons, we chose to keep the exact setup from our LDEV cube training,
which had already demonstrated high detection performance. We used the same starting selection function as for our BASE training
and performed two bootstrap steps, producing three MAIN cube models: MC-BASE, MC-BT1, and MC-BT2.

The inference pipeline works the same way as before, and periodic predictions over the LDEV cube were used to monitor for
blatant overtraining. The objectness selection threshold was optimized against the LDEV score for each model. We summarize
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LDEV scorer-based results in Table F.1. Given the small number of LDEV sources, the scores we obtain are difficult to compare and
likely sensitive to retraining variability. Still, we observe a clear 5% score improvement between MC-BASE and MC-BT1, while
the increase from MC-BT1 to MC-BT?2 is within typical retraining variability. We distribute these three models publicly, along with
all other models presented in the paper, at 10.5281/zenodo.18403011. These MAIN-cube models should be used preferentially
when transferring SDC2 pre-trained models to new datasets, as they have been exposed to greater example diversity. They are also
the models used in the interactive SDC2 inference notebook in the CIANNA GitHub repository, since inference on the small LDEV
cube is faster and easier to fit within limited computing resources.

Table F.1: LDEV SDC2 scores for models trained on the MAIN cube.

Model M, (Score)  Nget  Nmach Nrise Purity 5

MC-BASE 1179 1770 1614 156  912% 0.827
MC-BT1 1246 1761 1650 111 93.7% 0.823
MC-BT2 1262 1761 1652 109 93.8% 0.830
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