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ARTICLE INFO ABSTRACT

MSC: Rapidly increasing data volumes from high cadence surveys, and the still larger streams anticipated from
68T07 the Legacy Survey of Space and Time (LSST), pose a major challenge for the timely and accurate analysis
62M45 of transient phenomena such as core-collapse Supernovae (CC SNe). Traditional approaches based on semi-
Keywords: analytical or hydrodynamical models, while physically grounded, hinder the large-scale characterisation of
Supernovae these transient events. We present a novel machine learning approach, focusing on low-interacting hydrogen-

Transient astrophysics

rich (H-rich) SNe. This approach encompasses two stages: a generative model produces synthetic light curves
LSST

Light curves (LCs) to augment.sparse or incomplete datasets,.am‘i deep learning models characterise LCs by regressing

Deep learning fundamental physical parameters. The characterisation stage uses an ensemble of neural networks, each

GenAl specialised to regress a single parameter, improving interpretability, modularity and robustness. To account

Synthetic data for observational systematics, we employ data augmentation strategies that mimic realistic noise and cadence
conditions. Benchmarking against semi-analytical and hydrodynamical simulations demonstrates that the
proposed generative method recovers LCs with error comparable to or smaller than observational noise, while
achieving inference speeds orders of magnitude faster than traditional modelling pipelines (with a throughput
beyond 10° LCs per second on a single GPU hardware). This could enable large-scale characterisation of H-
rich SNe within modern and upcoming survey data streams, preparing the scientific community to handle the
massive LCs flow expected from LSST.

1. Introduction us to trace the light curve (LC) evolution (i.e. the variation of brightness

over time), which encodes key information about the explosion dynam-

Core-collapse Supernovae (CC SNe) are among the most energetic ics and the physical properties of the progenitor star at explosion, such
events in the universe and play a crucial role in our understanding of as its mass, radius, and explosion energy.

the cosmos (Arnett, 1996). Indeed, in addition to representing essential To interpret these observations, astrophysical models are required

tools for investigating unresolved questions in stellar evolution (Heger
et al., 2003), they are relevant for different branches of modern astro-
physical research, ranging from cosmology (Arnett, 1996; Scannapieco
et al., 2008; Pumo and Zampieri, 2013) and astrobiology (Smith et al.,
2004) to multimessenger astronomy (Janka, 2017; Radice et al., 2019;
Ahumada et al., 2021; Cosentino et al., 2025c).

The study of CC SNe relies on the combined analysis of photometric
and spectroscopic data. In particular, photometric observations enable

to reproduce observed spectra and LCs under different physical con-
ditions. These models, ranging from semi-analytical formulations to
full radiation-hydrodynamical simulations, allow us to explore the vast
parameter space governing stellar explosions (e.g., Cosentino, 2024).
However, such simulations require substantial computational re-
sources, limiting their applicability when analysing large datasets pro-
duced by modern and upcoming transient surveys. Next-generation
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astronomical surveys, notably the Legacy Survey of Space and Time
(LSST) (Abell et al., 2009) at the Vera C. Rubin Observatory, will col-
lect an unprecedented volume of photometric data. These surveys are
expected to observe thousands of transients every night. Specifically,
the LSST is expected to increase the number of known SNe by orders
of magnitude compared to existing samples (Abell et al., 2009).

Under these conditions, traditional model-driven analyses become
computationally prohibitive, and a systematic large-scale characterisa-
tion of SNe becomes impractical without new methodological
paradigms. To overcome these challenges, recent efforts have focused
on accelerated analysis frameworks based on semi-analytical models
(e.g., Cosentino et al., 2025a) and, increasingly, on machine learning
approaches that emulate the behaviour of complex physical models
while drastically reducing computational time (Grassia et al., 2025;
Sarin et al., 2025; Grassia et al., 2025b).

Recent advances show that Al can both accelerate SN modelling
pipelines and learn representations that capture the physical depen-
dencies encoded in LCs (Lochner et al.,, 2016; Moller and de Bois-
siere, 2019a). Two complementary approaches are particularly rele-
vant. The first involves generative models, which produce synthetic
LCs that reproduce the physical variability of CC SNe, mitigating
data sparsity and improving training robustness. The second involves
regression-based characterisation, where neural networks directly infer
physical parameters—such as progenitor radius, ejecta mass, explosion
energy, and circumstellar medium properties—from the observed light-
curve morphology. Together, these methods enable efficient inverse
modelling while preserving physical interpretability.

In this paper, we propose an Al-based approach to automatically
characterise LCs of low-interacting H-rich SNe. We focus on these
SNe because, in addition to being one of the most common types
of CC SNe in the universe (Perley et al., 2020), they play a crucial
role in addressing several key open questions, including the physical
conditions that drive the diversity of H-rich SNe (e.g. Smartt, 2009;
Pumo and Zampieri, 2011, 2013; Nagao et al., 2025), the relationship
between the circumstellar medium and the mass-loss history of massive
stars in their final evolutionary stages (e.g. Smith, 2014), and the
conditions under which SNe can produce high-energy radiation and
neutrinos (e.g. Murase et al., 2011; Fang et al., 2020).

The approach we present comprises two stages: first, a generative
model produces high-quality synthetic LCs datasets to augment sparse
or incomplete observations; second, a characterisation model rapidly
infers physical parameters from observed LCs.

The remainder of this paper is organised as follows: Section 2
reviews related work on both physical modelling and machine learning
approaches to SN analysis, Section 3 illustrates the datasets used and
the data curation pipeline, Section 5 details the methodology and
Al architectures developed, Section 4 presents the data augmentation
techniques implemented to ensure model robustness, Section 6 reports
and discusses the results obtained. To conclude, Section 8 summarises
the findings, limitations, and outlines future perspectives.

2. Related work

SNe characterisation has traditionally relied on a diverse range
of theoretical models developed over decades to explain the complex
physical phenomena governing these explosive events. These method-
ologies range from analytical and semi-analytical models to complex
hydrodynamic simulations. Each approach is built on specific physical
assumptions and is suited to describe particular types of SNe or distinct
evolutionary phases (Cosentino, 2024). A foundational category of
models explains the luminosity of SNe, particularly Type Ia, as powered
by the radioactive decay of isotopes such as Nickel-56 (*°Ni) and
Cobalt-56 (°®Co) produced during the explosion.

Arnett’s pioneering works (Arnett, 1980, 1982) provided an analyti-
cal solution for the LCs based on the radiative diffusion of energy within
the expanding ejecta. For H-rich SNe such as Type II-P, other models are
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prevalent. The Popov model (Popov, 1993), for instance, analytically
describes the plateau phase of the LCs as the result of cooling and
recombination of the hydrogen envelope. More complex scenarios are
also modelled, such as those powered by a central engine, for example
a magnetar or black hole, where energy is transported via radiative
diffusion, as explored by Chatzopoulos et al. (2012). Other models
focus on the interaction between the SNe ejecta and the surrounding
circumstellar medium (CSM), a key mechanism for Type IIn SNe, as
detailed in the work by Moriya et al. (2013). Recent advances have
also introduced hybrid analytical approaches that aim to provide a
more comprehensive description of H-rich SNe. The model presented
by Pumo and Cosentino (2025) focuses on the intrinsic evolution of the
ejecta, incorporating recombination processes, radioactive heating from
36Ni, and the effect of a non-homologously expanding outer shell, with-
out invoking interaction with an external circumstellar medium. The
subsequent work by Cosentino et al. (2025c¢) extends this framework to
explicitly include ejecta-CSM interaction, modelling the dynamical and
radiative effects of a low-mass CSM, particularly relevant for potential
high-energy neutrino production.

Although these physical models are fundamental to our understand-
ing, they often require significant computational time to explore large
ranges of SN explosive parameters, making them impractical for the
statistical analysis demanded by modern large-scale sky surveys . This
computational bottleneck has driven the adoption of Al, in particular
deep learning, as a strategic solution to automate and accelerate the
analysis of SNe LCs.

A crucial preliminary step in many SNe LC analysis is to address
the nature of observational data, which is often irregularly sampled
and contains gaps. To handle this, LCs approximation methods are
used to create a continuous representation of the transient’s evolution.
Although different aforementioned approaches making use of physical
models were able to reproduce some subsets of observational data
faithfully, recent work has demonstrated the effectiveness of neural
network-based approaches. For instance, Demianenko et al. (2023)
explored multilayer perceptrons, Bayesian neural networks, and nor-
malising flows as alternatives to physically driven models, finding them
to offer a computationally faster approach for LC approximation com-
pared to iterative approximation methods, while achieving comparable
quality for downstream tasks such as classification and peak estimation.

Early applications of machine learning in this domain have largely
focused on photometric classification. Works by Lochner et al. (2016),
Mahabal et al. (2017), Moller and De Boissiére (2019b) and Burhanudin
et al. (2021) demonstrate the power of various algorithms to classify
SNe types from their LCs, a critical task for large-scale surveys.

Similar to very recent works (Grassia et al., 2025; Sarin et al., 2025;
Grassia et al., 2025b), we move beyond photometric classification by
introducing ASTRAI a two-stage pipeline that (i) performs physical
characterisation by inferring the underlying parameters directly from
observed light curves, and (ii) employs a generative Al model to
produce realistic synthetic LC datasets.

3. Datasets and data curation pipeline

Our Al framework was built and tested using three distinct but
interconnected datasets: two large datasets of synthetic LCs used for
training the models and a curated dataset of real SNe observations used
for validation and benchmarking. The pipeline is designed to ensure
that the synthetic data realistically mirrors the properties of genuine
observations. The model processes bolometric light curves as 1D tensors
of representing the log luminosity at each epoch after the explosion.
Before feeding, standard scaling and linear PCA is applied to the vector
of the log luminosities at each epoch to normalise the luminosity range
and reduce the number of features both at the input of the classifier and
at the output of the generator. Errors are not included as direct inputs;
instead, the model accounts for data variability through a custom data
corruption explained in detail in the following paragraphs.
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« The first dataset consists of 14,300 synthetic LCs generated using
a first semi-analytic model better described below that accounts
for 4 parameters - Progenitor’s Radius (Rx), Mass of the ejecta
(M,)), Explosion Energy (E,), and Nickel mass (Mss ;) - sampled
each day for 420 days.

The second dataset consists of 11,211 synthetic LCs generated
using a newer semi-analytic model better described below that
accounts for 7 parameters — the 4 aforementioned plus, Radius,
Mass and Slope exponent of the CSM (Regy, Mesays Scsm)
- sampled uniformly each six hours for a period of 400 days,
resulting in 1600 time points.

The third dataset is a collection of 219 LCs obtained by processing
real in-band observations from ZTF, ATLAS and other astronom-
ical surveys. This last dataset has not been used for training and
testing the models directly, but has been used to create and refine
the parameters of the data corruption pipeline (see Figs. 2 and 3).

3.1. Synthetic training dataset

In this work, we generated synthetic bolometric LCs using semi-
analytical models of Pumo and Cosentino (2025) and Cosentino et al.
(2025¢). In particular we use the submodel “EXP+IE” of Pumo and
Cosentino (2025) which is the same adopted in Cosentino et al. (2025c)
to evaluate the LC during the ejecta recombination and radioactive
decay phases

The detailed description of the two analytical models is explained
in the papers (Pumo and Cosentino, 2025; Cosentino et al., 2025c).

We first adopted the 4-parameter model, which was designed specif-
ically to reproduce 87A-like LCs. Then we extended the method to
the more complex 7-parameter model to better approximate the first
days of the explosion, taking into account the interaction with the
Circumstellar Medium (CSM). Fig. 1, Fig. 2 and Fig. 3 illustrate how
the principal parameters of the two models shape the resulting LC
morphology. The two synthetic datasets have been the main resource
used to train and validate our AI models, teaching them to map the
features of an LC back to its underlying physical parameters.

3.2. Real observational dataset

A key challenge is that real observations (photometric data across
different colour band filters) and our synthetic data (bolometric LCs)
are not directly comparable. To solve this, we created a data curation
pipeline leveraging the SuperBol algorithm (Nicholl, 2018). We opti-
mised and applied the SuperBol routine to the real photometric data to
estimate the bolometric LC for each observed SN. This step enabled to
transform in-band data into bolometric estimates accounting for time
dilation, extinction, reddening, and blackbody correction allowing us
to directly compare the output of our models with real events, validate
that our synthetic data is a realistic representation of actual SNe, and
benchmark the final performance of our Al framework on real-world
test cases.

4. Data augmentation

Al models trained exclusively on “perfect” synthetic data often
exhibit limited generalisation ability when applied to real observational
data. Astronomical observations are inherently imperfect, characterised
by instrumental noise and non-uniform temporal sampling (observation
gaps). While flux errors are not provided as a dedicated input channel.
The model’s robustness to observational noise is addressed through a
data augmentation and corruption pipeline. During training and predic-
tion, we apply noise and simulate missing data (gaps) using a custom
corruption module. This forces the Conditional VAE to learn a noise-
resilient representation of the light curves, effectively handling the
intrinsic uncertainties of real bolometric data. The data augmentation
techniques are detailed below:
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Fig. 1. Four panes illustrate how each parameter shapes light-curve mor-
phology in the four-parameter synthetic dataset. Mass, Energy and Radius
contribute to shaping the peak phase of the LC while the Nickel percentage
acts on the tail part.

» Noise: The noise is generated independently for every time step in
every LC, ensuring variability across both the temporal dimension
and the batch. The SNR for a point source with flux F (in
electrons) is calculated as:

SNR = F )

2 2 2
\/F + nﬂix(axky + aread + o—durk)
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Fig. 2. Mean effect of the change of parameters on the LC over the epochs. The
plots show the effect of the parameters at various epochs for the 7-parameter
model on a linear scale. The effect is shown in green for a positive variation
and in red for a negative variation. The three lines correspond to a change in
the parameter 0.5, 1.0 and 1.5 standard deviation from the LC generated with
the mean parameters. To enhance the visibility of the plot, a zoom has been
added on the first 10 epochs after the explosion.

where:

— F: is the total number of photons from the source.

n,;,: is the number of pixels in the integration aperture.
2.
sky*

- Urzea o is the variance from the readout electronics.

- ajmk: is the variance from the dark current.

— 0%, :is the variance from the sky background.

However, the full formula can be simplified with a Poissonian
component proportional to the source, plus a constant bias com-
ponent from the background estimation.

Each LC is perturbed by adding random values drawn from a
normal distribution with zero mean and a specified standard
deviation proportional to the square root of the flux.
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Fig. 3. Mean Variance of the effect of the parameters change on the LC over
the Epochs in log-log scale. Graph showing the effect of the parameters at
various epochs for the 7-parameter model. The variance is normalised to the
maximum epoch. As it is also well known, the parameters of the progenitor
can be inferred with good approximation also by only looking at the tail of
the supernova. While the first week of data is essential for the inference of the
CSM parameters.

This procedure mimics the stochastic nature of measurement
errors, scaling their amplitude according to realistic photometric
uncertainties.

Observation Masking: “observation gaps” have been artificially
introduced. Blocks of consecutive samples are replaced with NaNs
to emulate the gaps between real observations from LSST. This
emulates periods when the source is unobservable due to seasonal
constraints like earth orientation, sun position, moon position and
phase, and atmospheric masking. A plot showing the masking
process is shown in the Fig. 4.

Interpolation: Since MLP models can not be fed with NaN values,
missing values introduced in the LCs were filled using linear
interpolation. While this approach introduces a well-known bias
on the peaks, this has been evaluated as being the most ro-
bust alternative, as other options like mean-filling, zero-filling or
other non-linear interpolation methods introduced even stronger
distortion, being affected by the Runge phenomenon.

Further sources of noise, like reddening or extinction, have not been
considered for simplicity.

5. Methodology
5.1. Data splitting

To properly train and test our models and minimise eventual biases,
the dataset was carefully divided into training, and test sets. This
accurate partitioning was essential to improve the reproducibility of
the model evaluation.

5.2. Generative modelling of LCs

A generative model (see Fig. 6) was developed to learn the mapping
between SNe’s physical parameters and their temporal LCs, enabling
the rapid generation of large synthetic datasets.

Architecture: The generative model is based on a Multi-Layer Per-
ceptron (MLP) enriched with residual blocks. Each block includes a
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Fig. 4. Detailed explanation of how the masking is affecting the sampling: SN
are initialised randomly in the southern hemisphere at the latitudes scanned
with WDF cadence, while the sun and the moon are initialised randomly on
the ecliptic plane.

Minimum angle between SN and the moon depends on its phase and ranges
periodically (between 6.5 degrees for the new moon and 20 degrees for the
full moon).

Minimum angle between SN and sun is fixed at 64 degrees, minimum angle
between sun and Zenith should be 96 degrees to avoid atmosphere scattering,
while maximum angle between the SN and the Zenith is 33 degrees. Given
those periodic constraints, another 30% of the time has been removed,
accounting for possible cloud coverage, adding randomly placed gaps of 2.3
days.

As a result of the combined masking, most of the lag between two samples is
between 3 and 4 days on average, while, depending on the distance from the
ecliptic, a big gap up to almost 3 months in the worst scenario may appear
due to sun masking.

—— Original
42.5 A e Desampled
= «  Noisy
;«% 42.0 - —-—- Reconstructed
39 | Error
£ 5
£ 41.54
35 o
33
(o]
o
~ 41.0 1
40.5 -

0 100 200 300 400
Epochs [days from explosion epoch]

Fig. 5. Figure shows an example of the reconstruction process of a LC. The
original synthetic curve gets undersampled and corrupted before being passed
to the PPReg. The regressed parameters are passed to the LCGen to get back
the reconstructed curve.
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Characterization Loss

Gen.
Curve

Generation Loss

Reconstruction Loss

Fig. 6. The schema shows how the two models are trained using separated
supervised losses for the characterisation and the generation, and how they are
connected together with an additional unsupervised reconstruction loss. While
the strong supervision of the separated blocks improves physical explainability
thanks to simulated data, the reconstruction loss can be applied to unlabelled
real data.

skip connection (He et al., 2016), a fully connected layer with Leaky-
ReLU activation (Maas et al., 2013), batch normalisation (loffe and
Szegedy, 2015) and a dropout (Srivastava et al., 2014) to stabilise and
accelerate the training process. While Recurrent Neural Networks are
a traditional choice for time-series data like light curves (LCs), the
ASTRAI framework adopts an MLPs enriched with residual blocks to
better address the specific demands of high-throughput. Compared to
RNNs, which are often prone to vanishing gradient issues and higher
computational latency due to their sequential nature, our MLP-based
architecture offers superior scalability.

We considered recurrent architectures like RNNs, GRUs, and LSTMs;
however, in our setting, each element of the generated sequence is
directly conditioned on the input embedding, which encodes the rele-
vant physical parameters, including the explosion properties. Although
temporal correlations are present in the data, each timestep can, in
principle, be predicted independently from an underlying analytical
(albeit complex) formulation. Therefore, the sequence does not ex-
hibit strong autoregressive dependencies that would require explicit
recurrent modelling.

In this context, relying on recurrent propagation would mainly
exploit information encoded in previous outputs, which already reflects
the same physical parameters available in the embedding. This ap-
proach would introduce unnecessary error accumulation along the se-
quence and additional computational overhead at inference time, with-
out clear theoretical or empirical advantages over a direct feed-forward
formulation.

Moreover, this way, the proposed model can also be trained on
inherently noisy observational data. In such conditions, recurrent ar-
chitectures may further amplify noise through temporal propagation,
whereas a direct prediction at each timestep promotes greater robust-
ness and stability. For these reasons, we considered sequence-based
solutions suboptimal for the present task and therefore focused on a
fixed-length, embedding-conditioned MLP architecture.

To identify the optimal architecture, a hyperparameter tuning pro-
cess was implemented through a systematic grid search. Several hy-
perparameters have been explored, including network depth (number
of blocks), the width (number of neurons per layer), the number of
training epochs, and the dropout rate, to minimise the root mean square
error (RMSE) in the reconstruction of LCs. Different randomised runs on
both datasets resulted in similar, although different optimal solutions;
the final chosen architectures are shown in Fig. 7.

5.3. Characterisation model

The target of the Characterisation model is to solve the inverse
problem, i.e. being capable of estimating the fundamental physical
parameters of SNe from their sampled LCs. The initial approach in-
volved a unified multi-target model, i.e. a single neural network trained
to predict all the physical parameters simultaneously. However, the
solution evolved into an ensemble of seven independent MLP models
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Fig. 7. Detailed explanation of the architectures employed. The blocks were
designed modularly to allow for hyperparameter search. The final configura-
tion of depth and width of the PPReg (on the left) and LCGen (on the Right)
are shown.

as shown in Fig. 8. In this architecture, each model is specialised in the
regression of a single physical parameter.

Using an ensemble of models instead of a single one, offers several
advantages: (i) specialisation allows each network to learn the complex
relationships between the LC and a specific parameter in a more
targeted way; (ii) conflicts between the gradients generated by different
loss functions during training are avoided; and finally (iii) the system
acquires greater modularity, allowing the addition of new parameters
without the need to retrain the entire framework. Furthermore, by sys-
tematically incorporating data augmentation to simulate observational
noise and irregular sampling, ASTRAI is engineered for robustness and
generalisation to real-world data, bridging the gap between detailed
physical simulations and the high-throughput needs of next-generation
transient astronomy.

For the training, the Mean Squared Error (MSE) loss function was
used. Optimisation was performed with the Adam algorithm, while
a Reduce LR On_Plateau scheduler dynamically managed the learning
rate, reducing it when performance on the validation set stopped
improving. This approach was intended to promote more stable con-
vergence and help mitigate potential overfitting, rather than relying on
a fixed learning rate schedule.

5.4. Data and code availability

All analyses were performed using a custom Python pipeline, pub-
licly available at https://github.com/koexai/ASTRAI.
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Fig. 8. A zoom-in on the differences between Unified model vs. Ensemble
model Physical Parameter Regressor (PPReg) inside the full pipeline.

Table 1

Computational cost comparison of different modelling approaches.
Method Time Cores Runs Core/h
Hydrodynamical 48 h 8 CPU 180 70 K h
Semi-analytical 0.225 s 8 CPU 1M 500 h
Our MLP Gen 0.009 ms 1 GPU 1M 93 s

6. Results and discussion

The optimised generative model demonstrated high fidelity in re-
constructing the synthetic LCs (see Fig. 5). Evaluation metrics, such
as the Root Mean Squared Error (RMSE) on log luminosity, have been
measured for each epoch, showing a similar decreasing trend for all
the tested models. Fig. 9 shows a comparison between the generation
and the reconstruction error on the clean and augmented test set. It
shows that the model can capture the dependencies between physical
parameters and morphological features of LCs with a variable accuracy
across the epochs, being more accurate on the tail phase, while showing
higher uncertainty in the peak phase.

The proposed generative method was tested by generating 1000,
10,000, 100,000, and 1,000,000 LCs, and measuring the generation
time. R2Q17.1 A 10-fold cross-validation was performed for all tests,
which were conducted on an NVIDIA GeForce GTX 1050 GPU, achiev-
ing a throughput of approximately 10° light curves per second (see
Table 1). In contrast, hydrodynamical simulations can require sev-
eral days to compute a single model, while semi-analytical models
are faster but less accurate, typically requiring a few seconds per
simulation (Cosentino et al., 2025b).

Data augmentation techniques transformed our synthetic dataset
into a more realistic and diverse learning environment. By simulating
observational noise, irregular sampling, and missing data, the model
is exposed to the typical imperfections of real measurements. As a
result, its ability to generalise to actual imperfect data is significantly
improved, making it more robust and reliable for practical applications.

The accuracy of the characterisation models has been compared in
the Tables 2 3. The discrepancy between the accuracy of the two models
might be explained by the higher sparseness of the explored space,
the higher dimensionality, and the randomisation of the parameters of
the synthetic dataset, which does not account for meaningful physical
correlation between the parameters explored.

The results indicate that the ASTRAI framework is accurate, fast,
and robust enough for automated analysis of data from upcoming astro-
nomical surveys. The ability to rapidly infer physical parameters will
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Fig. 9. RMSE on generated light curves. The figure illustrates the impact of the
different stages of the algorithm on the reconstruction error. The green line
shows the RMSE obtained when using the generation model alone, starting
from the true parameters of the clean synthetic data. The orange line includes
the propagation of parameter estimation errors by first passing the data
through the characterisation model and then reconstructing the light curve,
with the RMSE computed between the original and reconstructed curves. The
blue line further incorporates the augmentation step, in which the light curve
is corrupted with noise, downsampled, and interpolated before being processed
by the models. Overall, the generated or reconstructed light curves are more
accurate during the tail phase, whereas the peak phase exhibits a higher
RMSE.

Table 2

Performance evaluation of the 4 parameter characterisation model.
Parameter [Range] (Unit) MAE | RMSE | R 1 RRMSE |
Rx* [1-25] (10" cm) 0.04 0.05 0.996 0.02
M,; [10-30] (M) 0.04 0.05 0.98 0.017
Ey [0.5-9.5] (foe) 0.06 0.08 0.98 0.05
My [0.01-0.1] (Mg) 0.0003 0.0005 0.9997 0.009

Table 3

Performance evaluation of the 7 parameter characterisation model.
Parameter [Range] (Unit) MAE | RMSE | R? 1t RRMSE |
Rx [0.1-10] (103 cm) 0.4 0.6 0.8 0.18
M, [5-25] (M) 0.11 0.15 0.6 0.06
Ey [0.5-5] (foe) 0.2 0.3 0.7 0.18
M [0.01-0.1] (Mg) 0.02 0.04 0.8 0.4
Mooy [0.05-0.8] M) 0.04 0.08 0.8 0.5
Resu [1-10] (105 cm)  0.18 0.3 0.7 018
Scsm [0-3] (exponent)  0.17 0.2 0.6 0.3

pave the way for large-scale population studies and targeted follow-
up of the most interesting events. This study focused exclusively on
some subtypes of hydrogen-rich SNe, and further work could extend
the analysis to a broader set of SN subtypes to assess the generality of
the proposed framework. Additionally, the current model was trained
to reproduce bolometric light curves only; an interesting direction
would be to adapt it for generating in-band light curves, as well as
related physical quantities such as velocity and temperature profiles.
From a modelling perspective, the generator architecture could be en-
hanced by incorporating convolutional components, which may better
exploit the continuous nature of the data and improve computational
efficiency. Finally, a more randomised and diversified version of the
training dataset could improve robustness to noise and observational
uncertainties present in real data Directions for future work include
testing the framework on a larger and more diverse sample of real data,
extending the model to include different types of SNe and exploring
more advanced architectures for function modelling.
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7. Applicability on real data

In this section, we show some examples of characterisation and
reconstruction of real bolometric LCs using the 4-parameter model to
illustrate the model performance on some real SNe (see Figs. 10-17).
Although the algorithm was trained exclusively on synthetic data gener-
ated under specific theoretical assumptions, which do not fully capture
the complexity of real observations, the results are, in some cases,
reasonably accurate. The discrepancies observed when applying the
method to real data are more likely related to the physical assump-
tions underlying the theoretical models used to generate the synthetic
training dataset, rather than to the machine learning method used
for parameter regression. However, the scope of the current project is
focused on the applicability and the scalability of the ML approxima-
tion rather than the physical accuracy of the theoretical models. The
physical models provided have only been used as a POC to generate the
synthetic dataset, while their applicability to real data has been widely
discussed in the cited papers. In principle, the proposed ML framework
is flexible and can be applied to any dataset, synthetic or real, provided
that parameter labels or reliable estimates are available for training.

8. Conclusions

In this work, we present ASTRAI, a deep learning framework de-
signed to address the challenges of SNe analysis in the era of big data.
We developed and optimised a dual AI architecture capable of both gen-
erating high-fidelity synthetic LCs and rapidly characterising transient
events by inferring their fundamental physical parameters. The key
contributions of this project are the development of a comprehensive
Al framework, covering the entire cycle from simulation to inference,
the empirical demonstration of the capabilities of ML approaches
and the creation of a robust and generalisable model through the
systematic use of data augmentation techniques. In conclusion, the
ASTRAI framework aims to be a powerful and scalable tool, capable



A.C. Grasso et al.

Radius: 13.3
Mass: 12.8
42.00 A Energy: 1.61
Nichel: 0.0365
41.75 A
_ 41.50 A
9
()]
o 41.25
g
= 41.00 -
o
o
40.75 A
40.50 A N
—— Interpolated input (log10 L+BB) \\
40.25 4 === Model reconstruction (Char-»Gen) \\
¢ Observations (L+BB) S
S 0.2
o
1%
o)
m \
Y
0 100 200 300 400
Days from explosion (MJD 53794.0)
Fig. 11. SN2006au.
Radius: 11
42.25 1 Mass: 13.3
Energy: 1.64
Nichel: 0.111
42.00 A
41754 7 DN
a N
(®)] N
put N\
2 41.50 S
5 N
Q Y
<
& 41.25 1 AN
o N
- N
Y
\\
41.00 A N
Y
\\
20751 Interpolated input (log10 L+BB) N
' —=- Model reconstruction (Char-Gen) \\
¢ Observations (L+BB) N
40.50 +— T T T T
0.05 A
3 v
3 0.00
(%]
[}
<
—0.05 A
0 100 200 300 400

Days from explosion (MJD 53748.0)

Fig. 12. SN2006V.

l0g10(Lbol [erg/s])

Residual

l0g10(Lbol [€rg/s])

Residual

Astronomy and Computing 56 (2026) 101116

42.0 4 Radius: 11.1
Mass: 13.9
Energy: 0.686
Nichel: 0.0421
41.5 A
41.0
40.5 A
—— Interpolated input (log10 L+BB)
=== Model reconstruction (Char-Gen)
40.0 ¢ Observations (L+BB)
" M/\/\
0.0 I
—0.1 A
-0.2 T T T T T
0 100 200 300 400
Days from explosion (MJD 54832.5)
Fig. 13. SN2009E.
. Radius: 6.34
41.75 - - Mass: 14.3
/ Energy: 1.11
! Nichel: 0.0376
41.50 A
41.25 A
41.00 A
40.75 A
40.50 A
40.25 A
—— Interpolated input (log10 L+BB)
40.00 1 === Model reconstruction (Char-Gen)
¢ Observations (L+BB)
) P
0.0 \\_L
_02 4

100 200 300 400

Days from explosion (MJD 58411.3)

o 4

Fig. 14. SN2018hna.




A.C. Grasso et al.

Radius: 18.1
42.25 Mass: 23.7
Energy: 1.82
Nichel: 0.0815
42.00 A
_ 41.75 -
v
o
9 41.50
35
S)
S 41.25 A
(®)]
ks}
41.00 A
Y
\\
40.751 Interpolated input (log10 L+BB) \\
-=- Model reconstruction (Char»Gen) \\
40.501 § Observations (L+BB) S,
0.2 1
©
i A
3
_0.1 L T T T T T
0 100 200 300 400
Days from explosion (MJD 59175.5)
Fig. 15. SN2020bah.
—— Interpolated input (log10'L+BB)
——=- Model reconstruction (Char-Gen)
42.51 $ Observations (L+BB)
= 42.0 1
2
2
Q9
3
5 415
(@]
o
41.0 A
40.5 T T T T T
1.0 A
©
3
‘» 0.5 1
(V)
<
0.0

0 100 200 300 400
Days from explosion (MJD 59493.5)

Fig. 16. SN2021aatd.

Astronomy and Computing 56 (2026) 101116

42.25 4 -
Radius: 4.22
Mass: 13.3
Energy: 1.67
42.00 ~ Nichel: 0.101
41.75 A
7
2 41.50 |
i)
3
)
5 41.25 1
[
o
41.00 A
N
\\
40.75 1 — Interpolated input (log10 L+BB) \\
—== Model reconstruction (Char-Gen) \\
¢ Observations (L+BB) S
40.50 A T T T T T
0.2
©
3
% 0.1+
& 0.0 n\vv\//\

0 100 200 300 400
Days from explosion (M)D 59425.2)

Fig. 17. SN2021wun.

of supporting the scientific community in the analysis of future data
streams, thus accelerating our understanding of transient phenomena
in the universe.
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