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 B S T R A C T 

Detecting and characterizing exoplanet atmospheres remains challenging because atmospheric signals can be comparable
o residual noise and instrumental/astrophysical systematics. Spectral features span from a few ppm for small planets
p to ∼ 103 ppm for warm/hot giants, while high-quality James Webb Space Telescope ( JWST ) time-series spectroscopy

ypically reaches ∼ 10 –50 ppm (occasionally ∼ 100 –200 ppm in the presence of stellar variability or stronger systematics),
aking correlated noise across temporal and spectral dimensions a key limitation. With JWST delivering an increasing

olume of high-precision transmission spectra, and Ariel set to extend this to a homogeneous survey of ∼ 103 exoplanet
tmospheres, robust benchmarking resources with known ground truth are essential to develop and validate data-driven
including ML-based) detrending approaches. As a major step towards this goal, we use ExoSim2 and TauREx to generate
ne of the most comprehensive public data sets based on the current payload design of the ESA Ariel mission, specifically
ntended to benchmark detrending algorithms. We also provide a deep neural network baseline for time-series reduction,
nd use it to highlight the limitations of ML based detrendng methods, i.e. the risks posed by data set shift when observed
istributions diverge from those of the training set, a scenario likely to arise in real observations. This data set is featured

n the Ariel Data Challenge 2024 on Kaggle and has been field-tested for robustness and simulation fidelity. By making
hese resources publicly available, we aim to support the community in developing, comparing, and stress-testing scalable
nd reliable methods for exoplanet transmission spectroscopy. 

ey words: exoplanet atmosphere – machine learning – data detrending – denoising. 

 INTRODUCTION  

ecent and ongoing space missions represent a major advancement in the atmospheric characterization of exoplanets. The James Webb
pace Telescope ( JWST ) mission (T. P. Greene et al. 2016 ) is now delivering high-precision spectroscopic observations of transiting
nd directly imaged exoplanets, with typical noise levels of tens of ppm, enabling detailed constraints on atmospheric composition,
emperature structure and cloud properties (e.g. M. Radica et al. 2023 ; A. L. Carter et al. 2024 ; R. C. Challener et al. 2025 ; N. Espinoza
t al. 2025 ; J. Taylor et al. 2025 ). These observations are opening new frontiers in the study of planetary atmospheres across a wide
ange of planetary regimes. The Ariel mission (Atmospheric Remote-sensing Infrared Exoplanet Large-survey) of ESA, scheduled for
aunch in 2029 (G. Tinetti et al. 2018 ), is designed as a dedicated atmospheric survey. Its primary objective is to observe a large and
tatistically significant sample of exoplanets, spanning super-Earths to gas giants, in order to enable comparative planetology. Ariel is
xpected to characterize of order ∼1000 planetary atmospheres with a homogeneous observing strategy, providing a unique data set to
tudy population-level trends in atmospheric chemistry and physics. 
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The scale of exoplanet atmospheric characterization is entering a new era. While JWST provides detailed spectra of individual
argets, Ariel will survey approximately 1000 exoplanet atmospheres. This transition from targeted observations to large-scale surveys
equires scalable, automated analysis approaches capable of maintaining uniform quality standards across diverse planetary systems. 

Public benchmark data sets with known ground truth are essential preparation for this data-intensive regime. Unlike real ob-
ervations where atmospheric properties remain unknown, simulated data sets enable rigorous quantification of systematic biases,
ssessment of noise propagation, and direct comparison of methodological approaches under controlled conditions. Such resources
ccelerate technique development through transparent community-wide benchmarking. 

The Ariel Data Challenge series (K. H. Yip et al. 2022 ; N. Nikolaou et al. 2023 ; Q. Changeat & K. H. Yip 2023 ) exemplifies
his community-driven approach, connecting planetary scientists, instrument experts, and data scientists to tackle key challenges in
xoplanet characterization. The 2024 edition (K. H. Yip et al. 2024 ) addresses the need for realistic training data by introducing a large-
cale public data set of simulated raw observations from the Ariel mission, specifically designed to benchmark detrending algorithms
gainst realistic instrumental systematics and noise sources. This data set was generated by coupling ExoSim2 (L. V. Mugnai et al. 2025 )
nd TauREx3 (A. F. Al-Refaie et al. 2021 ), incorporating the latest Ariel mission specifications, noise maps derived from publicly available
WST detector calibrations, and diverse atmospheric compositions. The scale and complexity of this resource provide an invaluable
latform for developing and testing innovative data reduction techniques essential for future observational programmes. 

Developing and optimizing bespoke data-reduction pipelines for exoplanet characterization is essential in the lead-up to forth-
oming missions. Such a pipeline comprises a suite of analysis techniques, implemented as specialized algorithms, that transform raw
hotometric and spectroscopic time-series data into scientifically usable products, most notably the planetary spectrum as a function of 
avelength. An ideal pipeline should behave as an unbiased estimator that minimizes post-processing noise by detrending systematic

ffects without introducing bias. This requirement is particularly stringent for the Ariel mission, given its ambitious objectives in
omparative planetology and its commitment to a uniform observational strategy, which demands precise and accurate results for a
elf-consistent, homogeneous characterization across its exoplanet sample. Currently, several data reduction pipelines with distinct
ethodologies exist, and the JWST pipelines serve as a notable example of this diversity, with multiple independently developed

ipelines introduced in the ERS context (e.g. L. Alderson et al. 2023 ; Z. Rustamkulov et al. 2023 ; E.-M. Ahrer et al. 2023 ; A. D. Feinstein
t al. 2023 ) as well as additional community pipelines released in the following years (e.g. M. Holmberg & N. Madhusudhan 2023 ; S.
arkar et al. 2024 ). 

The coexistence of multiple JWST pipelines has also enabled direct pipeline-to-pipeline comparisons on the same data sets. In
everal ERS studies, independent reductions and analysis frameworks have been applied to the same observations, generally finding
onsistent spectra within uncertainties while highlighting that specific methodological choices (e.g. systematics modelling, outlier
ejection, background treatment, time-dependent instrument trends) can still induce measurable differences (e.g. L. Alderson et al.
023 ; Z. Rustamkulov et al. 2023 ; E.-M. Ahrer et al. 2023 ; A. D. Feinstein et al. 2023 ; S. P. Schmidt et al. 2025 ; L. Welbanks et al. 2025 ). 

Machine learning (ML) and deep learning (DL) approaches have been successfully applied in various imagery data domains for
enoising (M. Elad, B. Kawar & G. Vaksman 2023 ), reconstruction (J. Su, B. Xu & H. Yin 2022 ), and even generating new images (C.
hang et al. 2023 ; F. Bie et al. 2025 ; S. R. Dubey & S. K. Singh 2024 ). Recent studies have explored the use of ML techniques to denoise
stronomical data in different forms, such as time-series light-curve data (J. G. Ingalls et al. 2016 ; J. E. Krick et al. 2020 ; M. Morvan et al.
020 , 2022 ; N. Nikolaou et al. 2023 ) and imagery data (A. Vojtekova et al. 2021 ; S. F. Sweere et al. 2022 ; H. Park et al. 2024 ). 

However, most of these studies have focused on either time-series (light curves) or images from photometry, while actual transit
bservations are 3D cubes that are acquired as a time-series of still images across a wide wavelength range. This combination results
n an exceptionally rich information content within a single observation. The aforementioned approaches have not utilized the full
xtent of this information, inevitably neglecting crucial spatial and spectral information about the noise characteristics. Past studies
ave indicated that incorporating temporal information (light curves) from simulated HST (K. H. Yip et al. 2020 ) and JWST data (Q.
hangeat et al. 2024 ) can mitigate some of the temporal aspects of noise effects (such as star spots), and could yield better constraints
n downstream tasks such as retrieving the atmospheric parameters. 

As a first attempt at building a neural network-based data reduction and extraction pipeline, we trained a CNN-based neural
etwork as a benchmark baseline. Since machine learning models are prone to overfitting to training data, it is important that our
enchmark data account for this tendency. To thoroughly test any pipeline, whether parametric, machine learning, or hybrid, we
ave designed a data partition that explicitly includes out-of-distribution test examples. This approach exposes challenges that models
ill likely face when applied to real data, such as interpreting spectra from unknown exoplanets with unknown composition and

tmospheric properties, known as ‘data shift’ or ‘domain shift’ in the Machine Learning and Artificial Intelligence community. This
llows us to provide an estimate of the model’s performance on both training data and data that are unknown to us. 

The structure of this paper is organized as follows: Section 2 outlines the various components involved in data generation and the
alidation processes that occur before commissioning. Section 3 details the data partitioning methodology, which divides the data set
nto traditional training and testing subsets. In Section 4 , we present the implementation of the CNN 

1 -based data reduction pipeline
nd our proposed metric to evaluate its performance, followed by an analysis of the results and performance metrics on the data sets
ASTI 5, 1–32 (2026)

 Convolutional Neural Network, more explanation in the Section 5.3. 
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n Section 5 . In Section 6 , we discuss our methodology limitations and our results. Finally, Section 7 concludes with a discussion of our
ndings, future research directions, and the challenges that lie ahead. 

The training data set produced for this paper is publicly available on the Kaggle platform. 2 

 DATA  D E S C R I P T I O N  

he simulated data are generated using the publicly available end-to-end instrument simulator ExoSim2 3 (L. V. Mugnai et al. 2025 ).
xoSim2 models the full Ariel observing chain, including the telescope throughput, the dispersive optics, the detector response, and the
oise sources, and outputs realistic time-series detector images for a given target and observing scenario. To build physically consistent
imulations, ExoSim2 is coupled with (i) the atmospheric retrieval and forward-modelling framework TauREx 3 (A. F. Al-Refaie et al.
021 ), which provides the wavelength-dependent planetary transmission spectrum used as the astrophysical input signal, and (ii) the
hysical optical simulator PAOS (A. Bocchieri, L. V. Mugnai & E. Pascale 2024 ), which generates realistic, wavelength-dependent Ariel
oint-spread functions (PSFs) and optical aberrations. Using the three tools together ensures that both the astrophysical signal (planet
pectrum) and the instrument response (optics/PSF and detector-level systematics and noise) are treated consistently, enabling the
eneration of mock images representative of Ariel observations. For a complete description of the simulation process and Ariel’s
pecificities, please refer to the ExoSim2 documentation 

4 and published literature (A. Bocchieri et al. 2025 ; L. V. Mugnai et al. 2025 ). 
The following section outlines the strategies and assumptions employed in constructing the data set. In Section 2.1 , we begin

y discussing the model of the Ariel payload utilized for the simulated observations. In Section 2.2 , we describe both the calibration
roducts used to realistically simulate the detector response and a comprehensive list of all simulated noise sources included in the
rocess. Once the telescope setup is described, we proceed to discuss the observed target star in Section 2.3 and the planetary models

ncluded in the simulation (Section 2.4 ). Finally, in Sections 2.5 and 2.6 , we describe the data generation process and the validation of 
he final product, including statistics on the data set. 

.1 Payload model 

or this data set, we refer to the payload configuration presented in L. V. Mugnai et al. ( 2025 ), and instead of all six channels, we use
ne photometer (FGS1) collecting light between 0.6 and 0.8 μm and one spectrometer (AIRS-CH0) sensitive from 1.95 to 3.90 μm with
pectral resolving power R = 100 (L. V. Mugnai et al. 2020 ). The effects of Ariel’s design can be summarized as a combination of Photon
onversion Efficiency (PCE) and Point Spread Functions (PSFs) as described below. Additionally, we reduced the area (in pixels) of 
riel’s channels to optimize storage space in the simulations. For the FGS, we used a 32 × 32 pixel array instead of the original 64 × 64
indow, and for the AIRS, we used a 32 × 356 pixel array instead of the original 64 × 356 region of interest. 

Because some parameters are not yet available for the flight model, using the JWST equivalent (see Section 2.2.1 ) is expected to
e a realistic alternative, as Ariel relies on near-IR detector technology comparable to that adopted by JWST/NIRSpec, making CRDS-
ased dark, read-noise, flat-field, and bad-pixel maps a physically motivated proxy for detector-level behaviour. Nevertheless, differences

n operating conditions and in-flight environment (e.g. temperature, readout electronics, and radiation-driven ageing) could shift the
bsolute noise properties and the level of correlated systematics. At the same time, we use critical elements from Ariel, such as the
hoton conversion efficiency and the point spread functions. 

The photon conversion efficiency is the product of the telescope transmission efficiency and the detector quantum efficiency, and
t describes the ability of the payload to convert light into electrons. For a detailed description of the conversion process, we refer the
eader to the following: ExoSim2 (L. V. Mugnai et al. 2025 ), the Ariel radiometric model ArielRad (L. V. Mugnai et al. 2020 ), and the
xoSim2 documentation.4 The PCE used is reported in Fig. 1 . 

For a realistic representation of the telescope’s performance, we use the PSFs already presented in other Ariel-related works (A.
occhieri et al. 2025 ; L. V. Mugnai et al. 2025 ; V. Thurairethinam et al. 2025 ). The FGS1 PSFs are produced using the PAOS simulator (A.
occhieri et al. 2024 ) for a range of wavelengths sampled by the detector, as described in L. V. Mugnai et al. ( 2025 ). For the AIRS-CH0
SFs, we use the default ExoSim2 Airy PSF model for every wavelength sampled by a pixel. The utilized PSFs are shown in Fig. 2 . 

To create the final image, these PSFs are convolved with the intrapixel response function, which models the pixel response to light,
s typically, a pixel is more sensitive near the centre and less toward the edges. This model is created by a default ExoSim Task using the
rescription from N. Barron et al. ( 2007 ). 
RASTI 5, 1–32 (2026)

 https://www.kaggle.com/competitions/ariel- data- challenge- 2024/data 
 in this work, we used code version v2.0.0-rc2 , available at https://github.com/arielmission- space/ExoSim2- public/releases/tag/v2.0.0- rc2 . 
 https://exosim2-public.readthedocs.io/ 

https://www.kaggle.com/competitions/ariel-data-challenge-2024/data
https://github.com/arielmission-space/ExoSim2-public/releases/tag/v2.0.0-rc2
https://exosim2-public.readthedocs.io/
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R

Figure 1. The figure shows the photon conversion efficiency (PCE) considered in this work for the two Ariel channels simulated: FGS1 and AIRS-CH0. 
The PCE is computed as the product of the telescope optical transmission efficiency and the detector quantum efficiency. The background coloured 
bands highlight the nominal wavelength ranges for each channel. 

Figure 2. The figure reports two of the PSFs used to simulate FGS1 (left) and AIRS-CH0 (right). The PSFs are sampled at the sub-pixel level and reported 
in decibels normalized to the maximum value in the field. The axes report the grid into pixel and micron units. The reader may note that the FGS1 PSF 

is highly aberrated and complex, so it is sampled on a grid of the same size as the detector ( 32 × 32 ), while the AIRS-CH0 PSF is an Airy function and 
here is reported on a smaller grid. For details, please refer to the software documentation. 
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.2 Detector and noise models 

.2.1 JWST calibration products 

o simulate realistic detector maps, we utilized calibration products for NIRSpec from the JWST Calibration Reference Data System
CRDS). Specifically, we collected dark frames, 5 read noise, 6 flat fields, 7 and bad pixel maps. 8 These calibration files were carefully
elected to ensure consistency. All CRDS reference files were taken from the NIRSpec detector NRS2 . The selection of NRS2 was not
riven by a specific scientific preference, but was adopted for practical consistency in this data set release. 
ASTI 5, 1–32 (2026)

 https://jwst-crds.stsci.edu/browse/jwst_nirspec_dark_0352.fits 
 https://jwst-crds.stsci.edu/browse/jwst_nirspec_readnoise_0039.fits 
 https://jwst-crds.stsci.edu/browse/jwst_nirspec_dflat_0002.fits 
 https://jwst-crds.stsci.edu/browse/jwst_nirspec_mask_0049.fits 

https://jwst-crds.stsci.edu/browse/jwst_nirspec_dark_0352.fits
https://jwst-crds.stsci.edu/browse/jwst_nirspec_readnoise_0039.fits
https://jwst-crds.stsci.edu/browse/jwst_nirspec_dflat_0002.fits
https://jwst-crds.stsci.edu/browse/jwst_nirspec_mask_0049.fits
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Figure 3. JWST flat-field variation map used for the simulation. The highlighted regions indicate the three areas selected for the each detector (FGS 
and AIRS-CH0) flat-field maps. This flat-field is presented as a variation from the median value. The colour scale is set between 0.9 and 1.1 to enhance 
detector features, masking the outlier values of bad pixels. 
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From this data, we extracted segments of the detector to align with the dimensions of Ariel’s FGS1 and AIRS-CH0 detectors. Several
egions were selected to represent various potential detectors for Ariel. To thoroughly assess the detrending performance of any proposed
ipeline, we selected one detector free of bad pixels in the illuminated area and another that includes some bad pixels or defects in the
GS1 and CH0 areas, thereby simulating a worst-case scenario. 

The dark current contribution is estimated for each pixel based on the expected counts for that pixel in the input map, multiplied
y the exposure time of each sub-exposure. This estimate is then subject to randomization due to Poisson noise. The read noise, on the
ther hand, is provided as a variance map, so for each NDR, we add a random number of counts normally distributed according to the
ixel variance. 

The flat fields are maps of the interpixel quantum efficiency variation, here used normalized to the median detector quantum
fficiency used to compute the PCE. Finally, bad pixels are non-functional pixels that are no longer able to collect light. 

To summarize how these effects combine to form the measured signal ( Smes ) starting from the original signal ( S), we consider the
ollowing equation: 

mes = (S · �t · Flat ) + (Dark · �t ) + Read , (1) 

here �t is the integration time for the considered NDR, Flat is the flat-field, and Dark is the dark current map. In this equation,
 · �t represents the signal integrated over the exposure time, and the flat-field modulates it. Dark · �t accounts for the dark current
ontribution over the same integration time. Read is the read noise, which is a random realization based on the read noise variance
ap. Both S · �t and Dark · �t are subject to randomization due to Poisson noise, reflecting the statistical nature of photon counting

nd dark current generation. 
Fig. 3 shows the selected regions on the JWST flat-field calibration product. These regions were manually selected by visually

omparing different calibration products to include a comprehensive mixture of possible detector effects. Note that this flat-field is
alculated as the variation from the median value, i.e. using the flat-field divided by the median. 

.2.2 Pixel non-linearity and saturation 

o simulate pixel non-linearity and saturation effects for the JWST-NIRSpec, 9 we utilized the published correction coefficients. We first
nverted the relationship using these coefficients, applying a fifth-order polynomial to convert ideal counts to observed counts. This
RASTI 5, 1–32 (2026)

 https://jwst-crds.stsci.edu/browse/jwst_nirspec_linearity_0025.fits 

https://jwst-crds.stsci.edu/browse/jwst_nirspec_linearity_0025.fits
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elationship was then adjusted so that the mean saturation point-defined as a 5 per cent deviation from the ideal measurement-reaches
xed levels of 100 000 counts for FGS1 and 85 000 counts for AIRS-CH0. This results in six coefficients for every pixel that map observed

o corrected counts: 

c = c0 + c1 F + c2 F 2 + c3 F 3 + c4 F 4 + c5 F 5 , (2) 

here F is the observed counts, cn are the coefficients, and Fc is the corrected counts. 
At these thresholds, pixel counts are capped to prevent any further increase, effectively simulating the saturation effects. Addition-

lly, we introduced a randomization of 0 . 5 per cent in the recomputed fifth-order polynomial correction coefficients to mimic measured
alues. 

.2.3 Pointing jitter 

xoSim2 models the impact of pointing jitter, which refers to the inevitable vibrations and drifts of the telescope in space while observing
 source, by simulating the focal plane movements during the ramp integration within a ‘sub-exposure’. The timelines utilized in this
imulation are provided by Airbus Defence and Space (ADS), the prime contractor for the Ariel service module. Specifically, a 10-h long
imeline sampled at 1 kHz is employed. A more detailed analysis of the timeline used is reported in A. Bocchieri et al. ( 2025 ) along
ith a detrending algorithm developed by the Ariel Consortium. Given that only one time-series is available at the time of generation,
e enhance the variability of disturbances induced by this single jitter realization by randomly phase-shifting the time-series for each

imulation. 
The pointing jitter represents a critical systematic effect in our simulations, as it directly impacts the photometric stability of 

he measured signal. During the integration time, the point spread function is not stationary on the detector but continuously shifts
ue to the telescope line-of-sight variations. As a consequence, the incoming flux is sampled by different regions of the detector, each
haracterized by non-uniform intrapixel and interpixel response functions. This induces time-correlated fluctuations in the measured
ignal, even in the absence of intrinsic astrophysical variability. Such effects are particularly challenging to correct, as they couple spatial
etector inhomogeneities with temporal variations in the pointing, producing a source of correlated noise that can be comparable in
mplitude to the atmospheric features. This makes pointing jitter one of the primary challenges to be addressed in this data set, and a
ey driver for the development and benchmarking of robust detrending techniques. 

.2.4 Gain drift 

he simulation of gain drift in ExoSim2 models the variation in detector gain over time and across different wavelengths. The gain noise
nters the payload stability budget and needs to be at a low level for high-accuracy photometry and spectroscopy. In our simulations,
he amplitude of the gain drift is randomly defined between 1 per cent and 5 per cent of the incoming signal. This range is consistent
ith worst-case scenarios observed in JWST data. 

The gain drift is applied as a fifth-order polynomial function to model the drift over time and wavelength. The polynomial
oefficients are randomly drawn from a uniform distribution between −1 and 1 in both temporal and spectral directions, ensuring
 comprehensive representation of potential drift behaviours. 

The simulated gain drift is applied to the sub-exposures by creating a multiplicative noise map that affects each pixel’s signal. The
rift is modelled separately for the spectrometer (AIRS-CH0) and the photometer (FGS1). For the spectrometer, the drift is calculated as
 fifth-order polynomial function of both time and wavelength, resulting in different drift values for each column (representing different
avelengths) in the detector. This polynomial trend is determined by randomly generated coefficients within specified ranges, ensuring
 realistic variability in the gain drift. The absence of correlation between adjacent pixel columns, expected to be strong in the real focal
lane, is assumed as a worst-case scenario to provide a more conservative test case. The resulting polynomial values are then multiplied
y the original signal to simulate the drift effect. For the photometer, the drift is modelled as a polynomial function of time only, creating
 uniform drift effect across all pixels. This approach ensures that the gain drift is accurately represented for both the spectrometer and
hotometer channels, taking into account their specific characteristics and enhancing the robustness of the photometric measurements.

.2.5 NDRs read out mode 

or both channels, we implemented the Correlated Double Sampling (CDS) readout mode to sample the detector light collection ramp.
his method involves recording one Non-Destructive Read (NDR) at the beginning of the ramp and another at the end. This strategy
llows us to reconstruct the incoming flux using the equation: 

lux = NDR 1 − NDR 0 

�t 
, (3) 

here NDR 0 is the initial NDR, NDR 1 is the final NDR, and �t is the integration time between them. While more advanced ramp
ampling strategies (e.g. multi-accumulation schemes) are expected to be available for Ariel, a detailed treatment of detector readout
odes is beyond the scope of this work; CDS is adopted here to provide a simple and uniform framework for data set generation and
ASTI 5, 1–32 (2026)
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ethod benchmarking, while it provides at the same time the highest SNR for Ariel’s photon noise limited observations, when compared
o alternative detector sampling schemes. 

Each ramp cycle in both channels operates with a detector clock unit set to 10 Hz, meaning each clock cycle lasts 0.1 s. The sequence
f a complete ramp is as follows: 

(i) Ground State: the ramp starts with the detector in a virtually empty state for 1 clock unit (0.1 s). 
(ii) First NDR: the first NDR (NDR 0 ) is collected, which takes another clock unit (0.1 s). 
(iii) Second NDR: the detector collects photons for the integration time. For FGS1, this lasts for 1 clock unit (0.1 s) to avoid saturation.

or AIRS-CH0, this lasts for 45 clock units (4.5 s) to accommodate the selected stars. The second NDR (NDR 1 ) is then collected and,
ecause the clock unit is 10 Hz, the collection lasts an additional 0.1 s. 

(iv) Ramp Reset: the ramp is reset for 1 clock unit (0.1 s). 

Each ramp is thus sampled by two NDRs, and the ramps are separated by an additional 2 clock units (0.2 s) for resetting and
reparation for the next ramp. Therefore, the effective integration time is 0.2 and 4.6 s for FGS1 and CH0, respectively. Each ramp lasts
.5 and 4.9 s, respectively. So, the duty cycle is 0 . 2 / 0 . 5 ∼ 40 per cent and 4 . 6 / 4 , 9 ∼ 93 per cent , respectively. 

.2.6 Conversion to ADU 

he Analogue-to-Digital Converter (ADConv) simulates the conversion of analogue signals into digital signals, represented as Analogue-
o-Digital Units (ADUs). This conversion process is crucial for accurately modelling the digital readout of detectors in astrophysical
nstruments. 

The ADC conversion operates with a 16-bit resolution, providing a high degree of precision in the digital representation of the
nalogue signal. The gain ( ADConvgain ) and offset ( ADConvoffset ) of the ADC are set to ‘auto’, allowing the system to dynamically adjust
hese parameters based on the characteristics of the measured signal ( Smeas ), to make use of the full values range offered by 16-bit
nsigned integers. The resulting 16-bit digital signal ( S16bit ) is calculated as: 

16bit =
⌊

ADConv gain ( Smeas − ADConvoffset ) 
⌋

, (4) 

here the floor function � ·� represents the integer part of the scaled signal. This approach ensures that the conversion process can
ccommodate a wide range of signal intensities, capturing the variability inherent in astrophysical observations. 

Examples of the resulting raw images, converted from ADUs into counts are reported in Fig. 4 . 

.3 Target selection 

.3.1 Selection of candidate stars 

e select our candidate stars from the Ariel candidate sample (B. Edwards et al. 2019 ), which includes a diverse selection of planetary
ystems that meet Ariel’s scientific requirements. From this pool, candidates are chosen based on their brightness levels. Here, we
ssumed the transit event is always captured in full, and there is only a single transit event happening each time. To adequately sample
he signal from the star during the ingress and egress of the planet crossing event (transit), which typically lasts a few minutes, the
xposure time must be short, typically less than 45 s. As this part of the challenge of this exercise is to detrend the pointing jitter, we
imed to further shorten the integration times. The jitter timeline is sampled at 1 kHz, meaning that in 45 s, we would combine 45 000
ositions, resulting in a blurred image that is impossible to detrend as the spatial information on the focal plane has been averaged out.
e set an integration time limit of an order of magnitude smaller than that: 4.5 s, corresponding to 450 jitter positions superimposed.

o maintain consistency and comparability within the data set, a fixed exposure time is set for all stellar targets, guiding the selection
owards stars with brightness levels compatible with this observing strategy. 

To ensure a high signal-to-noise ratio (SNR), the stars must be sufficiently bright to fill the detector with photons in such a short
ime, ensuring a photon-noise dominated observation, but not so bright as to saturate the detector. 

To satisfy the stringent requirement for integration time while maintaining sufficient SNR, we ended up basing our simulation
round four host stars, as reported in Table 1 . 

Assuming detector saturation and not accounting for the duty cycle, we can estimate the relative uncertainties on the star signal
iven the saturation times by inverting the signal-to-noise ratio ( S 

N ) equation: 

S 

N 

=
√ 

Tobs · ne−

�t 
, (5) 

here Tobs is the observing time, �t is the integration time, defined in equation ( 3 ), and ne− is the number of electrons. Considering
he detector saturation levels, we assume ne− = 100 k e− for FGS1 and ne− = 85 k e− for AIRS-CH0. Under the assumption of saturation
n the previously described CDS observation, we adopt a frame time of �t = 0 . 2 s for FGS1, and �t = 4 . 6 s for AIRS-CH0. For a total
RASTI 5, 1–32 (2026)
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Figure 4. The figure shows the first two NDRs for every channel. NDR 0 is collected at the beginning of the photon collection ramp, while NDR 1 is 
collected at the end. The figures are reported in counts units as they have been converted from ADUs by inverting equation ( 4 ) as Smeas = Sadu 

ADCgain 
+ 

ADCoffset . The top row shows the photometer FGS1 images, while the bottom row shows the spectrometer AIRS-CH0 images. 

Table 1. Parameters of the selected sources and models used as input for ExoSim2. Parameters are selected to match B. Edwards et al. ( 2019 ). 

Name R� [ R�] M� [ M�] Teff [K] D [pc] Type Phoenix model 

KELT-11 2.705 1.439 5372.5 98 G8/K0 lte054.0-3.5-0.0a + 0.0.BT-Settl.spec.fits 
HD 17156 1.522 1.32 6066 77.16 G0 lte061.0-4.0-0.0a + 0.0.BT-Settl.spec.fits 
HD 209458 1.17967 1.1753 6086 47.45 F9 lte061.0-4.5-0.0a + 0.0.BT-Settl.spec.fits 
HD 149026 1.468 1.31 6158 78 G0 lte062.0-4.0-0.0a + 0.0.BT-Settl.spec.fits 

Table 2. Orbital parameters used for HD209458 b as reported in K. G. Stassun, K. A. Collins & B. S. Gaudi ( 2017 ). The mid-transit time has been set in 
this work to align the transit time with the simulated observation. 

Parameter Value 

mid-transit time ( t0 ) 3.75 h 
period ( p) 3.525 d 
semi-major-axis ( a ) 8.81 
inclination ( i ) 86.71 deg 

o
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bserving time of Tobs = 7 . 5 h , the relative noise can then be estimated as 
(

N 

S 

)
FGS1 

=
√ 

0 . 2 s 
7 . 5 h · 100 k e− = 8 ppm . (6) 
ASTI 5, 1–32 (2026)
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Figure 5. Stellar spectral energy distribution (SED) used in this work for each star used as target and reported in Table 1 . 
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or FGS1 the duty cycle plays a significant role. Since only 40 per cent of the total 7 . 5 h is effectively used for integration, the relative
oise increases by a factor of 1 /

√ 

0 . 4 . Therefore, the expected value is 
(

N 

S 

)
FGS1,DC 

= 8 √ 

0 . 4 
= 12 ppm . (7) 

n contrast, for AIRS the duty cycle can be neglected, and we estimate 
(

N 

S 

)
AIRS 

=
√ 

4 . 6 s 
7 . 5 h · 85 k e− = 45 ppm . (8) 

These values represent the theoretical lower limit for the expected uncertainties for the selected stars, assuming they saturate the
etector and utilize the full instrument capability. 

In real observations, each star would have a different exposure time, leading to variations in data set sizes. This tailored approach
nsures that the observations are optimized for both the instrument and the target star characteristics. However, for this exercise, we
tandardized the integration time and the observing time to 7.5 h. We ensured that every planet has the same transit time, and the mid-
ime of the simulated observation coincides with or is close to the transit event mid-time. While we realize this standardized integration
nd observing time setup is not necessarily representative of the normal operating conditions, the homogeneity in the data sets allows
or easier introduction to ML-related approaches. 

Nevertheless, the chosen observing duration remains physically realistic within the context of the Ariel mission. Ariel is expected
o observe each target for a total duration of approximately 2.5 times the transit duration, in order to adequately sample both in-transit
nd out-of-transit baselines. Therefore, a total observing time of 7.5 h corresponds to a transit duration of approximately 3 h, which is
epresentative of typical hot Jupiter systems and consistent with the class of targets considered in this work. This value is also broadly
onsistent with the average transit duration of the exoplanet population targeted by Ariel, ensuring that the simulated observations
eflect realistic temporal scales. This choice ensures that, despite the imposed uniformity, the simulated observations retain a realistic
emporal structure and signal-to-noise regime. 

.3.2 Stellar models 

o simulate the incoming light from the star, we use the stellar spectral energy distribution (SED) obtained from a grid of synthetic
hoenix spectra 10 (I. Baraffe et al. 2015 ). The best matching model is selected based on stellar temperature, surface gravity (logg), and
etallicity. The specific model for each star is chosen from the indicated SED grid according to these parameters, scaled by (R� /D )2 to

ccount for the star distance and is reported in Table 1 . The resulting SED has units of W (m2 · μm)−1 and it is reported in Fig. 5 . 
ASTI 5, 1–32 (2026)

0 https://phoenix.ens-lyon.fr/Grids/BT-Settl/CIFIST2011_2015/FITS/ 

https://phoenix.ens-lyon.fr/Grids/BT-Settl/CIFIST2011_2015/FITS/
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Table 4. Abundance range for sampling different physical parameters and their corresponding line list references. 

Parameters 
Abundance range 

(log10 ) Line list reference 

H2O -8 to -4 O. L. Polyansky et al. ( 2018 ) 
CO2 -8 to -4 L. S. Rothman et al. ( 2010 ) 
CH4 -8 to -4 S. N. Yurchenko et al. ( 2017 ) 
NH3 -8 to -4 P. A. Coles, S. N. Yurchenko 

& J. Tennyson ( 2019 ) 
C2 H2 -8 to -4 K. L. Chubb, J. Tennyson & 

S. N. Yurchenko ( 2020 ) 
SO2 -8 to -4 D. S. Underwood et al. ( 2016 ) 
SiO -8 to -4 J. Buldyreva, S. N. Yurchenko 

& J. Tennyson ( 2022 ) 
HCN -8 to -4 R. J. Barber et al. ( 2014 ) 
H2 S -8 to -4 A. A. A. Azzam et al. ( 2016 ) 
AlH -8 to -4 S. N. Yurchenko et al. ( 2024 ) 
CO -8 to -4 G. Li et al. ( 2015 ) 
grey cloud (Pa) 3 to 6 N/A 
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.4 Planetary model 

his section describes the planetary models used in data set generation. To ensure diverse representation of the planetary population,
e varied the following categories of parameters: planetary configurations ( Rp , inclination, semimajor axis, mid-transit time) and

tmospheric features (equilibrium temperature, trace gases detailed in Table 4 , and clouds) during the simulation process. We note that
hese variations cover hotter and larger exoplanets to enrich the diversity. Table 3 provides a detailed breakdown of varied parameters;
elow we describe the planetary configurations and atmospheric models in detail. 

.4.1 Planetary configuration 

he planetary configuration concerns with the specifies of the planetary system. 
The configuration of the host star follows the targets chosen in Table 1 . We opt to build examples using synthetic data sets, i.e.

ynthetic planets orbiting around our selected host stars. We sampled the radii of different synthetic planets from a uniform distribution
nd used a Splined-based mass radius predictor to infer the corresponding mass (Yip et al., in preparation) from the uniformly sampled
adius. We have set a lower bound in the planet’s mass as 10 Earth Masses in this investigation. As part of the effort to maintain a
omogeneous data set, we have assumed these planets to resemble very similar orbital configurations as HD209458 b, as described in
able 2 . This assumption is relaxed in some cases, as indicated in Table 3 . Fixed settings mean the configuration for HD209458 b is used,
therwise, they are varied according to a specified uniform distribution. This is to allow more extensive tests on the algorithm based on
ossible scenarios that could occur during an observation. 

.4.2 Atmospheric model 

o generate realistic simulations of observations from distant exoplanets and their atmospheres, we employed the forward modelling
apabilities of TauREx3. This tool allowed us to create hypothetical atmospheric modulations for these observations. 

Within reasonable assumptions for our synthetic planets, and with the goal of providing a benchmark data set for data detrending,
e set up a number of ‘global’ assumptions for our atmospheric model: we created all the atmospheres with a 1D plane-parallel primary

tmosphere composed of H/He at a solar abundance ratio of 0.17, along with additional atmospheric absorption such as Collision-
nduced-Absorption (C.I.A.) and scattering effects such as Rayleigh Scattering. Furthermore, we assumed an isothermal Temperature-
ressure profile. We used the equilibrium temperature of the planet as the temperature of the planet’s atmosphere. The equilibrium

emperature is calculated via the following relationship from G. Tinetti, T. Encrenaz & A. Coustenis ( 2013 ): 

eqm 

= T� ×
√ 

R� 

2 a 

× (1 − AB )1 / 4 , (9) 

here we have assumed the Bond albedo ( AB ) to be 0, and that the host stars’ radiation follows a blackbody. The exact values of T� 

nd R� are varied according to their measured uncertainty (see Table 1 ). The extent of the atmosphere is set from 10−6 to 106 Pa. All
bservation is conducted in transmission mode and is generated in native resolution as provided from the ExoMol linelist data with no
inning applied (see relevant references in Table 4 ). In some cases, we implemented a grey cloud deck with pressures varying from 3 to
 bar. We note here that the level of variation does not fully capture current findings for hot Jupiters, where high-altitude clouds could
xist at lower pressures; this limitation will be addressed in future editions of the data set. 
RASTI 5, 1–32 (2026)
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Figure 6. Visualization in spectral space of the different training and test cases presented in Table 3 . For each spectrum, we show the median-subtracted 
spectrum for that training or test case and the spread of the spectra to show the shape. Offsets are applied to individual spectra for better visualization. 

Figure 7. White light curve (i.e. the resultant light curve from using the spectrometer as a single wavelength channel) for one of the simulated 
observations with Ariel AIRS-CH0. The signal dip from the transit event is highlighted in the green box, with the depth of the transit also marked 
in purple. We highlighted other significant features: the spread of the measurements due to high-frequency and quantum noise (cyan), the polynomial 
drift due to simulated gain variations (red), and the photometric noise caused by the jitter disturbance affecting the measurements (orange), mostly 
embedded in the overall noise in this case. 
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Aside from these global assumptions, trace gases of various abundances are added to the atmosphere depending on the different
cenarios. All of them are assumed to have constant chemical abundance throughout the extent of the atmosphere. Please see Table 3 for
he exact species used in each case and Fig. 6 for a comparison of each case in spectral space. We note that some of these combinations
nd prior ranges may not be physically motivated and do not fully capture the diversity of targets that Ariel is going to observe. These
ettings are set up to prevent any algorithms from learning to detrend by having prior assumptions on the spectral feature of particular
olecules or combinations of molecules (in other words, having prior knowledge before the extraction), and to stress test any potential
odels with their ability to detrend accurately and precisely, even in unknown and unseen scenarios. On top of that, we have also

iscarded spectra with NaN values and with transit depth larger than 2 per cent. 

.5 Data production and sanitation 

or each simulated observation, we produced three versions of the same data set. (a) The first version includes all noise sources,
epresenting a complex data set on which the pipelines can be trained and tested under realistic conditions. (b) A second version excludes
ASTI 5, 1–32 (2026)



A public Ariel simulated observations data set 13

Table 5. Data set information for the two detectors. 

Parameter FGS 1 AIRS-CH0 

Observing time 7.5 h 7.5 h 
Integration time 0.2 s 4.6 s 
Number of images per obs. 135 000 11 250 
Number of CDS couples 67 500 5625 
Size of image 32 × 32 32 × 356 
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ime-correlated noise components, such as jitter and gain drift, which require dedicated analysis strategies. Finally, (c) a third version
s generated without any noise or uncertainty, serving as a reference data set. 

To generate these data sets, we developed a distributed computing system that operates across multiple machines within the
epartment of Physics and Astronomy at Cardiff University. This distributed approach allowed us to produce the entire data set (over
 TB, as detailed later) in less than a day of computing time. 

Since ExoSim2 is designed to model the effects of various instrumental subsystems in detail, its output includes all intermediate
roducts required to reconstruct the simulated observation. It was therefore necessary to sanitize the data to provide only the essential
ersions. Specifically, we removed all auxiliary data, retaining only the data cube with the simulated images and the critical information
ecessary for their interpretation (wavelength solution, time axis, and integration times for each image). In addition, we supplied a
eparate set of calibration data with parameters uniformly altered by 5 per cent to simulate realistic uncertainties in calibration products,
ather than providing the exact inputs used in the data generation process. 

.5.1 Data set statistics 

he complete data set generated for this exercise comprises 7.0 TB and is stored on the Cardiff University and DiRAC CSD3 server,
ccessible upon request. This data set includes 1435 simulated observations, as described in Section 2.5 . Each simulated observation
eighs approximately 4.5 GB, as it contains all intermediate products of the simulation. 

A sanitized version of the training data set, publicly available, consists of 673 observations with a total size of approximately 174.33
B (with each observation in the sanitized version reduced to about 500 MB). This public data set includes images, calibration data,

nd ground truth spectra, as detailed in Section 2.6 . All observations were simulated using the same integration and observation times
o ensure uniformity. Each data set contains 135 000 images for FGS1 and 11 250 images for AIRS-CH0. The test data set, while hidden
n Kaggle, will be made available on Zenodo, it has a total size of 184 GB with 758 files 

Each pair of images represents the extremes Non-Destructive Readouts (NDRs) in a CDS readout mode for the detector ramp.
hese images are separated by 0.2 s for FGS1 and 4.6 s for AIRS-CH0, resulting in 67500 CDS pairs for FGS1 and 5625 CDS pairs for
IRS-CH0. The total observing time across all observations is 7.5 h. 

A summary of this information, including the number of observations, images, and the total observing time, is provided in Table 5 .

.6 Data validation and overview 

xoSim2 provides a detailed time-domain model of both the payload and astrophysical scene, enabling accurate simulation of Ariel’s
bservational data with realistic noise and systematic effects (Fig. 7 ). The simulator has undergone rigorous validation, with each module
ested to achieve over 90 per cent test coverage, ensuring robust and reliable outputs. Given the substantial scale of the generated data
et, comprehensive end-to-end validation becomes critical for confirming input accuracy and minimizing potential errors. This section
xamines the validation methodology and presents an overview of the resulting data set, demonstrating its value for the Data Challenge
hile highlighting opportunities for broader scientific exploration. 

.6.1 Data processing pipeline 

he data processing pipeline was developed to accurately extract transit signals, evaluate noise properties, and validate the data set
gainst theoretical models. The pipeline proposed here is a basic implementation that does not reflect the official Ariel pipeline, which
s still under development at the time of writing. The methodology can be divided into three main phases: pre-processing, image
onstruction, and spectral analysis. 

In the pre-processing phase, the quality of the raw data was ensured by identifying and masking defective pixels, such as dead
r hot pixels. This was achieved using calibration data and the sigma_clip method provided by the astropy package. Following
his, the raw 16-bit digital data were converted into 64-bit floating-point values. During this conversion, corrections for the analogue-
o-digital gain ( ADConvgain ) and offset ( ADConvoffset ) were applied using the calibration files (see Section 2.2.6 and equation 4 ). Pixel
on-linearity, a common feature of detector response, was then corrected using a fifth-order polynomial fit derived from calibration
RASTI 5, 1–32 (2026)
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Figure 8. Maximum signal detected out-of-transit for the photometer (FGS1) and spectrometer (AIRS-CH0). The colour code indicates the stellar targets, 
illustrating how differences in stellar spectral energy distributions influence the observed signals. 
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oefficients (see Section 2.2.2 and equation 2 ). Finally, the contribution of dark current was subtracted for each pixel, scaled appropriately
y the integration time, using detector-specific calibration maps (see equation 1 ). 

The second phase, image construction, involved creating science frames optimised for analysis. First, CDS frames were computed by
ubtracting the signal from the first and last NDRs within each integration ramp (see equation 3 ). Subsequently, pixel-to-pixel response
ariations were corrected by normalizing the CDS frames with flat-field coefficients provided in the calibration data. This step ensured
 uniform response across the detector array. The signals were then integrated across the images to obtain transit light curves. For
hotometric observations (FGS1), the total flux was summed over the defined aperture, while for spectroscopic observations (AIRS-

CH0), the signal was integrated along pixel columns and associated with specific wavelengths. Any data outside the target wavelength
ange of 1.95–3.9 μm was excluded to maintain spectral consistency. 

The final phase of the data processing pipeline focused on extracting transit depths and estimating noise properties from the transit
ight curves obtained in the last step. To isolate the transit signal, the timeline was divided into transit and out-of-transit regions. This
eparation leveraged the symmetry of the transit event or, when necessary, an estimation of the timeline mid-point. Margins were
pplied around the ingress ( T1 ) and egress ( T4 ) to account for potential edge effects. The transit depth was then calculated using the
elationship: 

(t, λ) = 1 − Fin 

Fout 
, (10) 

here Fin and Fout represent the stellar flux rates (F( λ), in e− s−1 ) measured during and outside the transit, respectively. To first order,
he transit depth can be approximated as d(t, λ) � (Rp /R∗)2 (see e.g. D. K. Sing 2018 ), linking the depth to the relative sizes of the planet
nd the star. The out-of-transit timelines were then detrended by fitting a fifth-order polynomial, removing systematic gain drifts. 

The expected uncertainty on the transit depth, derived from equation ( 10 ), is expressed as: 

2 
d =

(
1 

tin Fout 

)2 

vin +
(

Fin 

tout F 2 
out 

)2 

vout , (11) 

here tin and tout are the times spent in and out of transit and vin and vout represent the time-integrated variances in and out of transit.
hese variances are estimated from the residuals between the measured light curves and the ground truth transit models. 

This simple prototype pipeline, although not designed for comprehensive data reduction, successfully isolates planetary transit
ignals and quantifies measurement uncertainties, validating the reliability of the data set. 

.6.2 Sample validation 

his section details the validation performed on a subset of simulated observations to evaluate signal and noise levels. For this analysis,
e selected a subsample of the data set comprising 100 examples. These examples have the largest peak-to-valley measured across their

round truth spectra than all the other examples in the data set. This initial sample was further pruned to include only those observations
here the transit mid-point was centred within the timeline. The final subsample consisted of 46 simulated observations. 

The first step of this validation was to compute the maximum signal in each channel. This was done by taking the median value
long the time axis of the out-of-transit CDS science frames and identifying the pixel with the highest signal. The results, presented
n Fig. 8 , show that the signal spans from 17.6 k e− to 37.5 k e− in FGS1 and from 30 k e− to 68 k e− in AIRS-CH0. These ranges probe
ifferent depths of the detector well in both channels while avoiding saturation. Differences in the stellar SEDs explain why KELT-11
ASTI 5, 1–32 (2026)
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Figure 9. Relative noise (ppm) as a function of wavelength for the reference timelines. The colour coding represents different stellar targets, reflecting 
how their SEDs influence the noise levels across the spectrum. The large spikes come from detector imperfections such as bad pixels that are left 
uncorrected. 

Figure 10. Excess relative noise (ppm) in the test data compared to the reference timelines, plotted as a function of wavelength. Colour coding 
corresponds to stellar targets, highlighting trends due to line-of-sight jitter and noise dominance. 
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xhibits the highest signal in AIRS-CH0 with respect to the signal measured in AIRS-CH0 for the other stars. Similarly, the HD 209458
ignal measured in FGS1 dominates with respect to the FGS1 signal obtained for the rest of the stellar sample. Overall, we observe that
or each of these stars, the AIRS-CH0 signal is stronger than that in FGS1, as expected. 

From here, the validation strategy is to use two different versions of the data set (introduced in Section 2.5 ) for a self-consistent
nd homogeneous comparison of their corresponding results, with utmost control on the simulation inputs. Specifically, we compare
he data set version including all noise sources (version a ; hereafter, ‘test data’) with that containing only fundamental noise sources
version c ; hereafter, ‘reference’). 

Fig. 9 illustrates the relative noise as a function of wavelength, calculated from the out-of-transit variance in the timelines and
escaled to the observation duration. Here, we use the reference timelines. Differences between stars arise from their distinct SEDs.
ifferences in the curves with the same star arise from variations in the simulated detector, as we show in the following. Spectral

eatures below the noise curves in this figure are effectively undetectable, even assuming ideal data reduction. 
Then, we evaluated the excess relative noise in the test data, by comparing it to the reference timelines. In this way, any excess

oise measured in the test data with respect to the reference data can be traced to noise sources that are not corrected or insufficiently
orrected, e.g. from correlated and time-dependent systematics. The noise excess, when present, can translate to biases in the measured
ransit spectra, hindering our interpretation of atmospheric results. 

Fig. 10 shows that in FGS1, excess noise increases with the signal level due to uncorrected line-of-sight jitter dominating over
undamental noise sources. This trend is also visible in the brightest spectral bins of AIRS-CH0 at the blue edge of the band but reverses
or wavelengths longer than 2.2 μm, where photon noise and readout noise dominate. Detector-specific effects, such as bad pixels, result
n the additional noise spikes shown in the figure. This is evidenced in Fig. 11 , where the colour coding represents the different detector

odels used in the simulations. Each detector model has bad pixels appearing at different positions along the spectral trace, which cause
n increase in the measured noise in the corresponding wavelength bins when no bad pixel interpolation is applied. 
RASTI 5, 1–32 (2026)
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Figure 11. Excess relative noise (ppm) as in Fig. 10 , but with colour coding representing each of the different detector models used in the data creation. 

Figure 12. Comparison of transit spectra for selected examples from the subsample. Black: ground truth spectra; orange: reference data; blue: test data. 
Error bars are included. 
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Next, we assessed the accuracy of the extracted transit depths by comparing test and reference spectra to the ground truth. Fig. 12
hows examples of extracted spectra, where the reference timelines align well with the ground truth, with 68.6+3 . 0 

−2 . 7 per cent of points
ithin the 1- σ interval. For the test data, only 17.0+3 . 5 

−2 . 1 per cent fall within this range, indicating the limitations of the simplistic reduction
pplied. Fig. 13 highlights a bias toward smaller transit depths in the test data ( ∼ 100 ppm), with residuals between extracted and ground
ruth spectra showing larger deviations. 

While the data reduction used here does not fully address systematic uncertainties, it provides a useful baseline for participants in
he Data Challenge and other follow up studies. The validation confirms that the signals and noise levels in the data set align with input
arameters, demonstrating its suitability for benchmarking future analysis pipelines. 

 DATA  PART I T I O N  

 unique challenge in exoplanet characterization lies in the absence of ground truth – for most cases, we do not know a priori the kind of
tmosphere the telescope will observe. An ideal data reduction pipeline for exoplanetary data, or space-based data by extension, should
e able to retrieve the signal without bias within the permitted noise level (above or close to the photon noise level). 
ASTI 5, 1–32 (2026)
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Figure 13. Histogram of residuals between median extracted transit depths and ground truth. The black line shows the mean and the red dash line 
shows the standard deviation. Top panel : test data, showing larger deviations and a negative bias. Bottom panel : reference data, with deviations within 
±100 ppm. 
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To thoroughly test any pipeline – whether parametric, machine learning, or hybrid – we have designed a data partition that explicitly
ncludes out-of-distribution test examples, as detailed in Table 3 . Unless otherwise stated, the global atmospheric setup follows the
iscussion in Section 2.4 . This partitioning strategy divides the data set into training (including validation) and multiple test scenarios
hat systematically introduce domain shifts across key observational parameters. Each test case is designed to probe a specific type of 
istribution shift that algorithms will encounter when deployed on real Ariel observations, where target properties will inevitably differ
rom any training set. 

The training set establishes a baseline with simulated planets having radii between 0.5 and 1.2 RJupiter orbiting two host stars (KELT-
1 and HD 17194) with atmospheric compositions including H2 O, CH4 , CO2 , and clouds, based on currently discovered molecular
pecies. The Training-Ext set is an extended training set with uniform distributions for semimajor axis, inclination, and mid-transit
ime to introduce temporal and geometric variability in the light curves, consistent with likely scenarios in actual observations. 

The test scenarios progressively introduce distribution shifts to explicitly test whether models overfit to the training set. Test
ases 0–2 maintain the same atmospheric species and host stars as the training set but employ different detector models (A, B, C),
hich differ in their bad pixel distributions, flat-field characteristics, and noise maps (see Section 2.2.1 ). This configuration isolates

nstrumental robustness: can algorithms handle detector variations while the astrophysical signal remains constant? Test case 3
xpands to additional host stars (HD 209458 and HD 149026) with different effective temperatures and SEDs compared to the training
tars, with a broader planetary radius range (0.2–1.5 RJup ) that includes smaller planets absent from training. This tests generalization to
ifferent stellar irradiation environments and planetary bulk properties. To implement thorough screening of proposed pipelines, Test
ases 4–5 feature entirely different atmospheric compositions (HCN, H2 S, AlH, and CO) from those in the training set and Test
ases 0–2 , producing distinct spectral morphologies. Test case 5 extends Test case 4 with additional orbital parameter
ariations (semimajor axis, inclination, mid-transit time) similar to Training-Ext , introducing temporal and geometric diversity
longside compositional shifts. This stringent combination tests whether algorithms have learned general denoising principles or have
imply memorized training set spectral shapes. The calibration case uses flat (featureless) spectra with no atmospheric features for all
our stars, representing the null hypothesis and providing a baseline for assessing systematic biases in the extraction process. Note that
hese four calibration cases are not included in the actual test data in the Kaggle competition, but are provided for independent validation.

We emphasize that test case design prioritizes algorithmic stress-testing over strict astrophysical plausibility. While some atmo-
pheric combinations may not represent the most probable Ariel targets, they serve the essential function of exposing overfitting
nd validating that pipelines can handle diverse, unexpected scenarios – a critical requirement for survey missions. This partitioning
pproach deliberately exposes models to the types of challenges they will encounter when analysing real Ariel observations, where
arget exoplanets may have atmospheric compositions, stellar hosts, and orbital configurations that differ significantly from any training
xamples. 

 M L - BA S E D  DATA  REDUCTION  P I P E L I N E  

o explore the possibility of having a scalable data reduction pipeline for large data sets, and to demonstrate how to manipulate the data
et for data science applications, we developed a ML-based pipeline to predict the combined transmission spectra derived from FGS1 and
IRS-CH0 instruments, or in another words, a 283 long vector. In this section we will outline its implementation. We begin our pipeline
ith data pre-processing, including calibrating the science frames using the calibration files, time-binning, and normalizing the data

et. The next stage is to feed the calibrated and normalized data into the neural network based pipeline. Here we present two different
RASTI 5, 1–32 (2026)
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rchitectures, each leveraging different perspective of the data. The final stage is using the trained networks to predict planetary spectra
nd associated uncertainties for the test set, which will be compared against the ground truth for scoring. 

.1 Data pre-processing and binning 

e begin the data pre-processing by calibrating the observation. We performed Analogue to Digital Conversion (ADConv), flat fielding,
ark current subtraction, dead pixel corrections and non-linearity correction using the calibration files provided for each observation.
ach science image is corrected using the following formula: 

image - dark 

flat 
. (12) 

n all these frames the dead pixels are masked using Python masked arrays. The bad pixels are thus masked but left uncorrected. Other
ethods can be used to correct bad-pixels, but we leave this for future exploration. The non-linearity of the pixel-wise’ response function

s corrected using the inverse polynomial coefficients provided in the calibration files as well, to perform non-linearity correction. 
Following the assumptions set out in Section 2.2.5 , we computed the CDS using the difference between the end of exposure and

he start of exposure. This resulted in a data set containing 135 000 CDS frames for FGS1 and 5610 CDS frames for AIRS-CH0. 
We subsequently performed time binning on the science frames from both instruments to save storage space and homogenize the

nput to the neural network. The binned AIRS-CH0 frames were created by grouping 30 CDS frames together, corresponding to 187
rames with a time exposure of 2’24’ each. To match the input AIRS-CH0 data, we applied a binning of 30 ×12 (360) on the input FGS1
ata. This consisted of 30 frames to match the AIRS-CH0 binning, and 12 frames to match the number of FGS1 images taken for each
IRS-CH0 frame. 

The resultant datacubes of frames have dimensions of (187, 32, 32) for FGS1 and (187, 32, 282) for AIRS-CH0. We assume that
his binning will have a small impact on the relevant information (noise + signal) contained in the data, as the dominant effect is the
on-linearity correction (shown in Appendix in Section A ), which is proportional to the signal. We note, however, that the jitter motion
ay be blurred as a result of the binning step. Additionally, we combined the AIRS and FGS images by summing up the 32 pixels of

he FGS x-axis, transforming each image into a (32, 1) format. We then concatenated this with the AIRS-CH0 image, yielding an input
imension of (187, 32, 283) for each combined image. The final step also aligns with the output target spectra, which have 283 points,
ne for FGS1 and 282 for AIRS-CH0. 

Given the predominance of stellar flux in the signal, we implemented a normalization procedure using the stellar spectrum
xtracted from the images. Fig. 14 shows an example of the signal before and after the normalization has been applied. 

.2 Learning strategy overview 

 key feature of the data set is its rich volume in information content, but exceedingly limited amount of training examples, standing
rom a machine learning point of view. Keeping data close to its original form preserves information like instrumental noise and bias,
ut increases computation costs and may hinder neural network convergence. 

There are two broad learning strategies: 

(i) Training on complete spatial-spectral time-series to generate full spectra. 
(ii) Column-wise analysis along the spectral direction to determine transit depth per column. 

The former strategy is straight forward but computationally intensive, while the second strategy facilitates the construction of 
 substantial data set ( Ndata × 282). For this investigation, we have chosen to prioritize the first strategy for the following reason: The
ndividual light curves extracted were excessively noisy, affecting our ability to accurately determine the mean spectrum value. Although
e could improve the signal-to-noise ratio (SNR) by summing the flux across all wavelengths in each image to generate a ‘white’ light

urve for extracting the mean transit depth, this method presented certain limitations: when concentrating on a single column of the
ean-subtracted image, or a specific wavelength, it is not possible to determine the level of variation from the average value without

omparative information from other channels. While incorporating adjacent channels may mitigate this limitation, we will reserve that
xploration for future work. For the current investigation, we will therefore focus on the first strategy. 

We developed two baseline approaches for the first strategy, each leveraging different features of the data set, without separating
he image columns. Both baselines utilize a CNN-based architecture, but for different views of the data. A CNN is a neural network
rchitecture that gained widespread popularity since its successful application to the ImageNet competition in 2012. The algorithm’s
esign allows it to recognize patterns from structured data (in this case, spatial-temporal data) through hierarchical layers of learnable
lters. 

Both approaches employ a two-stage training process. The first stage is identical for both, utilizing a 1D - Convolutional Neural
etworks (1D - CNN) to fit the mean value of the transmission spectra (see Table 6 . 

This CNN takes as input the transit white light curve, which represents the total flux of each image as a function of time. The
econd stage, however, diverges into two different approaches, each designed to capture different aspects of the data (Fig. 15 .): 
ASTI 5, 1–32 (2026)
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Figure 14. Stellar normalization of the detector images. Top: raw flux before normalization, showing the strongly wavelength-dependent stellar 
continuum concentrated along the spatial trace. Bottom: after dividing by the out-of-transit stellar spectrum, equalizing flux across wavelengths and 
revealing the spatial PSF profile. Left: 2D detector images (spatial pixels × wavelength bins); right: corresponding 3D surface representations. 

Figure 15. The figure illustrates the two different ML strategies deployed in this investigation. The two approaches uses the same initial step (fit with a 
1D CNN top row) followed by two different architectures (3D - CNN and 2D - CNN) to tackle the problem using different inputs. 
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(i) First approach : train on the 3D data cubes (N x N_times x N_spatial x N_wavelengths), this approach uses all the spatial information
ut as a consequence requires a lot of computing resources. The model is trained on a 3D CNN to search for atmospheric features. 

(ii) Second approach : pre-process the data by summing up the fluxes along the pixel y-axis, for each wavelength, resulting in 2D
mages of dimension (N_times, N_wavelengths), and transforming the images in order to enhance transit depth variations between
avelengths. 
RASTI 5, 1–32 (2026)
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Table 6. Architecture of the 1D convolutional neural network (CNN) used to retrieve the mean RpRs from the white light curve. The network takes a 
fixed-length time-series input of 187 time-steps and outputs a single scalar estimate of the mean transit depth. 

Layer Type Output shape Kernel size 

Feature extraction – 1D convolutional block 
Input InputLayer (N, 187 , 1) –
Conv1D-1 Conv1D (ReLU) (N, 183 , 32) 5 
MaxPool-1 MaxPooling1D (N, 91 , 32) 2 
BatchNorm BatchNormalisation (N, 91 , 32) –
Conv1D-2 Conv1D (ReLU) (N, 89 , 64) 3 
MaxPool-2 MaxPooling1D (N, 44 , 64) 2 
Conv1D-3 Conv1D (ReLU) (N, 42 , 64) 3 
MaxPool-3 MaxPooling1D (N, 21 , 64) 2 
Conv1D-4 Conv1D (ReLU) (N, 19 , 128) 3 
MaxPool-4 MaxPooling1D (N, 9 , 128) 2 
Regression head – fully connected block 
Flatten Flatten (N, 1152) –
Dense-1 Dense (ReLU) (N, 500) –
Dropout-1 Dropout (N, 500) –
Dense-2 Dense (ReLU) (N, 100) –
Dropout-2 Dropout (N, 100) –
Output Dense (Linear) (N, 1) –

Figure 16. Example of a datacube used as an input for the first baseline with the 3D - CNN. The transit depth is exaggerated for clarity and better 
visualization. 

Figure 17. Normalized transmission spectra (Rp/Rs)2 across wavelength bins for the 3D - CNN baseline. Green: training targets; red: validation true 
means. 
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.3 First baseline 

he first baseline is based on limited pre-processing of the data, which allows the neural network to use all the information contained
n the spectroscopic time-series at the cost of large inputs to the model. 

We outlined our treatment for the inputs, targets and architecture: 

(i) Input : the images are the direct product of the star spectrum normalization, as shown in Fig. 16 . 
(ii) Targets : we remove the mean to fit atmospheric fluctuations only, and normalize the targets between 0 and 1, using the global
aximum and minimum of all the examples, as shown in Fig. 17 . 
ASTI 5, 1–32 (2026)
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Table 7. Architecture of the first baseline. The network takes a 3D input corresponding to wavelength bins, time steps, and spectral channels, and 
outputs a per-wavelength fluctuation vector. 

Layer Type Output shape Kernel size 

Feature extraction – 3D convolutional block 
Input InputLayer (N, 283 , 187 , 32 , 1) –
Conv3D-1 Conv3D (ReLU) (N, 142 , 94 , 16 , 32) 3 × 3 × 3 
MaxPool-1 MaxPooling3D (N, 47 , 47 , 8 , 32) 3 × 2 × 2 
Conv3D-2 Conv3D (ReLU) (N, 24 , 24 , 4 , 64) 3 × 3 × 3 
MaxPool-2 MaxPooling3D (N, 8 , 12 , 2 , 64) 3 × 2 × 2 
Conv3D-3 Conv3D (ReLU) (N, 8 , 12 , 2 , 64) 3 × 3 × 3 
MaxPool-3 MaxPooling3D (N, 4 , 6 , 2 , 64) 2 × 2 × 1 
Conv3D-4 Conv3D (ReLU) (N, 4 , 6 , 2 , 128) 3 × 3 × 3 
MaxPool-4 MaxPooling3D (N, 2 , 6 , 2 , 128) 2 × 1 × 1 
Regression head – fully connected block 
Flatten Flatten (N, 3072) –
Dense-1 Dense (ReLU) (N, 500) –
Dropout Dropout (N, 500) –
Output Dense (ReLU) (N, 283) –

Figure 18. Examples of predictions obtained using the 3D - CNN on the validation set. 
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(iii) Architecture : The 3D CNN takes in the spatial-temporal cube and outputs the atmospheric features. Detailed architecture table
n Table 7 . 
s illustrated in Fig. 18 , the 3D - CNN model predicts an average spectrum, in black, that performs well across some targets but does not

apture the actual atmospheric features. It adjusts only the mean value of this spectrum to match each observation but always predict
he same variation pattern. 
or estimating our model uncertainties and average spectra, we use Monte Carlo dropout (Y. Gal & Z. Ghahramani 2016 ) fixing at 1000
nd 30 the number of instances for the first (1D - CNN) and second (3D - CNN) CNNs, respectively. 

.4 Second baseline 

he second baseline fits the tiny fluctuations around the mean of the spectra to search for atmospheric features. This model is also
sed as a baseline for NeurIPS – Ariel Data Challenge 2024 (K. H. Yip et al. 2024 ) and are publicly available online. 11 Here we propose
RASTI 5, 1–32 (2026)
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Figure 19. Normalized transmission spectra (Rp/Rs)2 across wavelength bins for the 2D - CNN baseline. Green: training targets; red: validation true 
means. 

Figure 20. Normalization of input data (2D images) for the second baseline 2D CNN, shown here for a given planet at a given time. 
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 method to enhance the signal variations between wavelengths, while keeping the amplitude ratios between the planetary systems,
mplementing the following treatment to the input: 

(i) Time range : For the second-stage 2D - CNN input, we retain only the in-transit portion of the time-series, using the smallest transit
uration in the data set to define a consistent temporal window across all examples. Note that the first-stage 1D - CNN (Section 4.2 )
ses the full white light curve including out-of-transit baseline to predict the mean transit depth; the 2D - CNN subsequently predicts
nly the spectral fluctuations around this mean value. This approach reduces the 2D - CNN input size while preserving the transit signal
orphology. 
(ii) Pixel y-axis : we sum up the fluxes along the pixel y-axis, for each wavelength, resulting in 2D images of dimension (N_times,

_wavelengths). 
(iii) Subtracting the mean and data normalization : for each planetary system, we first subtract the mean signal across all wavelengths

nd time instants to obtain relative input data (see Fig. 19 .) . This pre-processing step ensures coherence with our relative target values.
e then normalize these relative signals to the range [-1, 1] using the maximum amplitude of the complete data set as a reference, see

ig. 20 . 
(iv) Architecture : We implement a 2D CNN to fit the atmospheric features (see Table 8 for more details). 

This approach does not use all the information contained in the datacube, e.g. the jitter effect is now accessible within the time
omain only, but this implementation enables to perform fast calculations and to predict atmospheric spectra with different shapes
ontrary to the first baseline for which the actual implementation does not allow to produce variations in the spectral shape. For
stimating our model uncertainties and average spectra, we again used the same configuration as the first approach use Monte Carlo
ropout (Y. Gal & Z. Ghahramani 2016 ) fixing at 1000 and 30 the number of instances for the first and second CNNs respectively. 

.5 Evaluation metric 

e evaluate the quality of the predicted spectra, ( ˜ xλ) , and their predicted uncertainties at different wavelengths, ( ˜ σ )λ) , ˜ S = ( ˜ xλ, ˜ σλ)
gainst the ground truth spectrum, xλ using two metrics, (1) Mean Squared Error (MSE) and (2) Gaussian Log-Likelihood to incorporate
he estimated uncertainties from the network. 

The Mean Squared Error (MSE) is calculated by taking the squared difference between the ground truth spectra and the predicted
pectra for each example. We then compute the mean of these squared differences for each pair of wavelengths across all examples. 

The Gaussian Log-Likelihood (GLL) based scoring function, we will calculate the Gaussian Log-Likelihood (GLL) value for each
air of x in Si and ˜ Si , i.e. 

LL 

(
xλ, ˜ xλ, ˜ σλ

) = −1 
2 

log (2 π ˜ σ 2 
λ ) − ( ˜ xλ − xλ)2 

2 ˜ σ 2 
λ

. (13) 
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Table 8. Architecture of the 2D convolutional neural network (CNN) used as a second baseline to model spectral light-curve fluctuations. The input 
shape corresponds to the 40 in-transit time-steps across 283 wavelength bins. The network outputs a per-wavelength fluctuation vector of length 283. 

Layer Type Output shape Kernel size 

Block I – Temporal feature extraction (time axis) 
Input InputLayer (N, 40 , 283 , 1) –
Conv2D-1 Conv2D (ReLU) (N, 40 , 283 , 32) 1 × 3 
MaxPool-1 MaxPooling2D (N, 20 , 283 , 32) 2 × 1 
BatchNorm-1 BatchNormalisation (N, 20 , 283 , 32) –
Conv2D-2 Conv2D (ReLU) (N, 20 , 283 , 64) 1 × 3 
MaxPool-2 MaxPooling2D (N, 10 , 283 , 64) 2 × 1 
Conv2D-3 Conv2D (ReLU) (N, 10 , 283 , 128) 1 × 3 
MaxPool-3 MaxPooling2D (N, 5 , 283 , 128) 2 × 1 
Conv2D-4 Conv2D (ReLU) (N, 5 , 283 , 256) 1 × 3 
Conv2D-5 Conv2D (ReLU) (N, 5 , 283 , 32) 1 × 3 
Block II – Spectral feature extraction (wavelength axis) 
MaxPool-4 MaxPooling2D (N, 5 , 141 , 32) 1 × 2 
BatchNorm-2 BatchNormalisation (N, 5 , 141 , 32) –
Conv2D-6 Conv2D (ReLU) (N, 5 , 141 , 64) 1 × 3 
MaxPool-5 MaxPooling2D (N, 5 , 70 , 64) 1 × 2 
Conv2D-7 Conv2D (ReLU) (N, 5 , 70 , 128) 1 × 3 
MaxPool-6 MaxPooling2D (N, 5 , 35 , 128) 1 × 2 
Conv2D-8 Conv2D (ReLU) (N, 5 , 35 , 256) 1 × 3 
MaxPool-7 MaxPooling2D (N, 5 , 17 , 256) 1 × 2 
Regression head – fully connected block 
Flatten Flatten (N, 21760) –
Dense-1 Dense (ReLU) (N, 700) –
Dropout Dropout (N, 700) –
Output Dense (Linear) (N, 283) –

Table 9. Results for the two baselines on validation and test sets on GLL based metric and MSE metric. 

Valid GLL 

score 
Valid MSE 

(ppm) 
Test GLL 

score 
Test MSE 

(ppm) 

3D - CNN Baseline 0.4681 128 0.4232 544 
2D - CNN Baseline 0.5020 86 0.4246 542 
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he GLL values from each point will then be summed across all wavelengths and across the entire test set via L =
 

i 
∑ 

λ GLL 

(
xi,λ, ˜ xi,λ, σi,λ

)
. A score will be generated for a given prediction set ˜ Si via the following formulation: 

core = min 

[
0 ,

L − Lnaive 

Lideal − Lnaive 

]
. 

ere we denote Lideal as the optimum prediction set, for which ( ˜ xλ) = (xλ) , and with ˜ σ = 10ppm . This uncertainty is lower than the
inimum achievable theoretical uncertainty. 

The score will be returned as a decimal in the interval [0,1], with higher scores corresponding to better performing models. Lnaive 

epresents the reference score when the model always outputs the overall mean and standard deviation of the training set as its
rediction. 

 R E S U LT S  FROM  ML  BAS E L I N E  

he resulting scores for the two approaches are given in Table 9 for the validation and test sets. We evaluate the models with both metric
GLL metric and MSE). For the mean computation, the SGD optimizer gives more permissive error bar on the GLL loss. Adam optimizer
s used for predicting the fluctuations. 

The results in Table 9 were obtained by keeping the best out of four different splits. These splits are identical across the two baselines,
oth sharing the first 1D CNN. We trained the models using the TRex computer from CNES, with a GPU device (V100). The computing
imes were 1478s and 183s for the first (3D - CNN) and second (2D - CNN) baselines respectively. Test scores are similar for the two models,
hereas the validation score is usually better for the second baseline. 

The first baseline model tend to converge to a single spectral shape that represents a compromise across the entire data set. In
ontrast, the second baseline model predicts diverse shapes for the validation set. Neither model, however, successfully generalizes
o the test set. The distribution of MSE scores for the second baseline model across both validation and test populations is shown in
RASTI 5, 1–32 (2026)
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R

Figure 21. MSE distribution for validation and test data (second baseline). 35 test MSE higher than 1000 are not captured in this plot, reaching a 
maximum of 3440. 

Figure 22. Model predictions from the second baseline across 16 randomly selected validation targets. Black dots/line: predicted mean spectrum; grey 
band: predicted uncertainty envelope; red line: true target spectrum. 
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ig. 21 . Random examples of predicted spectra compared to ground truth values are presented in Figs 22 and 23 for the validation and
est sets, respectively. 

Model performance is primarily determined by two factors. First, the ability to fit the mean spectral value significantly influences
he scores. Secondly, the atmospheric extent relative to (Rp /Rs )2 affects the magnitude of spectral fluctuations, and therefore on the
verall score, e.g. thinner atmospheres result in reduced modulation to the flat line. Additionally, the error bars substantially influence
he GLL based metric, with larger error bars generally yielding better scores up to a threshold value. 
ASTI 5, 1–32 (2026)
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Figure 23. Model predictions from the second baseline across 16 randomly selected test targets. Black dots/line: predicted mean spectrum; grey band: 
predicted uncertainty envelope; red line: true target spectrum. 
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 DISCUSSION  

e have presented a comprehensive public data set of simulated Ariel observations and demonstrated baseline machine learning
pproaches for data reduction. While our Convolutional Neural Networks successfully extract mean transit depths, they also reveal
undamental limitations when applied to test scenarios that differ systematically from training data – a challenge central to exoplanet
urvey science where target properties are inherently unknown. 

This section examines the factors contributing to performance degradation between validation and test sets, explores mitigation
trategies, and discusses the implications for developing robust data reduction pipelines for space-based transit spectroscopy missions. 

.1 Performance degradation 

rom the result section we can see a stark performance degradation from training data (as well as validation data) to test data. This is
n expected outcome stemming from the way the data set is constructed (see Table 3 for more details on each scenarios). To reiterate,
e would like to explore the generalization ability of the trained algorithm in unknown scenarios. In the following paragraphs we will

ook into possible causes that could contribute to the degradation. 

.1.1 Distribution shifts from training to test data 

ean values: Both the training and test data sets show variations in transit duration, mid-transit time, and transit depth within their
espective population. Fig. 24 displays these parameters distribution for training (cyan) and test data (blue), revealing that even for 
hree parameters, the distribution of the test data is broader and exhibits more extreme minimum and maximum values. Within the test
ata, about 35 planetary systems have extremely deep transits compared to the training population, resulting in a 5 − 10 per cent error
r more in our predicted mean values, as shown in Fig. 25 . Likewise, the predictions are degraded when the transits are narrower or
hifted in time compared to the training set range. Given this shift in transit and atmospheric characteristics between training and test
ets, uncertainties of the mean values for the test set are often underestimated while they could be overestimated for the validation set.

Atmospheric features: As presented in Table 3 , the atmospheric composition of planets that belong to the test data is different
rom the training data. This results in different atmospheric features in their spectra. Fig. 26 shows the normalized fluctuations of the
est set spectra that can be compared to the ones exhibited in Fig. 20 of the train and validation sets. The significant shift between
he atmospheric features in the training and test data sets poses a significant challenge to the model’s generalization capabilities, as
t encounters a markedly different distribution during evaluation. Such distribution is never presented in the training set means that
he model cannot simply perform well by learning to memorize the pattern and recognize it during evaluation. Instead, it is forced to
RASTI 5, 1–32 (2026)
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Figure 24. Distribution of transit duration, mid-transit time, and transit depth, for train and test sets, represented by shades of blue. The solid rectangle 
is centred on the mean value, and its height is defined by the standard deviation. The whiskers extend to the minimum and maximum values, representing 
the range of the data. Time indices are converted into minutes (see conversion in Section 4.1 ). 

Figure 25. Predictions of spectra mean values for validation (top) and test (bottom) data, with error bars (black dots). Ground Truth mean value are 
represented by red dots and residuals are shown in the lower part of each figure (blue points). 
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Figure 26. Test set transmission spectra after subtracting from the population median, highlighting relative atmospheric features across the wavelength 
range. 
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erform inference based on the incoming data alone. This distribution shift acts as a fundamental constraint on the model’s ability to
erform well on unseen data. 

.1.2 Small training set 

he data set design aligns with conservative estimates of Ariel’s science yield, but its size (1453 samples) presents a significant challenge
or deep learning applications. Deep learning models derive their power from approximating arbitrary functions through substantial
umbers of tunable parameters. Given the dense information content and noise within each sample, the data dimensionality necessitates
 large parameter space. For example, our CNN architectures require 15M parameters – orders of magnitude larger than the number of 
raining examples. This parameter-to-sample ratio impedes network convergence to generalizable solutions and increases susceptibility
o overfitting. 

.1.3 Uncertainty quantification 

eliable uncertainty quantification in neural networks remains a significant challenge in deep learning research. The high dimensional-
ty of neural network parameter spaces complicates error propagation tracking, yet reliable confidence estimates are crucial for scientific
pplications. Current solutions typically rely on post-hoc approaches, such as the MC Dropout method implemented in this study. 

Our results reveal two fundamental limitations of this approach. First, comparing Figs 22 and 23 shows minimal variation in error
ar magnitude between validation and test sets, suggesting the model learned to replicate the training set’s error distribution without
dapting to the test distribution. Secondly, Fig. 25 reveals that predicted uncertainties often exceed actual residuals for many validation
xamples while simultaneously failing to scale appropriately for out-of-distribution test examples with large prediction errors. In both
egimes – whether predictions are accurate or inaccurate – the uncertainties remain similarly sized, indicating the method cannot
istinguish between familiar and unfamiliar inputs. 

This asymmetric behaviour indicates that Monte Carlo (MC) Dropout learns the uncertainty distribution characteristic of the
raining data but cannot reliably extrapolate to novel scenarios. The method effectively memorizes the typical scatter in the training
istribution rather than providing true epistemic uncertainty estimates that would appropriately increase for unfamiliar inputs. Ideally,
he model should produce larger error bars for unseen examples, reflecting increased uncertainty. Instead, it applies learned uncertainty
atterns to novel cases, adversely affecting the Gaussian Log Likelihood based score (GLL-score). This limitation is particularly
roblematic for survey missions like Ariel, where observations will inevitably encounter planetary systems outside the parameter space
f any training set. 

.2 Mitigation 

n this section we will discuss possible mitigations to the observed degradation in the previous section. 

.2.1 Ad-hoc scaling factor 

erformance degradation in the test set can be attributed to underestimated error bars, resulting in severe scoring penalties. Applying
ifferential scaling factors ( f = 0 . 7 for validation and f = 1 . 4 for test sets) improved the second baseline scores to 0.5192 and 0.4570, re-
RASTI 5, 1–32 (2026)



28 L. V. Mugnai et al.

R

s  

a  

d

6

O  

p
s  

&  

o

6

W  

v  

a
 

s  

s  

a  

t
 

m  

r  

f
 

m  

e  

i  

p
 

i  

e

6

W  

r
 

f  

f  

v  

j
 

c  

t  

c  

s
 

f  

i  

M  

1

r
e

D
ow

nloaded from
 academ

ic.oup.com
/rasti/article/doi/10.1093/rasti/rzag036/8674677 by guest on 02 Septem

ber 2026
pectively. While this adjustment improves model alignment with the test set, such data set-specific modifications are not recommended
s it generally does not scale well beyond the provided data set. Notably, the model underestimates uncertainties even within its training
istribution, indicating a fundamental limitation in uncertainty estimation methods that warrants future research. 

.2.2 Choice of optimizers 

ur investigation revealed a significant performance difference between optimization algorithms. The Adam optimizer, despite its
opularity for fast convergence and training stability, failed to achieve positive GLL-based metrics on the test set. Switching to SGD 

12 

ubstantially improved generalization, achieving a test score of ∼0.45. This behaviour aligns with existing literature (M. Hardt, B. Recht
 Y. Singer 2016 ; A. C. Wilson et al. 2017 ), supporting evidence that SGD’s stochastic nature provides better generalization performance
n unseen data despite slower convergence. 

.3 Supplementing test data to the training set 

e investigated the impact of incorporating limited test data into the training set, simulating early mission phases where initial obser-
ations become available. Table 10 presents a quantitative analysis of performance across different training-test mixtures, progressively
dding random test samples (50, 100, 150, 400, and 700 out of 762 total test examples) to the original 576-sample training set. 

Performance improvements show two distinct regimes. The MSE metric exhibits rapid initial improvement: adding just 50 test
amples (8.6 per cent of available test data) reduces test MSE from 542 to 271 ppm, nearly a factor of two. This dramatic improvement
uggests that even limited exposure to the test distribution helps the model learn critical features of the shifted domain. However, further
dditions show diminishing returns: increasing from 50 to 400 samples provides only incremental MSE reduction (271 to 185 ppm), and
he curve appears to plateau unless the majority of test data is included. 

GLL scores show a different pattern. While MSE improvements are front-loaded (large gains from first 50 samples), GLL improve-
ents are more gradual and persist across the full range of added samples. Even with 700 test samples added, the GLL score (0.4945)

emains below the validation set performance (0.5020 in the original split). This divergence indicates that accuracy (MSE) improves
aster than calibration (GLL). 

Implications for uncertainty quantification: The MSE-GLL divergence reveals that the network learns to predict spectral values
ore accurately but fails to appropriately adjust its uncertainty estimates. As prediction errors decrease with added test data, the model’s

rror bars should correspondingly narrow, but they remain approximately constant, leading to overconfident predictions. This results
n good MSE performance but continued GLL penalties, reinforcing our findings in Section 6.1.3 that Monte Carlo Dropout provides
oorly calibrated uncertainties under distribution shift. 

These results suggest that adaptive learning strategies incorporating even small amounts of mission data could substantially
mprove pipeline performance, but improved uncertainty quantification methods will be necessary to achieve well-calibrated confidence
stimates. 

.4 Limitations 

hile the data set and methodology presented in this work represent a significant step forward in the preparation for Ariel’s data
eduction challenges, a number of limitations must be acknowledged to frame the scope and applicability of the results. 

First, the simulated data set, although based on updated payload configurations and realistic noise sources, including those derived
rom JWST calibration products, inevitably relies on a set of assumptions and simplifications. For instance, the pointing jitter is derived
rom a single realization of a timeline, which is randomly shifted across simulations but may not fully encapsulate the range and
ariability expected during the mission’s operational lifetime. This constraint could limit the generality of conclusions drawn from
itter-related analyses. 

Moreover, the atmospheric models used to generate the transit spectra adopt a simplified, isothermal, 1D structure with constant
hemical abundances and a fixed set of trace gases. These models are intentionally not physically self-consistent in order to challenge
he robustness of data reduction pipelines under diverse scenarios. However, this choice also means that certain effects, such as vertical
hemical gradients, disequilibrium chemistry, or cloud heterogeneity, are not represented, reducing the astrophysical realism of the
imulations. 

Another important limitation concerns the stellar sample used in this exercise. The data set includes only four host stars, selected
or their brightness and compatibility with the imposed observing strategy. While this choice ensures consistency and allows for short
ntegration times suitable for jitter analysis, it significantly restricts the diversity of stellar types and SEDs present in the data set.

oreover, the sample omits both limb-darkening effects and the presence of stellar spots-phenomena that significantly alter transit
ASTI 5, 1–32 (2026)

2 Stochastic Gradient Descent (SGD) is an iterative optimization algorithm that updates neural network parameters by computing gradients on small 
andom subsets (mini-batches) of the training data, rather than the entire data set. This introduces noise into the optimization process, which can help 
scape local minima and improve generalization. 
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orphology. As a result, the generalizability of machine learning models trained on this data set to a broader population of stars remains
ntested and should be approached with caution. 

The observational setup is also standardized across the entire data set, with fixed integration times, transit durations, and observing
indows. While this uniformity supports the implementation and training of machine learning pipelines, it sacrifices the variability

nherent in actual observations, where exposure times and transit coverage are tailored to individual targets. Consequently, the data set
ay not fully capture the complexity of real-time scheduling and its implications for noise and signal extraction. 

In terms of calibration, the decision to perturb the calibration products uniformly by 5 per cent simulates uncertainties in a
ontrolled fashion, but does not reproduce the full complexity and temporal evolution of real calibration errors, such as detector
egradation, flat-field instability, or long-term non-linear effects. 

Finally, while the baseline neural network models presented in this study offer a proof-of-concept for learning-based reduction
trategies, they are not optimized for scientific use. The training data set remains limited in terms of astrophysical diversity and
nstrumental conditions, and the neural network architectures do not exploit advanced strategies such as self-supervised learning,
ransfer learning, or domain adaptation. Moreover, the risk associated with domain shift, that is, the discrepancy between the training
nd deployment data distributions, remains an open challenge and is only partially addressed through the proposed data partitioning
trategy. 

Despite these limitations, the data set provides a valuable and well-characterized platform for benchmarking data reduction
ipelines. It has been designed with modularity and extensibility in mind, enabling future developments that may address the limitations
utlined above. 

 CONCLUSION  

his work presents a comprehensive public data set of simulated Ariel mission observations, addressing a critical need in the exoplane-
ary atmospheric characterization community. By combining ExoSim2 and TauREx3 to create realistic synthetic data, we have developed
ne of the most extensive benchmark data sets based on the current payload design of the ESA Ariel Space Mission. The data set includes
435 simulated observations across diverse stellar and planetary configurations, featuring realistic noise models, calibration products
rom JWST NIRSpec observations, and systematic effects based on current space-based missions. 

We provide, as an initial attempt, the use of deep learning models for a potentially scalable data reduction pipeline. We implemented
nd evaluated two baseline deep learning approaches demonstrating both the potential and challenges of using an end-to-end ML-based
ata reduction pipelines. 

While these models proved to be quite successful in extracting the average transit depths from noisy data, they also highlight
ritical issues with non-parametric models such as the tendency to overfit on the training data sets, unable to mitigate distribution shifts
etween training and test data and unreliable uncertainty quantification. These findings highlights the importance of developing robust,
daptable algorithms capable of handling diverse observational scenarios. 

We have also investigated the impact of data set composition on the ability for the model to generalize. Our analysis reveals that even
mall additions of test data to the training set can significantly improve model performance, hinting that adaptive learning strategies,
r continuous learning strategies may be useful to optimize the reliability of these algorithms. The data set has already proven its value
hrough the Ariel Data Challenge 2024, providing a standardized and open platform for algorithm development and comparison. 

Moving forward, this resource will support the broader scientific community in developing scalable, efficient, and reliable data
eduction techniques essential for maximizing the scientific return of the Ariel mission and future exoplanet characterization efforts.
s we approach the launch of the Ariel Space Telescope in the coming future, continued refinement of these methods will be crucial for

chieving the mission’s ambitious goals in comparative planetology and atmospheric science. 

.1 Going beyond the data challenge 

lthough the data set was originally released in the context of the Ariel Data Challenge 2024, its structure, complexity, and realism
ender it suitable for a wide range of applications beyond the scope of the competition. Designed to replicate the full observational
rocess, including time, wavelength, and spatially dependent noise sources and calibration uncertainties, the data set can serve as a
aluable benchmark for the community. 

First, the data set can be used as a benchmark for the development and testing of data reduction pipelines. Its design incorporates
 broad range of realistic noise sources, such as gain drifts, pointing jitter, pixel non-linearity, and detector-level systematics, making it a
aluable resource for evaluating the performance and robustness of classical, Bayesian, and machine learning-based approaches under
onditions representative of actual space-based observations. 

A key feature of the data set is the inclusion of the ground truth atmospheric spectra. This enables rigorous quantification of
ystematic biases introduced during the data reduction process. By comparing extracted transmission spectra to the known input values,
sers can evaluate the absolute accuracy of their methods and identify wavelength-dependent residuals or distortions, providing critical

eedback for pipeline optimization. 
ASTI 5, 1–32 (2026)
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The data set also provides an ideal testbed for methodological studies in machine learning, such as domain generalization,
ransfer learning, and anomaly detection. The structured shift between training and test distributions has been explicitly designed to
eflect realistic deployment scenarios, offering an opportunity to assess model generalizability in the presence of non-stationary noise.
ltimately, the extraction of planetary spectra from photometric and spectroscopic light curves for each Ariel target will balance target-

pecific adjustments with a uniformly applied reduction framework across the entire sample. In this context, machine-learning methods
ill play a key role in automatically detecting anomalous cases – such as those impacted by stellar contamination, thus flagging instances

hat may require more bespoke treatment. 
Finally, given its accessibility and comprehensive documentation, the public data set is well-suited for training and educational

urposes. It can be employed to demonstrate the complexities of exoplanet transit spectroscopy, the role of calibration products, and
he importance of error propagation in atmospheric retrievals. 

Overall, the data set aims to support the development of scalable, accurate, and reproducible methodologies for exoplanetary
tmospheric characterization, and to foster community readiness for the analysis of Ariel data and other forthcoming space-based
urveys. 
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