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ABSTRACT

Context. Complex organic molecules (COMs) are found to be abundant in various astrophysical environments, particularly toward
star-forming regions, where they are observed both toward protostellar envelopes as well as shocked regions. The emission spectrum,
especially that of heavier COMs, might consist of up to hundreds of lines, where line blending hinders the analysis. However, identify-
ing the molecular composition of the gas that leads to the observed millimeter spectra is the first step toward a quantitative analysis.
Aims. We have developed a new method based on supervised machine learning to recognize spectroscopic features of the rotational
spectrum of molecules in the 3 mm atmospheric transmission band for a list of species including COMs, with the aim of obtaining a
detection probability.

Methods. We used local thermodynamic equilibrium (LTE) modeling to build a large set of synthetic spectra of 20 molecular species,
including COMs with a range of physical conditions typical for star-forming regions. We successfully designed and trained a convolu-
tional neural network (CNN) that provides detection probabilities of individual species in the spectra.

Results. We demonstrate that the CNN model we developed has a robust performance to detect spectroscopic signatures from these
species in synthetic spectra. We evaluated its ability to detect molecules according to the noise level, frequency coverage, and line-
richness, as well as to test its performance for an incomplete frequency coverage with high detection probabilities for the tested
parameter space, with no false predictions. Finally, we applied the CNN model to obtain predictions on observational data from the
literature toward line-rich hot core-like sources, where the detection probabilities remain reasonable, with no false detections.
Conclusions. We demonstrate the use of CNNs in facilitating the analysis of complex millimeter spectra both on synthetic spectra,
along with the first tests performed on observational data. Further analyses on its explainability, as well as calibration using a larger

observational dataset, will help improve the performance of our method for future applications.
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1. Introduction

Through the interplay of physical and chemical evolution of
the interstellar medium, a variety of chemical species emerge,
including complex organic molecules (COMs), such as sugars,
alcohols, and aldehydes (see McGuire 2022, for a review). Their
rotational (and, in certain conditions, vibrational) transitions in
the (sub)millimeter range give access to these molecules in the
gas phase. Based on decades of extensive observational efforts,
the presence of chemical complexity across a broad range of
astrophysical environments has been well established. Numerous
species have been identified toward expanding shells of evolved
stars (e.g., Kaminski et al. 2017), as well as nearby galaxies,
where the emission of COMs has also been confirmed (e.g.,
Sewito et al. 2018; Martin et al. 2021; Bouvier et al. 2025).
Sensitive observations reveal COMSs in various star-forming
environments, such as Galactic dense cores (pre-stellar cores,
hot cores, and hot corinos), shocks and extragalactic hot cores
(for reviews, see e.g., Caselli & Ceccarelli 2012; Jgrgensen et al.
2020; McGuire 2022; Ceccarelli et al. 2022; Shimonishi et al.
2023; Jimenez-Serra et al. 2025).

To identify emission from molecules other than the most
abundant “simple” species, multiple transitions need to be
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detected. Accurately assigning molecular transitions to observed
spectral lines may be challenging, especially in chemically rich
environments. This is because heavier COMs with large parti-
tion functions exhibit a plethora of (rotational) transitions due
to their molecular structure, implying a significant degeneracy
in the potentially assigned transitions. Identifying the emission
from such molecular species thus requires an iterative fitting pro-
cess using models of radiative transfer calculations, typically
assuming local thermodynamic equilibrium (LTE) conditions.
Modeling spectral line transitions over a range of upper-level
energies (Ep) enables estimates of the physical conditions, with
a particular emphasis on precise column densities required to
accurately infer molecular abundances (cf. Jgrgensen et al. 2016;
Mininni et al. 2020; Mercimek et al. 2022; Bouscasse et al.
2024; Belloche et al. 2025) enabling discussions of the chemical
composition of astrophysical sources. Spectral surveys are par-
ticularly important in this aspect (e.g., Caux et al. 2011; Lefloch
et al. 2018; Bouscasse et al. 2024; Belloche et al. 2025; Moller
et al. 2025), since their broad frequency coverage allow for
numerous transitions from the same species to be revealed.
Although LTE modeling tools are available (e.g., WEEDs,
Maret et al. 2011; CASSIS, Vastel et al. 2015; XCLASS,
Moller et al. 2017; MADCUBA, Martin et al. 2019; PySpecKit,
Ginsburg & Mirocha 2011; molsim McGuire et al. 2024), to
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obtain a proper model of the spectra, molecules at the origin
of the observed spectral lines need to be identified first. Subse-
quent iterative minimization methods in a step-by-step approach
provide the best fit results (e.g., Moller et al. 2013; Qiu et al.
2025).

Systematic analyses of a large number of spectra are there-
fore hindered by several factors. For detailed examples, we refer
to Bouscasse et al. (2022), Belloche et al. (2025) and Moller et al.
(2025). These authors have also provided an in-depth discus-
sion of spectral line analysis methods. In short, firstly, the initial
line-fitting process is iterative and delicate if species need to be
fitted individually. Secondly, a combination of limitations in the
instrumental setup (e.g., the spectral resolution) and the source
physical properties (e.g., the thermal and turbulent line widths)
are essential in resolving individual spectral lines. Thirdly, iden-
tifying and fitting emission from each species must take into
account the fact that the rotational spectra of COMs have several
transitions that overlap in frequency even if individual spectral
lines are resolved. This leads to line blending or line contamina-
tion, with the former corresponding to completely overlapping
spectral lines that are not separable without proper modeling;
whereas the latter allows us to identify the dominant line. Spec-
tral confusion limit also needs to be considered, which occurs
when emission from individual spectral lines cannot be distin-
guished due to a combination of the large number of spectral
lines, as well as line overlap due to their turbulent and ther-
mal line width, combined with an unresolved source structure.
For example, spectral confusion was an issue for Sgr B2(N)
(Belloche et al. 2013); however, resolving the source structure
with ALMA reduced the intrinsic line widths, thereby mitigat-
ing spectral confusion (c.f. Belloche et al. 2022). The physical
structure of the source may also lead to emission in multi-
ple velocity components, while the temperature gradients and
optical depth effects may result in non-Gaussian spectral line
profiles. Other instrumental effects, such as spectral artifacts,
contamination by strong emission lines from the other side-band,
and discontinuous frequency coverage, add further complexity to
the analysis.

Despite these challenges, new methods continue to emerge
to facilitate the task of analyzing COM emission in the spec-
trum. Matched filtering and stacking (Loomis et al. 2018) help
to increase the signal-to-noise ratio (S/N) to detect species
(Loomiis et al. 2021; McGuire 2022), while principal component
analysis-based (PCA) filtering techniques may help to leverage
complexity due to velocity components and line profiles (Yun &
Lee 2023). An automated mixture analysis exploits the chemical
relevance of a molecule to facilitate the identification of species
in chemical mixtures (Fried & McGuire 2024).

This analytical approach can be complemented by data-
driven approaches, particularly because machine learning meth-
ods have now been widely used for different areas in the field of
astrochemistry, such as chemical modeling, reaction pathways,
and computing binding energies (Villadsen et al. 2022; Heyl
et al. 2023; Behrens et al. 2024; Wang et al. 2025). Furthermore,
supervised and unsupervised machine learning techniques using
vector representation of molecules have been developed to iden-
tify species with chemical similarity to those already detected
in the ISM (Lee et al. 2021). Improving on this approach,
Fried et al. (2023) and Scolati et al. (2023) included iso-
topologs and, by coupling it to LTE modeling, they predicted the
molecular column densities. Successful applications have been
demonstrated to infer the chemical inventories of IRAS16293
(Fried et al. 2023), Orion-KL (Scolati et al. 2023), and TMC-1
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(Toru Shay et al. 2025). Using different machine learning meth-
ods on radiative transfer models, Mendoza et al. (2025) extracted
information based on the line profiles of HCN and HNC
molecules, while coupling chemical reaction calculations with
neural networks. Another approach has been to use information
field theory to infer which lines trace best specific conditions
in the ISM to assist in observational campaigns (Einig et al.
2024). Grassi et al. (2025) coupled 1D collapse models to ther-
mochemical modeling to connect model properties to specific
tracers.

In other domains of astronomical spectroscopy, artificial
neural networks (ANNs) have been efficiently used for X-ray
(Gonzilez-Martin et al. 2014; Dupourqué et al. 2024) and optical
spectroscopic datasets (e.g., Bailer-Jones et al. 1997; Guiglion
et al. 2024). Motivated by these advancements, we have aimed
to develop a neural network-based approach to facilitate the
analysis of complex spectroscopic (sub)millimetric data by sig-
nificantly speeding up the line identification process in the
millimeter spectral range providing a quasi-immediate prediction
with respect to which COMs could be present in the spectrum.
To our knowledge, this approach that has not yet been addressed
in the literature.

We sought to design a multi-label classification method
to detect and identify the spectral signature of other simple
molecules as well as COMs within millimeter spectra with a
focus on Galactic star-forming regions; specifically, hot core and
hot corino-like environments. Although our main goal here is
to tackle identification of abundant COMs, it has been neces-
sary for the modeling approach to consider other simple organic
and inorganic species, since their emission may blend with
strong transitions of COMSs, hindering their detection. Unlike
the approach in other works, such as those by Lee et al. (2021)
and Toru Shay et al. (2025), our methodology does not rely on
underlying chemical models and, as such, the choice of the inves-
tigated species is arbitrary. Our objective is to demonstrate that a
neural network can be trained and used to effectively discern the
molecular composition of millimeter spectroscopic data focus-
ing on the most abundant COM species exhibiting numerous
transitions in their rotational spectrum.

The applicability of our method depends on the physical con-
ditions and source types represented in the training set. We also
include isotopologs and assume LTE conditions that is a com-
monly accepted analysis method for hot core-like sources (Rolffs
et al. 2011; Giannetti et al. 2025, e.g., Jaber Al-Edhari et al. 2017,
Duronea et al. 2019 for HC3N). While we demonstrate the appli-
cability of our method using data from the IRAM 30m telescope,
our approach is designed to be independent of the observing
setup.

The paper is organized as follows. We describe the construc-
tion of the training set in Sect.2 and present the convolutional
neural network (CNN) architecture, along with its training and
validation in Sect.3. We demonstrate the capabilities and dis-
cuss the performance of the CNN model in Sect. 4. Applications
to observational data are presented in Sect. 5.

2. Construction of the training set

Supervised machine learning methods rely on labeled train-
ing sets to learn the underlying data distribution. For mil-
limeter spectra, however, we lack sufficiently large sets of
labeled observational datasets that would be usable for training;
hence, we need to rely on synthesized data where the physical
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parameters are well established and their labeling is unam-
biguous. However, the challenge is that such synthetic spectra
represent several biases and, most importantly, they are incom-
plete in terms of molecular richness and might not adequately
represent the source structure, while also lacking in potential
observational artifacts.

We used LTE modeling to obtain synthetic spectra of a list
of species that make up the focus of this study. This approach
allowed us to explore a wide range of physical parameters
and molecular compositions. The free parameters for our LTE
models include the molecular column density (Nx, where X
represents different species), excitation temperature (7 ), kine-
matics of the gas (the rest velocity, v sr, and line-width, Av),
and the size of the emission for each species of the medium.
These parameters led us to a system with a degree of free-
dom of n X 5 to model, where n is the number of molecules
to consider. To systematically explore such a parameter space
over a broad range of physical conditions is challenging. There-
fore, we limited our approach to a handful of molecules that
are widely abundant and have numerous rotational transitions
in the millimeter spectral range. We then defined the physical
parameter space to be representative of the conditions observed
in star-forming regions.

Here, we focus on the rotational spectrum of molecules in a
frequency range of 80—115 GHz that covers a substantial fraction
of the 3 mm atmospheric transmission window. This frequency
range is interesting since it has less severe line confusion com-
pared to higher frequencies. We explicitly chose this frequency
range to avoid the CO (J = 1-0) line at 115.271 GHz due to its
ubiquitously complex line profile.

2.1. Molecular composition

Our aim here is to facilitate the identification of species where
LTE modeling is necessary for their firm identification due to
their large number of rotational transitions. Therefore, we focus
on COMs that are among the most abundant species found
toward star-forming regions and COMs that exhibit more than
100 rotational transitions in the considered frequency range
above an Aj threshold and below an upper level energy of
Ey,/k < 500 K. These species are O-bearing COMs, such
as CH3CHO, CH3COCH3, CH3OCH3, CH3OCHO, (CHQOH)z,
and C,HsOH, and N-bearing COMs, such as C;H3CN, C,HsCN,
C3;H;CN, CH;3NH,, and HC(O)NH,. All of these species are
frequently detected toward chemically rich regions, such as hot
molecular cores, hot corinos, and shocks (cf. Belloche et al.
2013; Jgrgensen et al. 2020; Palau et al. 2017; Bouscasse et al.
2024; Vastel et al. 2024). The selected list of species corresponds
to the most abundant COMs in these regions, yet it remains an
arbitrary choice. For simplicity, we did not include S-bearing
COMs, whose abundances are typically one to two orders of
magnitude lower than those of COMs with analogous chemical
structures. (e.g., Baek et al. 2022; Nazari et al. 2024).

For the sake of similarity with observational spectra, we add
smaller COMs to this list, such as CH3;OH and other abundant
species, including CH3;CCH, CH3;CN, HC3N, H,CS, t-HCOOH,
CH,NH, and NH,CN. They have lower number of rotational
transitions (between 4 and 71) within our investigated limits
of Eyp/k and Aj;. In addition, many of these species are also
easily identified without LTE modeling. These molecules also
provide a way to benchmark the capability of our method to iden-
tify emission from simpler species. We list the studied chemical
species together with their number of rotational transitions in
Table A.1.
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2.2. LTE models

We computed LTE synthetic spectra for the 20 molecules
discussed in Sect.2.1 (and listed in Table A.1) for the inves-
tigated frequency range using the XCLASS software (Moller
et al. 2017). The spectroscopic information was taken from the
Cologne Database for Molecular Spectroscopy (CDMS; Miiller
et al. 2005; Endres et al. 2016) and Jet Propulsion Laboratory
(JPL; Pickett et al. 1998) line catalogs as listed in Table A.1,
for each species, respectively. Using LTE models is a com-
monly accepted approach to model emission from the majority
of the here discussed COMs, firstly because toward the dens-
est inner regions of hot cores and hot corinos LTE conditions
are satisfied, but also because collisional rate coefficients are not
systematically available for the heavier COMs in our sample'.

We fixed the source rest velocity (v sr) to zero and used a
spectral resolution of 1 MHz corresponding to ~3km s~! giving
a total of 35 000 channels for the frequency range between 85 and
115 GHz. Since we work directly with the frequency information,
our model is applicable to any spectra with the proper vy sg cor-
rection applied (see Appendix E). We explored a column density
range (Nx) up to seven orders of magnitude, typically between
10" and 10" cm™2, corresponding to physical conditions com-
monly observed toward high-mass star-forming regions at scales
up to a few thousands of au (for a review see Jgrgensen et al.
2020). We sampled the column density range (Nx) on a log-
arithmic scale using 40 points and (as discussed in Sect.2.3)
for certain species, we used a different parameter range. The
column density for CH;OH was set to 10'“—10?° cm™ as this
species has been observed as being abundant in star-forming
regions; whereas for complex cyanides, we used a range of
102-10"8 cm™? and for rarer molecules (ethylene glycol, propyl
cyanide), we used 10'2-10'7 cm™2. We computed the models
using five values of excitation temperature, corresponding to 30,
50, 100, 150, and 300 K, sampling both quiescent and heated pro-
tostellar environments. We sampled the line widths as 1, 3, 5, 10,
and 12 km s~'. An important and specific parameter that often
comes with poor constraints is the ratio between the size of the
source and that of the telescope beam. This can only be con-
strained by mapping experiments that lead to spatially resolved
measurements of the molecular emission. For distant (>1 kpc)
high-mass star-forming regions, interferometric observations are
typically required to measure the emission size of COMs. Treat-
ing the ratio between the source size and that of the telescope
beam as a free parameter ensures that the models represent a
broad range of observing configurations corresponding to both
single-dish and interferometric measurements. For this purpose,
we used a 3" beam size and adopted a source size of 0.15, 0.3,
1.5, 3 and 15”, which corresponds to a range of source size
over beam size between 0.05 and 5. This parameter range covers
both interferometric observations with marginally or completely
resolved source structures for both nearby or more distant regions
(cf. Belloche et al. 2020; Feng et al. 2015; Bonfand et al. 2017,
Giese et al. 2024, resp.), as well as unresolved emission typi-
cally corresponding to single-dish observations of more distant
regions (e.g., Widicus Weaver & Friedel 2012; Widicus Weaver
et al. 2017; Bouscasse et al. 2024).

For simplicity, we neglected any continuum emission other
than the cosmic background radiation. Neglecting the contribu-
tion from moderately strong continuum radiation is not expected
to hinder the line identification. Overall, we computed 5000

1" Collisional rate coefficients for COMs discussed here are available
for CH;0H and CH3;OCHO in the LAMDA database (Schoier et al.
2005).
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models per molecule. The LTE spectrum containing emission
from multiple species was obtained by assuming that the spec-
tra are linearly additive, which is a reasonable assumption for
optically thin emission.

Transitions from molecular isotopologs may help the identi-
fication of their parent species by providing additional spectral
lines, which can be a significant source of support for obser-
vations with a limited spectral bandwidth. Therefore, we also
included in our LTE models the most abundant isotopologs of
these species as listed in Table A.2, which were modeled together
with their main isotopolog, implying that the physical parame-
ters are the same. We took the standard local interstellar medium
(ISM) values as fixed ratios. Our results are robust against vari-
ations in isotopic fractionation, as verified a posteriori under
conditions typical of the Galactic Center (cf. Humire et al. 2020).
We also took into account the lowest vibrationally excited states
for CH3CN as well as those of CH3OH together with their iso-
topologs (cf. Table A.2). The ratios of the vibrationally excited
states to the ground (v = 0) states were set to one.

2.3. Composite spectra

The training set was compiled from composite synthetic spec-
tra generated by random linear combinations of LTE models
from individual species. When adding the spectra of multiple
species, we introduced a jitter by randomly shifting the spec-
trum up to two channels for each species in both red-shifted and
blue-shifted directions to take into account that emission from
different species may not originate from the same gas. To ensure
diversity in the training set, the physical parameters of the spec-
tra (excitation temperature, line width, source size over beam
size) were independently varied for all species. Isotopologs that
are modeled jointly with their main species are always accompa-
nied by them. We also varied the number of species and column
densities used for the composite spectrum (as discussed in detail
in Sect. 2.4).

The inclusion of a thermal noise to the spectra is necessary
to enable a meaningful application to observational data. Once
the composite spectrum is created, we added a Gaussian noise
where the standard deviation is sampled from a uniform distri-
bution, giving an overall noise level that varies between 0.2 mK
and 280 mK.

We also introduced additional features to the spectra with
the aim of enhancing the robustness of the ANN model against
unknown components and mimicking potential observational
effects. First, we added fake emission lines that are randomly
distributed in frequency to mitigate the effect of emission from
species not included in our model. These fake lines account for
between 5% and 10% of the total number of transitions within
a given spectrum and they have a brightness temperature ran-
domly drawn between 10 mK and 300 K, following a log-normal
distribution. Second, we also added artificial negative Gaussian
lines to the spectra corresponding to absorption features origi-
nating from either physical or instrumental effects. We randomly
selected the number of absorption components for 50% of the
training set, using between 1 and 10 Gaussian components with
a mean line width of 2.75 MHz and amplitudes randomly sam-
pled from a uniform distribution with values between 30% and
50% of the strongest line in the band.

We found that these adjustments to the training sample are
crucial for our trained model to achieve good generalization. In
particular, including a set of artificial lines in the spectra adds
spectral noise (with positive and negative features) to the training
set, which allows the ANN to better learn signal from species to
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be identified. Injecting these different forms of noise unrelated to
molecular emission helps the network to be more robust against
unknown transitions and, therefore, to be more adept at making
predictions based on observational spectra (see Sect. 5).

A further step was to simplify the task of network training
by masking a small frequency range around transitions from the
most abundant simple molecules listed in Table A.3. This implies
that we excluded these frequency ranges from the analysis. This
was necessary because emission from several of these simple
molecules is quasi omni-present in observational spectra, where
COMs can be searched for. However, many of these species
are expected to have optically thick emission in their low-J tran-
sitions and due to their high abundances, they are also sensitive
probes of the gas kinematics leading to complex line profiles,
where concrete examples include the 13CO, HCN, HNC, CS, SO,
and NoH* lines. Consequently, to enable a meaningful compar-
ison to observational spectra, we masked ten channels centered
on the rest frequency of their transitions. The number of transi-
tions of COMs falling within these masks is listed in Table A.4,
where we note that this eliminates typically <10% of their tran-
sitions; the only exception is CH3CN, where a more significant
blending is noticed due to blended transitions from the weakest
isotopolog, °N.

Figure 1 shows an example resulting synthetic spectrum
including emission from all investigated species with physical
parameters corresponding to that of a typical hot core (see Table
A.5) with lines having a width of 5 km s~! anoise level of 50 mK
assuming a source size that fills the 3” beam. As discussed
above, our main objective is to develop a method applicable
to chemically rich Galactic star-forming regions, including hot
cores. We show in Table A.5 how representative our parameter
range is for such sources.

2.4. Constraining the training set

We created a training dataset of 4 x 10° composite synthetic
spectra by randomly sampling the 5000 LTE model spectra for
each of the 20 investigated species and all other parameters as
described in Sect. 2.2. We defined four subsets consisting of dif-
ferent molecular compositions: the first two follow a well-defined
combination, the third is a random composition, and the fourth
is a subset with just noise:

— The first subset of 10° spectra aims to be representative
of molecular environments with having at least 10 from
the 20 randomly selected molecules in each spectrum with
astrochemically reasonable conditions resembling that of hot
corinos and hot cores. Certain molecules are expected to
be chemically related, such as sharing common molecular
precursors or having the same functional groups (Garrod &
Herbst 2006; Jgrgensen et al. 2020), as well as observational
results, lend support to correlated abundance ratios among
specific COMs (e.g., Drozdovskaya et al. 2019; Coletta et al.
2020; Nazari et al. 2022; Bouscasse et al. 2024). Here, we
take this into account by imposing column density ratios
separately for O- and N-bearing molecular families, as

N¢o1(O-bearing species)

1073, 10%]. 1
New(CH,0H) < 110107 )

For N-bearing species that may become abundant in the
hot gas phase, such as C,H3CN, C,HsCN, HC;N, and
HC(O)NH,, we have

Nco(N-bearing species)

1073, 107]. 2
New(CH,CNy <1107 107 @
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Fig. 1. Synthetic spectrum of a classical hot core computed from Table A.5 with a 5 km s~! line width, a 50 mK Gaussian noise, and a zoom-in on
400 MHz. The LTE models are shown in color. The mask computed with the molecules from Table A.3 is in gray. The fake lines and absorption

features are in blue and red, respectively.

For the rest of the species, such as NH,CN, CH3;NH,,
CH,NH, and C3H;CN, we have

Nco1(N-bearing species)

1073, 10°].
NenCH,CN) < | ]

3)

The column density for H;CS and CH3CCH remains ran-
domly drawn from the global column density range. Here,
we use a broad range of abundance ratios that are globally
consistent with observations (cf. Jgrgensen et al. 2020; Bel-
loche et al. 2025) and chemical model predictions (Garrod
et al. 2022). We combined the spectra in such a way as to
ensure that species with weak lines (a- and g-(CH,OH),,
C3H;CN, CH3NH,, and CH,NH) would be equally well rep-
resented in the final sample. This dataset is referred to as the
“recipe” for the rest of the paper.

— The second subset is also composed of 10° spectra, it is the
same as the previous one but with a random gap within each
synthetic spectrum which has a width of 200 to 800 MHz.
The detection status is modified if transitions in these gaps
impact the detectability of each species. One risk during
training is that the network would only learn to recognize
the few most obvious lines and neglect the others. Introduc-
ing these gaps forces the neural network to use less distinct
attributes and to complete its information from other parts of
the spectrum. Thus, this makes the model more efficient and
robust to missing features.

— We created a subset of 4 x 10° spectra consisting of a random
molecular composition and a noise distribution, as previ-
ously described. The role of this dataset is to expand the
diversity of the produced spectra. This dataset is referred to
as “unconstrained” throughout the paper, as no constraints
were applied to the molecular content or physical parame-
ters, which could lead to chemically unrealistic combinations
of spectra.

— The last subset is composed of 1.6 x 10° spectra with only
noise and artefacts, so that the ANN can also learn the
properties of these components.

2.5. Labeling

The list of species used to obtain each combined synthetic spec-
trum provides a first initial labeling for the training set. However,
thermal noise and the masking of transitions from simple, abun-
dant species may reduce the detectability of the initially added
molecules. Therefore, we revised the labeling to reflect the tar-
get values, which are determined by identifying the species that
are detectable in each composite spectrum. We obtained the
new labeling independently for each species by analyzing its
individual spectrum prior to the linear combination, while still
accounting for the thermal noise and masking frequencies cor-
responding to transitions from abundant omitted species. For a
species to be considered detectable, we required that its spec-
trum contains at least two transitions with a peak intensity of
> 50, where o is the dispersion of the Gaussian noise distribu-
tion added to the spectra. If the spectrum of a molecule fulfilled
this detection criterion, it was flagged as detectable in the target
vector of the corresponding composite spectrum.

We show the initial molecular composition of the “uncon-
strained” and “recipe” subsets of the synthetic spectra in Fig. B.1
as well as their revised labeling (constraining their target values).
The obtained distribution for the molecular content on the whole
training dataset is nearly uniform. The ANN sees between 10°
and 2 x 10° times each species during the training.

2.6. Validation and test datasets

We also created validation and test datasets each composed of
2 x 10* synthetic spectra independently drawn from the training
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Fig. 2. CNN architecture scheme. Input data form an example of a composite spectrum according to the three normalizations, i.e., by the maximum
(top), hyperbolic tangent (center), and polynomial (bottom). Filters are applied to the data to convolve the information and produce features maps.
This operation is done for each of the convolutional layers. Dense layers then combine the extracted features and learn how to label the spectra
depending on the provided target. The output layer is composed of one neuron per class giving a score between 0 and 1, independent of each other.

set. The molecular composition of these spectra correspond to
50% of our “recipe” and 50% of our “unconstrained” approach.
We describe how we used the test dataset in Sect. 4 to evaluate
the performance of the obtained ANN model.

3. Implementation of a CNN to learn spectral
signatures

Our aim in this work is to build a tool that extracts the molec-
ular composition from a millimeter spectrum based on their
rotational transitions. For this purpose, we employed a clas-
sification model using a CNN architecture with supervised
training (LeCun et al. 2015). In the following we discuss the
implementation and training of this CNN.

3.1. Input and normalization for the CNN

To prepare the spectra for input into the neural network, we
applied a normalization scheme widely used in machine learn-
ing applications, which allows the CNN to focus on pattern
recognition by getting rid of the data scale and, thus, facilitates
training convergence. The broad dynamic range of line intensi-
ties in the spectrum makes normalization by its maximum value
less effective for CNNss learning their signatures. Therefore, we
provided three different normalizations of the training set to the
CNN, including two that highlight respectively weak and strong
transitions. As illustrated in Fig. 2, the first transformation of
the training set corresponds to a simple normalization, where
each spectrum is normalized by its maximum value. The sec-
ond transformation corresponds to a scaling where we compute
the hyperbolic tangent of each spectrum multiplied by a fac-
tor @ = 1.5, which is then normalized by its maximum value,
increasing the contrast of weak lines. For the third transforma-
tion, we use a third degree polynomial of the normalized data
to accentuate the features of strong lines. Therefore, a single
spectrum is simultaneously injected to the network in these three
forms of transformation.
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Normalization was found to clearly influence the perfor-
mance of the CNN model. The chosen methods were selected
through testing to determine the most effective approach. In par-
ticular, we find that detection performances are systematically
better when hyperbolic tangent normalization is combined with
another one that preserves strong contrast in the maximum line
intensity.

3.2. Neural network architecture

For this study, we designed a custom network architecture, which
allows for finer control over the reduction rate of the spectral
dimension compared to using a classical backbone. The opti-
mum architecture was obtained empirically by starting with a
very simple dense network and progressively increasing its depth
and complexity. Systematic exploration of a gridded architec-
tural space is very computationally expensive. Therefore, we
used common substructures, setups, and possible adjunctions
of layers as a baseline for our architecture and explored quite
expansively the architectural space around that subspace.

The architecture mostly follows the classical scheme of for-
ward classification models with a convolution part to extract
non-localized patterns, and then a dense part that recombines the
obtained features to predict the output classes. Figure 2 illustrates
the structure of the 1D-CNN architecture. The convolutional lay-
ers were chosen to define the size of the receptive field at the end
of the convolutional part to be of 8786 channels. It determines
how the neural network filters and uses information from each
single spectra (Araujo et al. 2019). Rotational transitions from
asymmetric top molecules, such as most of the here investigated
COMs, produce spectral features from the same molecule over
the entire band, and hence we require the network to be able to
process information from various parts of the spectra. We also
include a few group normalization layers that improve the clas-
sification performance of our model (Wu & He 2018). These
normalizations help to correlate information from all scales in
the convolution axis (here, this is our 1D frequency axis) and also
mitigate the risk of vanishing gradient issues. As with any layer
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Table 1. Detailed CNN structure for molecular detection as multi-label classification.

Id. Type No. filters  Filter size  Stride Padding Activation Spectral dimension
1 Conv 16 5 3 3 RELU 35000
2 Conv 16 3 3 1 RELU 11 668
3 Conv 32 5 1 1 RELU 3890
4  Conv 32 3 3 3 LIN. 3888
5 Norm. Group size: 1 RELU 3888
6  Conv 64 3 3 2 LIN. 1298
7  Norm. Group size: 2 RELU 1298
8  Conv 64 3 3 2 RELU 434
9 Conv 64 3 3 2 LIN. 146
10  Norm. Group size: 2 RELU 146
11 Conv 64 3 3 2 LIN. 50
12 Norm. Group size: 2 RELU 50
13 Conv 128 2 2 1 RELU 18
14 Conv 128 2 2 1 RELU 10

Id. Type Nb. neurons Dropout Activation Input size
15 Dense 1024 - RELU 769
16 Dense 1024 0.4 RELU 1025
17 Dense 20 - LOGISTIC 1025

normalization method, they also tend to speed up the training by
reducing the number of iterations required to reach convergence.

Convolutional layers periodically apply a filter on their input
according to a certain stride value. Thus, the network may give
more importance to the signal coming from channels that fall on
the central position of filters and/or channels that are involved
in the activation of several filters when there is superposition.
This effect is reinforced for an application such as ours where
the position of the lines within the spectra is fixed, which can
bias the network in its choice of important lines just by a geo-
metric effect of the architecture. To avoid this, we add a jitter to
the whole spectrum so that the peak of a line can be found on
any element of the same filter. This amplitude is calculated as
- I_%J <x< V%J , Where k; is the size of the first filter, since it
is the most sensitive to this effect. This also increments a transla-
tion invariance that could correspond to a potential error coming
from the v sg estimation in observational data. We find that
this addition tends to stabilize our results over slight architec-
tural changes that was not supposed to affect much the network
expressivity.

The convolutional part aims to extract coherent features in
the spectra that are independent in their position in frequency
space. These filters have a small number of parameters, but are
applied to a large number of positions in the spectrum. Following
a classical scheme, all the features identified by the convolu-
tional part are then spatially recombined in the dense layers. As
is common, most of the model parameters are located in the
dense layers due to the flattening of feature maps into a sin-
gle 1D vector. The second dense layer has a 40% dropout rate
which supports this aspect as more neurons need to be declared
to retrieve the same expressiveness as without dropout. This
reinforces the disparity in the number of parameters between
the convolutional and the dense part. The dropout is constantly
activated during the training as a mean of regularization to

avoid overfitting and to build a more robust model capable of
generalization (Hinton et al. 2012).

During inference, dropout is usually deactivated with the
weights of the associated layers scaled down to compensate for
the extra number of activated neurons. This approach averages
all the possible models that random dropout selection could
create, predicting a single averaged output vector in a single
inference step. An alternative approach is to keep the dropout
activated at inference time and perform multiple inferences for
each input vector. This allows us to build a distribution of model
scores (see Sect.4.5) from which we can predict a mean or
median value and a dispersion that reflects the uncertainty of the
prediction. This second approach is often referred to as Monte-
Carlo dropout (Gal & Ghahramani 2015). Unless specified we
always use the prediction obtained through model averaging.

The output layer is a dense layer composed of 20 neurons
corresponding to the 20 molecules to be detected. We use a logis-
tic (sigmoid) activation to obtain an independent model score
for each of the neurons from this output layer. The stochastic-
ity of the training will naturally push the network to predict a
continuous value between 0 and 1 that will be proportional to
its confidence in the presence of the molecule in a given input
spectrum. Each class is represented by an output neuron inde-
pendent from the activation of the other neurons of this final
layer. To quantitatively interpret whether a given score value
corresponds to a detection or non-detection of a molecule, we
perform a “calibration” of the score values using the test dataset
(see Sect.4.4).

Our final architecture is presented in Table 1 and has a
total of 1957 989 parameters. It corresponds to the one present-
ing the best results while remaining computationally efficient.
The network is implemented using the Convolutional Interactive
Artificial Neural Networks by/for Astrophysicists (CIANNA)
framework developed by Cornu (2025).

A324, page 7 of 21



Kessler, N., et al.: A&A, 704, A324 (2025)

= 10.90
1.07 X
(e}
S
Z < 0.858
0.8 o =
77
O
A4 10.80
0.6t 8
—
0 20 40 60 80 100

Iterations

Fig. 3. Loss function computed on the validation dataset and AUC val-
ues as a function of training iterations with specified minimum loss and
the corresponding AUC.

3.3. CNN training

The initialization of weights is Glorot normal (Bengio & Glorot
2010). CIANNA optimizer uses a mini-batch stochastic gradient
descent with momentum. We set the batch size to 32, and the
learning rate, /,, follows an exponential decay to avoid oscilla-
tions around a minima or a too long convergence. It takes values
from ;. giqre = 0.1 10 Ly opg = 1073 with a decay d = 0.1. We set the
momentum to 0.6 which accelerates convergence and reduces
the fluctuation of loss values during learning through gradient
descent (Qian 1999). We also add a small amount of weight
decay A which is set at 5 x 1074,

We used a loss function that is defined as the mean squared
error (MSE) estimated on the validation dataset to update the
weights of the network during the training. The underfitting and
overfitting were systematically checked during training with the
help of the loss function computed over the validation dataset
at each iteration (Fig. 3). Once the training was done, the model
with the lowest loss was taken for inference. This step is also
referred to as early stopping, which helps us avoid using an
overfitted model.

As discussed in Sect.2, we generated sufficient simulated
data (i.e., a complete training set) to optimize its size for con-
vergence, ensuring diversity so the network never sees the exact
same spectrum twice. To handle this large sample size, we
divided it into smaller portions, each corresponding to 1% of the
whole training dataset processed during one iteration. We then
performed 100 iterations for the training. With 4 x 10° spectra in
the training set and a computing precision of FP32C_FP32A, the
training took 3.5 hours on a server equipped with one NVIDIA
A100 GPU.

4. Results and analysis
4.1. Metrics

Here, we describe the metrics to evaluate the classification per-
formance of the CNN model obtained during and after training.
A first metric is the loss function that we use here on the test
dataset. Figure 3 shows that the loss during the training decreases
with the number of iterations. The MSE being an oversimplified
metric, we also use other metrics such as the precision and recall
that we calculate for each molecule as

.. True detections
Precision = - —, 4)
True detections + False detections
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Fig. 4. ROC curves of the molecules for which the CNN learned to
detect their spectral signature. The values are computed on a [0, 1] range
from the x- and y-axis.

and

True detections
Recall = - —. (5)
True detections + False non detections

However, these metrics require the predictions of our model
to be expressed as a per-class binary classification. This can be
obtained by considering a species detected if its model score is
above a certain threshold.

By sampling the per-species recall and precision for different
model score thresholds over the whole test dataset we build a pre-
cision recall curve (or ROC curve) for each species (using a 0.01
threshold sampling step), which are represented in Fig. 4. From
this we also compute individual AUC (Area under the curve)
values that are robust single value representations of the overall
performances of the CNN model on each species. To estimate
the overall performance we also compute a mean AUC over all
the species. The AUCs are computed during and after training to
obtain a scalar value which allowed us to optimize the network
architecture (Bradley 1997). We represent the evolution of this
mean AUC over training in Fig. 3 in comparison to the loss evo-
lution demonstrating that the overall performance of the CNN
model improves over iterations.

The training state with the lower MSE is taken for model
inference as AUC values fluctuate and may reach high values
during the training. The here presented CNN model is our best
performing model with the minimum loss at iteration 99 and a
mean AUC over the molecules of 0.904.

4.2. Evaluation of the performance

The ROC curves show a simultaneously high recall and precision
values for all species (Fig.4), with a somewhat lower values for
CH;NH. This allows us to conclude that the CNN model has a
generally high performance for the detection of each species with
few false detections and missed detections.

We train our CNN model three times with the exact same
training setup but with different random starting weights to con-
firm the reproducibility of its results. In Fig. 5 we show the AUCs
values for each species for the three independent trainings and
find negligible variations. Their generally large (>0.89) values
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Fig. 5. AUC as a function of molecules for three trainings of the multi-
labeling CNN. The squares, triangles, and stars are the AUC values. The
red crosses correspond to the number of spectra where the molecules are
detected.

with a maximum dispersion of 0.04 allow us to conclude that
the CNN model has a robustly high performance for the detec-
tion of each species. However, we find a lower mean AUC value
(0.75) for CH,NH, compared to the other species. We investi-
gate whether this is related to the number of spectra containing
the respective molecule in the training sample (red crosses in
Fig.5), and find no clear correlation between the AUC values
and the number of spectra with the given species. However, we
find that one of the two bright transitions of CH,NH is blended
with the mask from Sect. 2.3, meaning that this species is harder
to detect unless the column density is high enough so the other
transitions reach a sufficient S/N.

4.3. Impact of line density on the classifier performance

We investigated the performance of the CNN model as a func-
tion of line density using the spectra from the test dataset. For
sources exhibiting a high molecular complexity, line density is
a relatively straightforward metric for characterizing the spec-
tra, which is applicable to both simulated and observational data.
Here, we describe how we measured the line density of the spec-
tra using the SciPyfind_peaks function that uses local maxima
above a fixed 5o threshold to extract the number of detected tran-
sitions. The line density was obtained by dividing the number of
lines by our total frequency range of 35 GHz.

In Fig. 6, we compute the AUCs as a function of line den-
sity for the spectra. The CNN model shows a good performance
for line-poor sources for molecules with only a few transitions,
such as CH;CN, H,CS, and CH,NH with 11, 8 and 32 transi-
tions, respectively (cf. Table A.1). We find that the mean AUC
(of all species) increases with line density and from 2.97 lines
per GHz, it is systematically above a value of 0.8 for 92.5% of
the spectra. We recall that the higher the AUC value, the better
the performance. Our results, therefore, suggest that the CNN
model has a reliably high performance for a rather broad range
of line densities. This behavior seems to indicate that the effect
of line blending is marginal.

To set these line densities in context, we compared this
range to that of the archetypal hot core, Sgr B2(N). Observed
with the 30m telescope, Belloche et al. (2013) reported a line
density of 102 lines per GHz for a frequency coverage of 79.990—
115.985 GHz, while at higher angular resolution with ALMA
Bonfand et al. (2017) found a line density of 438 to 460 for
its most prominent hot cores over a similar frequency range of

84.1-114.4 GHz. These frequency coverages are very similar to
ours; however, their spectral resolution is higher by a factor of
~2-3, hindering a direct comparison with these line density val-
ues. Resampling these spectra to a 1 MHz resolution would still
preserve individual lines; however, line blending would likely
decrease the number of lines when assuming the same noise
threshold. Furthermore, Bonfand et al. (2017) uses a different
approach to estimate line density, their values are therefore only
approximately comparable to the line densities we measure here.
The largest value for the line density that we measured in our
test set is 162, while the mean and median line densities are 30
and 23, respectively. This suggests that the most extreme line
rich sources are at the limit of our synthetic spectra, which is
consistent with the fact that we consider here only the most
abundant and, thus, a limited number of molecules of only 20
species. Although such a stable and reliable performance for a
broad range of line densities was one of our objectives, we cau-
tion that spectra with higher complexity (i.e., more lines) may
not be adequately treated by our current CNN model. A larger
number of species must be considered in our model spectra to
reach a line density similarly high to that of Sgr B2(N).

4.4. Calibration of the model score

In the previous sections, we discuss how we evaluated the global
statistical performance of the CNN model based on the AUC,
which is an averaged measure of a varying threshold for the
model score. However, the results of the CNN model need to
be interpreted for spectra where the target is not known. To do
this, as described in Sect. 4.1, the score given by the final output
layer can be converted to either a logical output (detection versus
non detection) or a detection probability. We find that the latter
is more informative on the ability of the model to identify the
spectral signatures of molecules and, therefore, it is better suited
for our applications.

To obtain a detection probability, we need to calibrate the
model score using the test dataset (see Sect.2.6). We apply our
CNN model to the test dataset, that provides a list of detection
scores between 0 and 1 for each spectrum, regardless of whether
they contain the molecule or not. We then choose a score inter-
val, for example 0.6 + 0.01, for each species independently and
select all the spectra with this model score. To convert this model
score to a detection probability, we then evaluate the proportion
of these selected spectra for which a detection of the species was
expected, which can be expressed as

No. of true detections per bin
Pgey =

No. of true det. + false det. per bin" ©

By discretizing our [0,1] score interval we can compute
a probability curve as a function of the predicted score for
each species. We show an example obtained for the C,HsOH
molecule in Fig.7, where the detection probability scales
roughly linearly with the model score. Based on our test dataset,
we find a similar, roughly linear trend for all molecules. This
linear scaling law is mostly the result of a relatively balanced
training sample between the detectable and non-detectable cases.
While this test confirms that we could use the detection score as
a direct proxy for detection probability, this would not be the
case for a different training set composition. In fact, the test set
for calibrating the detection probability could be optimized if
the range of physical conditions of the investigated source type
is well defined. For the sake of consistency, we use the same
calibration data set for all applications in this study. In the follow-
ing, the value obtained by converting the model score through
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the calibration curve is called detection probability Pg and is
expressed in percentage.

4.5. Effect of the noise

In our simplified synthetic spectra, we expect thermal noise to
be the dominant factor affecting the detectability of species,
although line blending may also further reduce detectability.
However, since we explore a broad range of column densities
and source size over beam sizes, the detectability of molecules
is not expected to scale linearly with the noise. Here we explore
the impact of noise globally on the results of the CNN model
by representing in Fig. 8 the AUC for each molecule as a func-
tion of noise in the test dataset. We find that the noise starts to
have a impact above 20 mK resulting in a slight decrease in the
AUCG:s, although the overall values remain still high above 0.85.
As discussed in Sect. 4.2, CH,NH has systematically lower AUC
values.

To investigate the impact of noise on detection probabil-
ity, we use an example spectrum containing emission from
all species (with the physical parameters listed in Table A.5, a
5 km s~! line width and a source size equal to the beam size
of 3””) without fake lines or absorption features, albeit with our
initial mask from Sect.2.3. We introduce three different noise
levels of 100 mK, 500 mK, and 1K, and extract the number of
transitions with > 50, as well as the S/N of the weakest such
line from the LTE spectrum of each individual molecule. This is
an important metric to evaluate the results of the CNN model,
allowing us to compare our classical analysis approach with the
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CNN model prediction that leverages the entire rotational spec-
trum. Although the two highest noise levels are outside the range
used for the training dataset, since we use normalized spectra as
input, we do not expect this to have an impact on the predictions.

The detection probability provided by the CNN model is
obtained through 100 realizations of MC-dropout on each of
the three spectra. From these results, we take the median of
the detection probabilities, and the median absolute deviation
(MAD) as its uncertainty. In Table C.1, we present the manually
extracted number of transitions above 507, along the corre-
sponding minimum S/N of these lines, as well as the detection
probability for each species provided by the CNN model. This
serves as a sanity check to compare the model performance with
expectations from the manual analysis.

We have a very high median detection probability for the
lowest, 100 mK, noise level where highest probabilities are
above 99% and with uncertainties <1% (with a 5% uncer-
tainty for CH;COCH3). The exception is g-(CH,OH),, where
the detection probability is lower at 85% with uncertainties of
4-6%. These results stress the excellent performance of the
CNN model on this highest S/N, highly idealized spectrum.
Increasing the noise by a factor of 5, in this example spectrum,
we end up losing detectable transitions from CH3;COCH3 and
g-(CH,OH),. Although we would expect a detection probabil-
ity of zero, the CNN model gives a detection probability of
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Fig. 9. Detection probability (average on 1000 realizations) as a function of the line density and the noise level. The blue horizontal line and the
green vertical line correspond to the line density and noise limits of our training dataset.

25.4% with a large dispersion of about 10% for CH;COCH3;. For
g-(CH,OH),, we obtain a low detection probability with a
2.9"29% value. Thus, the results for g-(CH,OH), are con-
sistent with our expectations; however, for CH;COCHj3; it is
the significant median absolute deviation that suggests the
non-detectability of the molecule. Considering the rest of the
species, those impacted by the higher noise are a-(CH,OH),,
CH30CHO, and CH,;NH for which the CNN model gives a
lower detection probability between 70 and 86%, with higher
median absolute deviations reaching 4-12%. Finally, with a 1 K
noise, many COM lines get below the 5o detection threshold.
Interestingly, the detection probabilities do not strictly correlate
with the number of detectable transitions. For example, while for
CH,NH, only three detectable transitions remain, we obtained a
72.7% detection probability with an uncertainty of a few per-
cent. Similarly, C,HsOH has only 11 detectable transitions, but
still presents a large probability with a median value of 81.6%.
Whereas with six detectable lines for a-(CH,OH),, we obtain
only 24.8% detection probability and a large uncertainty. Visual
inspection of the spectrum suggests that only three of these tran-
sitions are not blended or masked, and the CNN model uses
two of them (see Sect.4.7) to identify this molecule. These two
lines are, however, weak and close to the detection limit of 50.
Despite seven detectable transitions, the detection probability for
CH;OCHO decreases to 38.5% with large errors. For the other
species with a larger number of detectable transitions the detec-
tion probability still remains above 90% and with a negligible
uncertainty.

Overall, we find that the detection probability is impacted
by increasing the noise. As expected, the CNN model gives sys-
tematically the highest detection probabilities for species having
>2 transitions at > 5o, that was imposed by our training set.
We also find that the CNN model performance clearly does not

solely depend on the number of detectable transitions. Neverthe-
less, our CNN model produces an excellent result for the example
synthetic spectrum. In the following sections, we further evalu-
ate the CNN model’s performance under various constraints on
the input scenarios.

4.6. False positives

To test to which extent our model is susceptible to hallucination,
that means predicting a false high detection probability, we apply
it to fake synthetic spectra composed of various noise and ran-
dom fake lines. We use a noise level and a fake line density on
a grid of 10 x 10 values going from 2.5 x 107> K to 2.5K, and
1 to 10? lines per GHz, both axis following a logarithmic scale.
For each grid point, we create 1000 spectra with randomly dis-
tributed lines, line-width and intensity range, as in Sect. 2.3. We
show in Fig. 9 the resulting mean detection probabilities for each
grid point given by the CNN model.

The first result to note is that the detection probabilities are
all below 10% for the parameter space constrained during the
training. We also find that the noise level does not impact
the detection probabilities, however, we do observe an increase
in this value with increasing fake line density. Still, the detec-
tion probability remains below 50% even for the spectra with the
maximum line density of 10°. Although the fake lines are ran-
domly distributed, we may expect that a significant number of
channels with signal could mimic real emission of some species.
Our results suggest that the CNN model takes into account other
information than the position of lines, such as relative intensi-
ties. We can therefore conclude that false detections from our
CNN model are unlikely to affect the reliability of the presented
results, as long as the line density of the spectra remains in the
range of our training sample.
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4.7. Importance of features

To analyze the molecular content of millimeter spectra the mod-
eled spectrum of each identified molecule was compared to the
observed one. A simultaneous line-fitting was performed in an
iterative process to firmly detect emission from a COM, espe-
cially from those with a large number of rotational transitions
(such as (CH,OH),, C3H7;CN or CH3COCHj3 from our list of
targeted species). In contrast, it is more difficult to understand
how the CNN model exactly computes its predictions since it is
highly parametric. We aim here to explore the decision making
process of our CNN model by hiding various fractions of spectral
features and by doing an occlusion analysis.

We aim to evaluate how the number of transitions impacts the
predicted probability for each species individually. We used the
spectrum from Sect 2.3 (cf. Table A.5 with a 5 km s~! line width
and a 50 mK noise level) and randomly masked an increasing
fraction of transitions from 20 to 90% by steps of 10% for each
molecule separately. We performed 100 realizations with a dif-
ferent random set of masked lines each time and took the mean
model score per molecule to obtain detection probabilities. This
allowed us to mitigate the fact that different lines might have dif-
ferent levels of importance in the detection of a molecule due
to brightness and line blending. The detection probability as a
function of the fraction of hidden transitions is shown in Fig. 10
for each molecule. All species have a detection probability above
80% for less than 50% of their lines masked; however, the detec-
tion probabilities for all species show a decreasing trend with an
increasing fraction of masked lines.

Above a 50% fraction of masked lines, the detection prob-
ability for CH3NH, and C,H3CN drops. Interestingly, HC3N
still has high detection probability, even when few or no tran-
sitions are present. Concerning the other species, the detection
probability slightly decreases with the increasing fraction, but
still remains above 50%. Overall, this result allows us to evalu-
ate the resiliency of the CNN model to the degradation of the
spectral features, but also the level of information redundancy
that it learned from the spectra. Our results suggest that this is
quite high, as we can mask a significant fraction of the lines
while still being able to predict the presence of actual molecules
with a high probability. In extreme cases, when masking too
many transitions of the spectra becomes unrealistic and probably
corresponds to unconstrained cases, which would explain some
misinterpretations of the model.

However, randomly hiding a fraction of transitions does not
allow us to estimate the importance of individual spectral fea-
tures in the detection process. For this purpose, we perform an
occlusion analysis that can help in testing the impact of each
line on the model prediction. This analysis consists in mask-
ing a certain fraction of the signal, referred to as occlusion, and
then evaluating the influence of this hidden signal on the CNN
model’s classification. The method is illustrated schematically in
Sect. D and Fig. D.1.

We perform this analysis using a sliding window of five
channels, where we replace the real signal by the thermal
noise of the spectra. We use a step size of three channels for
the sliding window, and at each window position compute the
difference between the original model score and the one obtained
with occlusion. We thus obtain an "occlusion score" at the win-
dow position. This occlusion analysis is done for all species
individually.

The highest the occlusion score, the more a feature is rel-
evant for the detection. We show here the occlusion analysis
for C;HsOH from the classical hot core synthetic spectrum
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Fig. 10. Probability of detection (average on 100 realizations) for each
molecule, depending on the fraction of intentionally hidden transitions.
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Fig. 11. First maximum of the occlusion analysis score for C;HsOH.

(cf. Sect.2.3). A positive occlusion score corresponds to a cor-
relation made by the CNN model in favor of the molecule to be
detected, while a negative score is linked to an anti-correlation.
In Fig. 11, we compare the composite synthetic spectrum, the
LTE model of C;H5OH and the occlusion score for a small fre-
quency range around the maximum score. This demonstrates that
peaks of the occlusion score coincide with transitions from the
molecule of interest. Blended lines or lines from other species
have a negative score, which reduces the probability of the
molecule to be detected. Whereas a transition with a score equals
to zero has no impact on the classification of the species.

4.8. Incomplete frequency coverage of observational setups

For our synthetic spectra, we used a complete spectral cov-
erage between 80.0 and 115.0 GHz. Heterodyne receivers do
not cover this frequency range instantaneously; for example, the
EMIR receiver at the IRAM 30m telescope provides an instanta-
neous, noncontinuous bandwidth of about ~15.5 GHz (Carter
et al. 2012), which can be used to cover our investigated fre-
quency range in two setups. Smaller frequency ranges can also
be sufficient to firmly confirm emission from numerous COMs;
therefore, we evaluated the performance of our CNN model on
two possible setups from the EMIR receiver in the 3 mm band,
noting that IRAM NOEMA also provides a very similar instan-
taneous frequency coverage. Our first setup covers a frequency
range of 82-90 GHz and 98—-106 GHz (setup 1), while the second
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setup covers a frequency range of 90-98 GHz, as well as 106—
114 GHz (setup 2). Since the CNN model was trained on spectra
covering the full band of 80 to 115 GHz, using it on a limited
spectral coverage of these setups does not come with adequate
constraints, implying that the model score can no longer be cal-
ibrated or interpreted. To remedy this, it is necessary to readjust
its task by implementing transfer learning through a complemen-
tary training for each setup of interest to recover a more efficient
model. Using transfer learning instead of retraining the CNN
from its initial state reduces training time and enables effective
learning from limited data (e.g., Pan & Yang 2010; Dominguez
Séanchez et al. 2018). Overall, this check demonstrates that our
CNN model can be efficiently adapted to new observational
setups with minimal computational cost.

This complementary training uses the CNN model parame-
ters and redefines the output layer to avoid biases. For the rest,
we used the same CNN architecture and the same hyperparame-
ters. A special data set is produced for the desired setup with the
same procedure as in Sect. 2 and the data target (i.e., labeling as
discussed in Sect. 2.5) was adjusted based on the frequency cov-
erage. Transfer learning was done independently for both setups
and their combination, over ten iterations (10% of the number of
examples from the original training). Combining the two setups
nearly corresponds to the initially investigated full 80-115 GHz
band.

To compare the performance of the CNN model for these
setups, we used the diagnostic presented in Sect.4.1. As in
the previous sections (Sect.4.7), we applied the CNN model
to the classical hot core synthetic spectrum having a 50 mK
noise level in the frequency ranges described above, and using
MC-dropout. The number of 5o transitions, the obtained median
detection probability and the MAD for each molecule depend-
ing on the setup are presented in Table C.2. The results show a
similarly high performance for both setups for the species that
meet the detection criterion with typical detection probabilities
above 84% for the majority. The HC3N molecule has only one
detectable transition in setup 1 and consequently it has a detec-
tion probability of 50.0% with a maximum uncertainty of 8.6%.
This means the molecule is potentially present; however, the
CNN model does not have much confidence. On the other hand,
HCsN has two transitions in setup 2 and the CNN model is able
to robustly identify its spectral signature. The detection proba-
bility for CH3;CCH is nearly zero in setup 2 as no transition lies
within this frequency coverage. Similarly, the detection proba-
bility of NH,CN with one 50 transition is low, 26.3%. When
looking at the results of the combined setup, we find that the
CNN model identifies well all molecules.

5. Application to observational data
5.1. Predictions using archival wide-band observational data

As shown in Sects. 4.3 and 4.5, our full 80-115 GHz band CNN
model has a well-defined parameter space for the observed noise
and line density. Sections4.2 and 4.6 describe its performance
on synthetic spectra, suggesting a high and reliable performance
overall. Here, we aim to apply this model to observational data,
that is a significant step forward in testing the applicability of our
CNN model. In contrast to the synthetic spectra, observational
data may contain emission from species not considered in our
synthetic composite spectra and abundance ratios outside of that
of our training set. Furthermore, gas kinematics above the 1 MHz
resolution is neglected in our simulated data, which may hinder
the detection performance of the CNN model.

We used observations obtained with the EMIR receiver at
the IRAM 30m telescope toward chemically rich regions with
hot-core characteristics from the literature that have a similar
total frequency coverage as in our models and where a proper
modeling of the spectra has already been performed. We inves-
tigated the archetypal hot cores Sgr B2(N) and B2(M) (Belloche
et al. 2013), G34.26+0.15 (Csengeri et al. 2016), and the pre-hot
core CygX-N63 (Fechtenbaum 2015). Since the CNN model is
expected to be able to work on any continuous spectrum having
the same frequency coverage and resolution as used for network
training, it is expected to be applicable to interferometric data as
well.

Basic data reduction steps had already been applied to the
data, such as baseline subtraction and correcting the frequency
axis for the source vy sg. The observational data have a spectral
resolution better than 1 MHz and were, thus, first resampled to
the same frequency axis and resolution as that of the training set.
The preparation of input spectra to the CNN model is described
in more detail in Appendix E. The noise was measured in both
the original and the resampled spectra and we measured the line
density according to the steps described in Sect.4.3. We used
the line density information to obtain an initial characterization
of the spectra (see also Sect. 4.3) and to situate the observational
data within the parameter space of the training set. As discussed
in Belloche et al. (2013), the spectra of the Sgr B2 sources do not
reach the confusion limit. Since the rest of the studied sources
have lower line-widths and line densities, they are also above
the confusion limit. The corresponding parameters of the used
observational data are listed in Table 2.

We assigned a detection status for each source and species
partly based on literature results and by re-analyzing the data
as resampling could dilute the intensity of spectrally unresolved
signal and increase the impact of line blending. For this, we
visually inspected the resampled spectra and compare it with
synthetic LTE models, however, we did this without perform-
ing a proper fitting because our results suggest little change in
the overall detection of molecules toward these spectra. We list
these results in Table 3 as either firm observational detections
from the literature or as tentative detections, where a more pre-
cise modeling would be needed to confirm the detectability of
these species.

Our CNN model was used to predict the molecular compo-
sition of the observational data. As described in Sect.4.5, we
applied the CNN model with 100 realizations of MC-dropout
to obtain a median detection probability for each species listed
in Table 3. We compared the detection probability of the CNN
model for each molecule and we discuss these values in the
context of the observational results in this paper.

5.1.1. Sgr B2(N)

We used the publicly available IRAM 30m observations from
Belloche et al. (2013) to investigate the spectrum of Sgr B2(N).
The CNN model predicts emission from C,H3;CN, C,HsCN,
C,HsOH, CH3CCH, CH3;CN, CH30CHj3, CH;0CHO, CH30H,
HC;3N, HC(O)NH,, H,CS, and NH,CN with a high detection
probability of Pger > 66%. On the other hand, it finds a very
low detection probability for species that have weak, neverthe-
less observationally detectable signatures in the spectrum, such
as a-(CH,OH),, C;H;CN, CH3NH,, and CH,NH. This means
that their transitions are difficult to identify. Considering our
criteria of detectability, we would have expected the model to
predict higher probabilities for these species. In addition, it gives
a detection probability of 38.7% for CH;CHO, although with
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Table 2. Observational data.
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Source Telescope Freq. coverage  Resolution = Noise  Line density References

(GHz) (kHz) (mK)
Sgr B2(N) IRAM30m 79.989-115.984 320 24 102 Belloche et al. (2013)
Sgr B2(M) IRAM30m 79.989-115.984 320 25 26 Belloche et al. (2013)
G34.26+0.15 IRAM30m 84.276-115.745 200 20(9.4) (19.8) Csengeri et al. (2016)
CygX-N63 IRAM30m 82.350-117.502 200 2.9(1.9) 12.7) Fechtenbaum et al. (2015)

Notes. In parentheses the measured noise and computed line density for the resampled spectra to a resolution of 1 MHz.

Table 3. Detection probabilities obtained with MC dropout for millimeter data.

Molecule Sgr B2(N) Sgr B2(M) G34.26+0.15 CyeX-N63

Pyt (%) Detection  Pge (%) Detection  Pgeg (%)  Detection Py (%)  Detection
a-(CH,OH),  3.6"}] D 0.203 N 3.4+19 N 0.2+93 N
CHCN  96.1*1 D 8.5 D 22,0123 T 0.3+01 D
CHsCN - 98.8%03 D 27.9+80 D 84.3+33, D 3.012 D
CHsOH  74.2197, D 0.5*93 D 13.0*3) D 3.7+30 D
CH,CN - 81734 D' 1054 N 0.1+ N 0.9*93 N
CH;CCH  963%12 D 83779 D 95744 D o124 D
CH;CHO  38.7%%° D 37.9*103 D 21683 D 89.4+41 D
CHCN  9864) D 84249 D 999% D 99% D
CH;COCH;  32.3%%° D 2.0%03 D 50.0t137 T# 6.5+4¢ D
CH;NH, 22133 D 43117 D 24198 T 4329 N
CH;0CH; 658133 D 0.3 D 84.4+62 D 5774190 D
CH;0CHO  90.0*3% D 42.9+117 D 98.3+02 D 29.8*119 D
CH;OH 9981 D 982 D 99302 D 998% D
CHNH 19937 D 5223 D 2.7497 D 0.4+01 N
g-(CHOH), 217527 N 0.3%01 N 0.3%04 N 2.8:32 N
HGN - 9937, D 996%; D 99392 D 991*2 D
HC(ONH,  79.67¢3 D 43.47133 D 90.3123 D 561114 D
t-HCOOH  42.8%/, D 2.610% N 13.7+33 D 18.5%% D
H,CS 98.879% D 41036, D 98.9+93 D 99.3+01 D
NH,CN  86.05¢ D 451474 D 1432 N 0.70% N

Notes. The detection status for each species corresponds to detection (D), non-detection (N), or tentative detection (T) in the corresponding
spectrum. © Only the normal form was detected in this spectrum. # Although at higher frequencies Widicus Weaver et al. (2017) detects emission

from this species.

uncertainties of ~9.2-12.9%, and 32.3% with similarly large
uncertainties for CH;COCHj3. From these examples CH;CHO is
expected to be a relatively easily detectable species. g-(CH,OH);
is predicted with a probability of 21.7%, with an error of ~7-12%
even though its spectral signature is observationally not con-
firmed. As shown in Sect 4.6, we find this kind of behavior when
the CNN model is applied to a parameter range, or conditions it
has not been trained for.

5.1.2. Sgr B2(M)

For Sgr B2(M), the results of the CNN model seem globally
less convincing than for Sgr B2(N). The detection probability
is generally lower for heavier COMs compared to Sgr B2(N),
but high values (>80%) are found for more abundant species
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such as CH3;CCH, CH3;CN, CH;0H and HC;N. We find detec-
tion probabilities in the range of 35-50% for species, such as
CH;CHO, CH30OCHO, HC(O)NH,, H,CS, and NH,CN. The
error bars on these predictions are larger than ~5.6—14.3, imply-
ing that the CNN model cannot properly predict the presence of
these species toward this source. Nevertheless, it correctly pre-
dicts very low probabilities of <3% for non-detected species,
such as t-HCOOH, a-(CH,OH), and g-(CH,OH),.

This systematically low probability for molecules that should
be identified suggests that the spectrum of this source is notice-
ably different from the training sample. When comparing the
spectrum of Sgr B2(N) and Sgr B2(M), both have an important
number of absorption lines due to foreground clouds (cf. Thiel
et al. 2019). However, Sgr B2(M) exhibits significantly fewer
spectral lines, making its overall characteristics less line-rich and
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the number of absorption lines compared to the emission lines
more prominent compared to Sgr B2(N), and the training set.

5.1.3. G34.26+0.15

We also include in our analysis the archetypal hot core
G34.26+0.15, where the spectrum is taken from Csengeri et al.
(2016), and the molecular composition of this frequency range
was already discussed in (Mookerjea et al. 2007, Widicus
Weaver et al. 2017 for higher frequency observations). This
source shows less complex kinematic features, and no signif-
icant absorption features from foreground clouds compared to
the ones of Sgr B2 sources. We find that the predicted probabil-
ity of our CNN model is high, >84% for C,HsCN, CH3;CCH,
CH3CN, CH30CH3;, CH3;0CHO, CH30H, HC3N, HC(O)NH,,
and H,CS. Low detection probability of 2.7-21.6% is found
for C;HsOH, CH3CHO, CH,;NH and t-HCOOH with expected
detections, while non-detections have low probability values.

5.1.4. CygX-N63

Here, we also investigate the spectrum of CygX-N63 that is a
precursor of a hot core (Fechtenbaum 2015), a source that is
less line-rich compared to the other ones with no absorption
features. In this respect, this spectrum represents the simplest
use case, where we expect reliable results. The CNN model
detects high detection probabilities for CH;CCH, CH;CHO,
CH;CN, CH30H, H3CN, and H,CS. The COMs CH3OCHj3 and
HC(O)NH; present probabilities slightly above 50%, whereas
the others are less than 30% with CH;OCHO and t-HCOOH
having a value around 20%. There are no false high probability
detections, consistent with our previous results.

5.2. Applicability and limitation of the method

We successfully generalized our CNN model trained on syn-
thesized data to observational data. Overall, we obtained large
probabilities (> 50%) for most of the abundant species with
expected detections and we did not find striking false positives
for the investigated spectra, which is a very encouraging result.
While the detection probabilities were typically higher (> 90%)
for synthetic spectra on a well-constrained parameter space, we
find lower detection probabilities corresponding to a range of
20-80% for observational data, which is likely due to the dif-
ferences between real observations and our synthetic spectra.
Low detection probabilities found for some COMs may be due
to their signal being weaker than 5o, and also due to significant
line blending when resampling the spectra to 1 MHz resolution
that is particularly limiting the application to sources such as
Sgr B2(N). We notice a systematically lower performance of our
CNN model for CH3NH, and CH,NH which may come from
blended lines as discussed in Sect. 4.2.

The CNN model presented in this paper was designed
to detect molecules in rich millimeter spectra. The obtained
results demonstrate that the CNN model is able to retrieve the
spectroscopic fingerprint of species, although when applied to
observational data, the most reliable results are obtained for the
well known most abundant species. There is no evidence of
any degraded performance caused by nonuniform noise over the
band, nor by the line kinematics present in the observational data
at >1 MHz resolution (e.g., as the strong absorption features for
the Sgr B2 sources or high-velocity emission from outflows). We
also could not identify any systematic trend in the performance
that could be specific to a species.

L A&A, 704, A324 (2025)

The current version of the CNN model reaches its limits
when applying to extreme sources such as for Sgr B2(N), a limi-
tation that mostly comes from a large number of lines originating
from species not included in our LTE modeling, and the spec-
tral resolution that implies significant line blending. For the rest
of the tested sources, such as G34.26+0.15 and CygX-N63, line
blending is less of an issue, however, the spectral resolution used
here is insufficient to resolve individual lines.

6. Conclusions

This study is aimed at validating the capacity of artificial neu-
ral networks to learn the spectroscopic signatures of various
molecules using synthetic LTE model spectra. The main chal-
lenge has been to handle the large parameter space of the
training set and optimize the architecture for the best perfor-
mance. Our primary result is that the CNN model provides
robust and reliable results on the synthetic data, demonstrating
that it is able to learn signatures of rotational spectra specific to
molecular species. The overall high performance indicates that
our approach offers a meaningful way to identify the molecular
content even in line-rich spectra.

We optimized the CNN model to be able to treat 20 species
and a spectral resolution of 1 MHz for a frequency coverage of
80-115 GHz. Our analysis reveals that the CNN model performs
well for a wide range of line density and noise. We also show
that the CNN model takes into account not only the position of
lines, but also the information from the entire spectrum to gen-
erate its predictions. A notable strength of our CNN model is its
robustness against false positives.

We demonstrate that it is possible to adapt our CNN model
to different frequency coverage ranges, corresponding to obser-
vational frequency ranges provided by the IRAM 30m and
NOEMA telescopes through transfer learning. The application
to observations has been validated with meaningful detection
probabilities, confirming that CNN models are a promising
approach to extracting information on the molecular composi-
tion of millimeter spectra. A better frequency sampling would
increase the applicability of our model to even higher line den-
sity regimes and improve the treatment of line blending. Further
improvements would require the development of more power-
ful CNN architectures and a training dataset that would include
more molecular species. While the present work focuses on
methodological development and validation, our approach opens
a promising potential window to statistical applications on large
datasets. Such approaches to CNN modeling will enable us to
explore connections between molecular composition and source
type, evolutionary stage, and galactic environment.
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Appendix A: Spectroscopic databases and LTE model parameters

Table A.1 lists the molecules studied in this paper and the used database references. Table A.2 lists the used isotopologs and vibra-
tionally excited states for the LTE models discussed in Sect. 2.2, respectively. The used isotopic ratios are from Milam et al. (2005,
12C/13C = 68), Wilson & Rood (1994, "“N/N = 450), Penzias (1981, '°0/'70 = 2460), Wilson (1999, '°0/'80 = 560), and (Chin
et al. 1996, 328/33S = 153, 325/3S = 24).

Table A.3 gives detailed information on the species used to create the mask computed in Sect. 2.3. The used isotopic ratios are
the same as previously mentioned. Table A.4 summarizes the proportion of blended transitions with this mask.

Table A.5 resumes the parameter range used for LTE modeling and the parameters used to produce a synthetic spectrum repre-
sentative of a classical hot core. For the latter, the line width is set to 5 km s~! for all species and the emission is resolved (3" source
for a 3" beam). These parameters are compared to the N, and T, measured for the hot cores Sgr B2(N) (Belloche et al. 2013),
G34.26+0.15 (Mookerjea et al. 2007), and the hot corino IRAS 16293B (Nazari et al. 2024).

Table A.1: Studied molecules and reference for the used entry of spectroscopic databases.

Molecule Formula Database Tag Version | Update logio(A;j) [s~ T T Nb. transitions
Acetaldehyde CH;CHO JPL 44003 V3 2021/03 -6 172
Acetone CH;3;COCH; JPL 58003 Vi 2017/08 -5 1018
Cyanamide NH,CN JPL 42003 \"2! 2021/03 -7 39
Cyanoacetylene HC;3N CDMS | 51501 Vi1 2017/08 -5 4
Dimethyl Ether CH;0CH;3 CDMS | 46514 V2 2017/08 -7 310
Ethanol C,HsOH CDMS | 46524 \"2! 2017/08 -9 616
Ethyl Cyanide C,HsCN CDMS | 55502 V2 2017/08 -8 350
a-Ethylene Glycol | a-(CH,OH), | CDMS | 62503 Vi 2017/08 -7 1115
g-Ethylene Glycol | g-(CH,OH), | CDMS | 62504 \"2! 2017/08 -7 1474
Formamide HC(O)NH, CDMS | 45512 V2 2017/08 -6 119
Formic Acid t-HCOOH CDMS | 46506 Vi 2019/06 -8 37
Methanol CH;0H JPL 32003 V3 2017/08 -10 71
Methyl Amine CH;NH, JPL 31008 \"A! 2017/08 -8 125
Methyl Cyanide CH;CN CDMS | 41505 V2 2019/06 -5 11
Methylene Imine CH,NH CDMS | 29003 V2 2019/12 -7 32
Methyl Formate CH;0CHO JPL 60003 Vi1 2017/08 -6 380
Propyl Cyanide C;H,;CN CDMS | 69002 Vi 2019/12 -7 1534
Propyne CH;CCH CDMS | 40502 V3 2017/08 -7 11
Thioformaldehyde H,CS CDMS | 46509 V3 2020/01 -7 8
Vinyl Cyanide C,H;CN CDMS | 53515 Vi 2014/09 -5 429

Notes. The number of transitions is given for the frequency range of 80-115 GHz, an upper level energy (E,,/k) of 500 K and threshold on the

Einstein Aj; coefficients given in the corresponding column.

Table A.2: Isotopologs and the vibrational states used for LTE modeling.

Main species | Isotopolog/State | Database Tag Version | Update | Ratio to main species

CH;CCH CH;CCH CDMS 41517 V1 2020/04 68
CH?CCH CDMS 41516 V1 2020/04 68

CH;C'3CH CDMS 41515 V1 2020/04 68

CH;CN CH_?CN CDMS | 42509 V1 2017/08 68
CH;CN CDMS | 42510 V1 2017/08 450

CH;0H 13CH;0H CDMS | 33502 V1 2017/08 68
CH;SOH CDMS | 34504 V1 2017/08 560

H,CS H}’CS CDMS | 47505 | V2 | 2020/01 68
H,C*3S CDMS | 47506 V2 2020/01 153

H,C**S CDMS | 48508 V2 2020/01 24

HC;3;N H'*CCCN CDMS | 52509 V1 2017/08 68

HC'3CCN CDMS | 52510 V1 2017/08 68

HCC!*CN CDMS | 52511 V1 2017/08 68

HC(O)NH, H'*C(O)NH, CDMS | 46512 V2 2017/08 68

t-HCOOH t-H'*COOH CDMS | 47503 V1 2015/06 68

CH;OH v12 =1 CDMS | 32504 V3 2017/08 1
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vl12=1-0 | CDMS | 32505 | V3 | 2017/08 | 1
v12 =2 JPL 32003 | V3 | 2017/08 | 1
v12=2-0 JPL 32003 | V3 | 2017/08 | 1
v12=2-1 JPL 32003 | V3 | 2017/08 | 1
13CH;0H v12 =1 CDMS | 33502 | V1 | 2017/08 | 1
CH%SOH v12 =1 CDMS | 34504 | V1 | 2017/08 | 1
v12=1-0 | CDMS | 34504 | V1 | 2017/08 | 1
v12 =2 CDMS | 34504 | V1 | 2017/08 | 1
v12=2-0 | CDMS | 34504 | V1 | 2017/08 | 1
vl12=2-1 | CDMS | 34504 | V1 | 2017/08 | 1
CH;CN 8 =1 CDMS | 41509 | V1 | 2020/01 | 1
Table A.3: Simple species and their number of transitions to mask.
Group Molecule Formula | Database Tag Version | Update | Nb. Transitions
C-chains Ethynyl radical CCH CDMS | 25501 V3 2017/08 6
O-bearing | Carbon monoxide BCo CDMS | 29501 V2 2017/08 1
c'70 JPL 29006 V2 2015/10 1
c®o CDMS | 30502 V1 2017/08 1
Formyl cation HCO* CDMS | 29002 V4 2019/12 4
Formaldehyde H,CO CDMS | 30501 V3 2020/01 21
Ketene H,CCO | CDMS | 42501 V2 2017/08 40
Silicon monoxide SiO CDMS | 44505 V2 2017/08 1
N-bearing Cyano radical CN CDMS | 26504 V1 2017/08 9
Hydrogen cyanide HCN CDMS | 27501 V4 2017/08 1
Hydrogen isocyanide HNC CDMS 27502 V2 2017/08 1
Isocyanic acid HNCO CDMS | 43511 V1 2017/08 50
Diazenylium N,H* CDMS | 29506 V4 2017/08 1
Hydroxylamine NH,OH | CDMS | 33503 V1 2017/08 18
S-bearing | Carbon monosulfide CS CDMS | 44501 V2 2017/08 1
Thioformyl cation HCS* CDMS | 45506 V1 2017/08 1
Hydrogen sulfide H,S CDMS | 34502 V1 2017/08 4
Carbonyl sulfide OCS CDMS | 60503 V2 2017/08 5
Sulfur monoxide SO CDMS | 48501 A\l 2017/08 6
Sulfur dioxide SO, CDMS | 64502 V2 2017/08 110

Table A.4: Number of transitions of the modeled species and their percentage overlapping with the mask discussed in Sect. 2.3.
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Molecule Masked transitions | Percentage of masked transitions
a-(CH,OH), 123 10.4 %
C,H;CN 28 13.0 %
C,HsCN 51 9.9 %
C,HsOH 203 9.1 %
C;H,CN 207 8.9 %
CH;CCH 0 0.0 %
CH;CHO 26 7.8 %
CH;CN 9 23.7 %
CH;COCH; 148 8.5 %
CH;NH, 18 8.1 %
CH;0CH; 30 6.9 %
CH3;0CHO 74 9.5 %
CH;OH 43 8.1 %
CH,NH 2 8.3 %
g-(CH,0H), 154 10.6 %
HC;N 0 0.0 %
HC(O)NH, 22 9.6 %
t-HCOOH 14 7.3 %
H,CS 5 6.1 %
NH,CN 13 11.4 %
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Table A.5: Physical parameters used for the LTE models compared to literature values for hot core and hot corino sources.

Spectrum Parameter range Synthetic hot core Sgr B2(N) IRAS16293B G34.26+0.15
Present study Present study Belloche et al. (2013) || Nazari et al. (2024) ||Mookerjea et al. (2007)
Telescope 3" beam 3” beam IRAM 30m ALMA BIMA

Molecule Ncol [Cm_z] Tex [K] Ncol [Cm_z] Tex [K] Ncol [Cm_z] Tex [K] Ncol [Cm_z] Tex [K] Ncol [Cm_z] Tex [K]
a-(CH,OH), [[ 10 = 10"7[30 — 300[| 5 x 10 150 |[2.3x10P 50 1.4 x 107 160 - -
C,H;CN  [|10™ - 10"8|30 - 300|| 5x 10'6 150 || 7.4 x 10" 170 <4.0x 105

C,HsCN  [|10'2 - 10|30 - 300 10V 150 1.8 x 108 170 1.4 x 10'6 100 || 2.7 x 10" 160
C,HsOH ||10'2 - 10" {30 — 300 10V 150 || 9.1 x 10V 150 6.2 x 1016 170 - -
C;H,CN [|10" - 10|30 -300|| 5x 10" 150 |[1.55x 10" 150 - - - -
CH;CCH |{|10'2 - 10" {30 - 300 108 70 3.8x 10 75 - - - -
CH;CHO |[10'2 - 10" |30 — 300 107 150 1.4 x 10" 100 3.5x 10 70 - -
CH;CN 10'2 — 10" {30 - 300 10" 150 || 2.0x 10" 200 - - 1.3 x 10 160

CH;COCH; |[10'2 — 10" {30 — 300 10 150 || 1.5 x 10" 100 1.6 x 1018 | 130 - -
CH;NH, |10 - 10" |30-300(| 5x 10" 150 || 6.0 x 10" 100 -

CH;OCH; |[10'2 - 10|30 -300( 10" 150 |[2.0x10" | 130 || 85x10' | 100 |[5.7x 10" 160
CH;0CHO (102 - 10"[30 - 300|| 10" 150 || 44x107| 80 1.0x 107 | 140 - .
CH;0H ||10™ - 102°{30-300|| 5x10'® | 150 || 1.8x10" | 200 || 82x10'® | - |[3.4x10" 160
CH.NH |10 - 10|30 -300| 10" 150 || 8.0x 107 | 200 - - - -
g-(CH,OH), || 10'2 - 10'7|30 - 300|| 106 150 5.0% 10 | 160

HC;N 10'2 - 10" {30 - 300 101 150 || 1.2x 10 60 6.2x 10" 100 || 5.1x 10" 160
HC(O)NH, |[10'2 - 10'{30 - 300|| 5x 10'6 150 1.4 x 108 180 5.6 x 1016 100 || 2.5x 10% 160
t-HCOOH || 10" — 10|30 - 300|| 5x 10'6 70 ||1.55x 10| 70 7.7x 10 | 300 - -

H,CS 102 — 10" {30 - 300 10V 150 || 2.5 x 10" 150 - - - -

NH,CN |[10'2 - 10" |30 — 300 10'6 150 || 5.1 10'¢ 150 - - - -

Appendix B: Training dataset statistics

We give the statistics of the "unconstrained" and "recipe" training sets. Figure B.1 presents the distribution of the molecular content
depending on the presence of the molecular spectra and the detectability of the molecular transitions in these spectra with respect to
the noise level.
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Fig. B.1: Histogram of the number of species in the composite synthetic spectra. The black bars correspond to the initial molecular composition,
while gray dashed bars correspond to the number of detectable species after taking into account a varying noise distribution. Left: "Unconstrained"
subset of synthetic spectra with a randomly selected molecular composition. Right: "Recipe" subset of data with a constrained molecular compo-
sition. The noise distribution is given on the top panel for each subset.

Appendix C: Monte Carlo dropout results
Table C.1 lists the detection probabilities from Sect. 4.5. Table C.2 lists the detection probabilities from Sect. 4.8.

A324, page 19 of 21



Kessler, N., et al.: A&A, 704, A324 (2025)

Table C.1: Monte Carlo dropout results for the impact of the noise level on the detection probability.

Noise level : 100 mK

Noise level : 500 mK

Noise level : 1 K

Molecule i g T SNR [ Paul%] || 50 Tines | SRy | Paul[%] || 50 Tines | SNRo | Pactl%]
a-(CH,OH), 158 503 [ 99.9701 61 508 [ 70570 6 512 | 248710
CoH;CN 72 5.13 99.9t8;? 53 5.54 99.9f02;0 47 8.60 | 99.9*00
C,HsCN 150 5.01 99.8j8;i 92 5.56 99.8f8;‘15 52 5.06 99.8f8;§
C,HsOH 214 515 | 99.8°01 69 502 | 974+ 11 5.01 81.6j§-0
C;H;CN 92 5.12 99.8f8:{ 68 5.18 99.4f6’6 10 5.03 93~2i4%
CH;CCH 27 677 | 99.7°81 10 2074 | 99.6°00 10 10.84 | 99.6°00
CH;CHO 45 5.06 99.8t8?* 28 5.33 99.2f838 18 8.41 96.5f??8
CH;CN 22 5.10 99.9j§fi 15 5.12 99.8j§f§ 9 5.11 99.9j§f§
CH3COCH; 9 557 | 915 0 0.00 | 25.4+100 0 0.00 | 17.6739
CH;NH, 87 504 | 99.771 29 505 | 99.7+00 16 522 | 99.7+09
CH;OCH; 77 5.10 99.9f§fi 18 5.80 95.5;?% 10 5.68 73.6f§3§
CH;0CHO 109 5.03 99.8’:8:} 51 5.12 82.4;0-% 7 5.03 38.5j1?§
CH;0H 121 509 | 99.8* 67 501 | 99.8*0 58 516 | 99.8*
CH,NH 10 9.73 97.9j§f} 5 5.38 86.1:%% 3 5.72 72.7j§?§
g-(CH,OH), 5 5.13 86.44:4‘g 0 0.00 2.9f%-2 0 0.00 1-0:1)'2
HC;N 4 10639 | 99.4+03 4 21.33 | 97.0*39 4 10.64 | 91.8+30
HC(O)NH, 40 5.27 99.7j§f? 18 5.74 98.7j%}% 14 14.29 99.5j%}g
t-HCOOH 16 549 | 99.7+01 13 1.68 | 98.2*1 13 582 | 96.2*%
H,CS 12 7.53 99.5f83 4 20.59 99.5t5;8 4 10.27 98.8t5;3
NH,CN 17 10.91 99.7j§-i 14 5.78 99.2f§-§ 11 5.43 97.9té~§

Table C.2: Monte Carlo dropout results for the EMIR setups.

Molecule EMIR Setup 1 EMIR Setup 2 EM¥R Setup 1 +2
So lines | Pgyet[%] || Solines | Pget[%] || So lines | Pgyet[%]

a-(CH,OH), 115 99.6703 185 99.970T 300 | 99.970T
C,H;CN 45 99.7f8?2 42 99.5j8i5 87 99.7t813
C,HsCN 80 99.2j8fg 81 98.6j§f§ 161 99.8j§€r
C,HsOH 159 99.6j83 111 99.0%02 270 | 99.9+01
C3H,CN 77 99.8j§f? 89 95.2%}2 166 99.9t§fi
CH;CCH 30 98.1+07 0 0.6°03 30 99.7+01
CH;CHO 24 99.8f6? 48 93.5+10 72 99.8i8-?
CH;CN 7 99.8i811 21 99.8j5?? 28 99.9t31l
CH;COCH; 15 98.0% 17 86.2j§fg 32 99.7j§fi
CH;NH, 55 99.7+0- 42 99.4*0- 97 99.7+01
CH;0CH; 43 99.6j§f§ 40 99.7j§f§ 83 99.9j§fi
CH;0CHO 86 98.9+0% 75 99.6192 161 99.8+0!
CH;0H 55 99.5f8}2 66 99.8t8f1 121 99.8t8f1
CH,NH 5 84.6j§:§ 5 98.1ff§;% 10 98.1t§;§
g-(CH,OH), 27 98.70-7 45 93.2%,7 72 98.6f8;‘7‘
HC;N 1 50.0j§;§ 2 96.5+1 3 99.1+0
HC(O)NH, 35 99.6jo;6 15 99.0j§;§ 50 99.7j§;{
t-HCOOH 9 95.0* 13 98.5793 22 99.7:01
H,CS 10 99.5j§;? 3 86.2ﬁ§:§ 13 99.5j§;}
NH,CN 13 98.8+0 1 26.3+79 14 99.7+01

Appendix D: Principle of the occlusion analysis

We use here the occlusion analysis as a model interpretation technique with the aim to assess the importance of specific channels
in the CNN model’s prediction. As discussed in Sect. 4.7 in detail, we perform a systematic masking (that we refer to as occlusion)
small portions of the input spectrum using a sliding window. We then quantify the changes in the CNN model’s output, where
significant changes imply that the masked channels contain crucial information for its decision making. Figure D.1 illustrates the
principle of our occlusion analysis. The CNN model generates a prediction for the original spectrum and for the modified version in
which a small window of five channels is masked. The difference between these two predictions is computed and referred to as the

occlusion score. This process is repeated across the entire spectrum.

Computing the occlusion score for each windowed region, we can map the relative contribution of the spectra to the prediction.
Overall, this method provides us some interpretability by highlighting which frequency ranges the model relies on most heavily. In

A324, page 20 of 21



Kessler, N., et al.: A&A, 704, A324 (2025)

particular, comparing the frequency ranges used by the CNN model with known molecular transitions allows us to assess whether
its decision-making aligns with our expectation that it relies on physically meaningful spectral features.
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Fig. D.1: Principle of the occlusion analysis for the example of a CH;CN LTE model.

Appendix E: Data preparation and application of our CNN model
E.1. Preparation of the spectra

The CNN model can be easily applied to any new spectrum, regardless of the telescope specificity, resolution or setup. The CNN
model can also be adapted to new observational contexts, such as a different frequency coverage, different physical properties, or
a different chemical richness through transfer learning (cf. Sect. 4.8). However, to use the CNN model for a prediction, one must
complete standard data reduction, such as continuum subtraction, vy sg correction and resampling to the given frequency range with a
1 MHz spectral resolution. The latter can be done using a software such as PySpecKit (Ginsburg & Mirocha 2011), CASSIS (Vastel
et al. 2015), or CASA (CASA Team 2022). Noticeable gaps in the spectra or artifacts should be put to O.

E.2. Importing the CNN model and spectra to CIANNA

The CNN model is shared according to the Apache-2.0 license, with a mandatory reference to this article, and can be found at :
https://github.com/NinaK7/CNN-model- for-molecular-detection. This CNN model can be used or can be modified to
be applied on new data. The test dataset (cf. Sect. 2.4) and the "typical hot core spectrum” (cf. Sect. 2.3) mentioned in this article
can be found on the GitHub web page.

Our CNN model can be deployed in Python using the CIANNA API (Cornu 2025). First, the spectra must be loaded that can
be done from any format (ASCII or FITS), after having pre-formatted it as discussed above in App. E.1. The input data need to be
normalized according to the procedure presented in the paper, and converted to Numpy arrays compatible with the CTANNA format
by the user before loading and running the trained model.

Model inference can be done on a lightweight hardware, no GPU is required for the application on a single spectrum, but the
obtained performance may differ from the one from this article where we use a NVIDIA A100 GPU. In our situation, and at a
computing precision of FP32C_FP32A, the inference for 2 x 10* spectra made on the averaged CNN model is done in less than 1.7
seconds, i.e., ~ 1.2 x 10* spectra per second, and takes a RAM of 874 MB. The initialization of the framework in itself takes 0.30 s
and the weight loading takes 0.28 s.
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