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Improvement of interferometers = larger bandwidth at high spectral resolution.


Identification of molecular species in the ISM : now > 300  


Spectra of hot cores are rich in molecular emission, and present a high 
abundance of COMs (Belloche+ 2014, Csengeri+ 2019). 

Complex organic molecules (COMs) are detected in chemically rich sources

Synthetic (red) and observed (black) spectra of ethanol (a, b) and acetone 
(c, d) Jorgensen+(2020).


COMs → LTE models to fit the emission lines

The analysis of such spectra is made by hand which is not optimal. 

We want to use Machine Learning to extract and process spectroscopic data.

Adapted from Csengeri+ 2019 
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N. Brouillet+ 2022
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Goal : automatically extract information from a spectrum

Classification : 

• Detection one by one 

• Multi-label classification

Regression : 

• Regression one by one


• Multioutput regression


• Multibranch regression

Input : Data (usually few Tb) with 1D spectra 
of  channels104 − 106
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1. Representative training data set


2. Suitable Artificial Neural Network


3. Evaluation of the model’s performance 



→ Collection of 100k LTE models from 20 molecules (+some isotopologues) on a 80-115 GHz bandwidth (1MHz resolution).
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1. Introduction1

1.1. COMs in star forming regions2

1.2. The use of Artificial Neural Networks for astronomical3
data4

Nous donne accès à une nouvelle manière de traiter les don-5
nées et de les visualiser pour nous aider dans notre com-6
préhension des processus physico-chimiques. Mise en avant7
des outliers Source d’inspiration Krenn et al. (2022)8

Machine Learning appears as a promising approach for9
explorations in astrophysics as depicted by Baron (2019).10

state of the art ? CNN with 1D data11

2. Training Artificial Neural Networks to recognise12

COMs13

2.1. Spectroscopic database14

We built a spectroscopic database for rotational transitions15
by computing Local Thermodynamic Equilibrium models16
for 15 molecules produced with the XCLASS software from17
Möller, T. et al. (2017). The models are based on ⌫ = 018
transitions from The Cologne Database for Molecular Spec-19
troscopy (CDMS, ) and from the Jet Propulsion Laboratory20
(JPL, ) line catalogues in a complementary way as not21
both catalogues have partition functions for all molecules.22
The list of molecules and the database characteristics are23
detailed in Table 1. The parameter space to browse is de-24
fined by Table 2 to reproduce physical conditions that can25
be encountered in star forming regions. The bandwidth is26
set from 80 to 115 GHz with a spectral resolution of 1 MHz.27

28
The fixed parameters to compute LTE models with29
XCLASS are the following : the velocity offset �v = 030
km.s�1, the background temperature Tbg = 2.73 K, the31

hydrogen column density NH2 = 1022 cm�2, the velocity at32
local standard of rest vLSR = 0 km.s�1, the spectral index33
of dust �dust = 0, the dust mass opacity  = 0 cm2 g�1,34
the rest frequency 0 MHz, and the continuum temperature35
slope Tslope = 0 K.36

Table 1. Summary of molecules and their relative information

from line catalogs.

Molecule Formula Database Version
Acetaldehyde CH3CHO JPL 2021/03

Acetone CH3COCH3 JPL 2017/08
Dimethyl Ether CH3OCH3 CDMS 2017/08

Ethanol C2H5OH CDMS 2017/08
Ethyl Cyanide C2H5CN CDMS 2017/08

g-Ethylene Glycol g(CH2OH)2 CDMS 2017/08
Formamide NH2CHO CDMS 2021/05

Glycine NH2CH2COOH CDMS 2017/08
Methanol CH3OH CDMS 2017/08

Methyl Cyanide CH3CN CDMS 2019/06
Methyl Formate CH3OCHO JPL 2017/08

Iso-Propyl Cyanide i-C3H7CN CDMS 2017/08
Propyne CH3CCH CDMS 2017/08

Thioformaldehyde H2CS CDMS 2020/01
Vinyl Cyanide C2H3CN CDMS 2014/09

Table 2. Parameter ranges used to produce the LTE models.

Parameter Range
Beam size [arcsec] 3

Column density [cm�2] 1012 - 1019
Line width FWHM [km.s�1] 1 - 12
Rotational temperature [K] 30 - 300

Source size [arcsec] 0.15 - 15

Note : The column density for CH3OH is set to 1014 -
1020 cm�2 as this specie is observed to be abundant in
star forming regions. This value for abundant cyanides is
set to 1012 - 1018 cm�2, and rares molecules (ethylene
glycol, glycine, iso-propyl cyanide) to 1012 - 1017 cm�2.

/// see literature + widen the range from the literature 37
to avoid limitation to the already seen cases to generalize 38
the use 39
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There is currently not enough fully analyzed (sub)millimeter spectra to built a reliable training dataset; 
the spectral emission of hot cores must be modeled.

4

Browsing the space of parameters defined by :

+ A model used as a mask to hide the transitions 
potentially impacted by local physics with the species :
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Table 3. Isotopic ratios applied for LTE modeling.

Isotopes Ratios Reference
12C/13C 68 Milam et al. (2005)
14N/15N 450 Wilson & Rood (1994)
16O/17O 2460 Penzias (1981)
16O/18O 560 Wilson (1999)
28Si/29Si 18 Monson et al. (2017)
28Si/30Si 26 Monson et al. (2017)
32S/33S 153 Chin et al. (1996)
32S/34S 24 Chin et al. (1996)

of individual species as discussed above. When adding the253
spectra of multiple species we introduce a jitter by shifting254
the spectrum up to two channels in both red-shifted and255
blue-shifted direction. The amplitude of this shift corre-256
sponds to 6 km s�1 at 100 GHz and takes into account that257
emission from different species may not originate from the258
same gas.259

Once the composite spectrum is created, we pollute the260
spectra with artefacts with the aim to include potentially261
real observational effects.We simulate absorption features262
that can be of physical or instrumental origin by adding263
a randomly chosen number of absorption components be-264
tween 1 and 10. that will correspond to the number of Gaus-265
sians having an amplitude between �30 and �50% of the266
strongest transition within the spectrum. Moreover, only267
50% of the spectra present such absorption features. We268
also add lines that are randomly distributed in frequency269
range to account for unidentified lines, interference, or emis-270
sion from species not included in our model of the molecular271
composition. The number of fake lines is between 5% and272
10% of the total number of transitions within a given spec-273
trum. WE SHOULD CHECK HOW SENSITIVE IS THE274
PREDICTION TO THIS ON REAL DATA...THE FIRST275
QUESTION OF THE REFEREE WILL BE WHY WE276
DO THIS AND WHAT IS ITS IMPACT. The brightness277
temperature of these features is randomly drawn between278
10 mK and 300 K following a lognormal distribution.279

To enable a meaningful application to observational280
data, adding the thermal noise to the spectra is necessary.281
As a last step, therefore, we add a uniform Gaussian noise282
to the composite synthetic spectra. This is insufficient to283
describe how you add the noise.284

An LTE model of smaller molecules is produced and285
used to mask transitions that are expected to be affected286
by optical depth and gas kinematics leading to complex line287
profiles. We provide the list of these molecules in Table 4288
corresponding to the most abundant species of the ISM.289
The chosen range of parameters is listed in Table 5. We290
use a broad line width for these models that allows us to291
account for differences in the rest velocity of these species.292
The models of these species corresponds to 7.87% of the293
total number of channels in the spectra. The obtained mask294
is visualised in Figure 2.295

The fraction of hidden transitions by the mask is de-296
tailed in Table 6 + discuter de l’implication de ca ????297
This is interesting, but I don’t understand what you mean298
by this. Do you mean what fraction of their lines is blended299
with the mask? I would like to see the examples of the300
CH3CN lines where you have the 5% overlap. The prob-301
lem is that we need to argue why we do this, and if you302

include species line NH2CN and NH2OH with several tran- 303
sitions, the question is valid why you mask them instead of 304
including them in your sample that we study here. 305
A final slight shift of 306

�
�
kl,1
2

⌫
 x 

�
kl,1
2

⌫
, (1)

with kl,1 the size of the first filter from the CNN, is added to 307
represent error coming from correction but also to coun- 308
terbalance the centering effect induced by convolutionnal 309
layers. ->This is completely unclear, although we talked 310
about this, we need to talk this through once more. To 311
verify: what is the size of the first filter, and is this shift 312
physically meaningful? (Should it be physically meaning- 313
ful?. 314

Table 4. Summary of the molecules used to create a mask.

Carbon chains O-bearing N-bearing S-bearing
CCH (6) CO† (3) CN (9) CS (1)

HCO+ (4) HCN (1) HCS+ (1)
H2CO (21) HNC (1) H2S (4)

H2CCO (40) HNCO (50) OCS (5)
SiO (1) N2H+ (1) SO (6)

NH2OH (18) SO2 (110)

Notes. † We only include the CO isotopologues (13CO, C17O,
C18O) in our model. Complementary information on the used
spectral databases and versions can be found in Table A.1. Their
number of transitions is specified in parenthesis.

Table 5. Parameter values used to produce the mask.

Parameter Value
Beam size [arcsec] 3

Column density [cm�2] 1016

Line width FWHM [km.s�1] 10
Excitation temperature [K] 100

Source size [arcsec] 20

2.4. Constraining the training set 315

We probably need to reshuffle a bit some parts of the pre- 316
vious text... The labelisation of these spectra is made with 317
a criteria of detectability for each molecule which is that 318
at least 2 transitions from the LTE model of the concerned 319
species needs to be at 5 sigma to contribute to the labeli- 320
sation. This step of labelisation is unclear. The training 321
dataset is composed of 4⇥ 106 synthetic spectra with four 322
sub-sets of different molecular compositions whose propor- 323
tions are respectively 10/25/25/40 % : 324

– A first sub-dataset is a random composition of molec- 325
ular signatures with random Gaussian noise whose 326
level sets between 1 mK and 1 K. This dataset was 327
implemented with a naive approach and was the first we 328
experimented. However, it rapidly showed limitations 329
and the dataset needed further more complex modeling 330
to suit our problematic. This dataset is called "naive" 331
for the rest of the paper. 332

333
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• Representative complexity

• Random combination of spectra


• Noise (affects the detectability)

• Artefacts Training set :

The training dataset needs to be representative of the conditions we observe in star forming regions.

0 1 1 0 1 1 0 0 1 …

The goal is to have a homogeneous representativity 
of all the species within the training dataset.

N. Kessler - PCMI Conference 2024



35k channels

Small receptive field, 
e.g. focus on the 
shape of lines

Large receptive field, e.g. 
focus on the distance 
between 2 lines

Convolutional Neural Networks are able to detect and identify molecules within a spectrum.

aEG : ( 5.95 ± 2.77 ) % 
C2H3CN : ( 96.77 ± 2.83 ) % 
C2H5CN : ( 98.06 ± 1.89 ) % 
C2H5OH : ( 23.17 ± 11.11 ) % 
CH3CCH : ( 97.19 ± 2.06) % 
CH3CHO : ( 72.35 ± 13.74 ) % 
CH3CN : ( 89.64 ± 6.24) % 
CH3COCH3 : ( 19.9 ± 8.88 ) % 
…

Features extraction Classification

Input spectra Convolutional layers Dense layers

6

Model Score

The calibration of the 
model score is based on 
the statical answer of 
the model on a dataset.

N. Kessler - PCMI Conference 2024
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This threshold is arbitrary. It is model and 
molecule dependent !

Threshold : 0.72
×Precision of 0.9 : 

True detections 
over all detections

N. Kessler - PCMI Conference 2024

The Receiver Operating Characteristic (ROC) curves unveil the performance of a classifier model depending on the 
precision and recall at varying confidence threshold.

 

 

Precision =
True detection

True detection + False detection

Recall =
True detection

True detection + False non detection

They allow to determine a model score threshold 
depending on a desired precision to consider a 
molecule as detected.
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It best performs for spectra having line 
densities between 10 and 100 lines per GHz.


Regimes can be identified to adapt the 
detection threshold accordingly.

The model presents different performance in function of spectral line density.

N. Kessler - PCMI Conference 2024

The model presents a better 
performance at low line 
densities for small molecules, 
and at large line densities for 
complex molecules.



The model is able to retrieve information on the molecular content from millimeter spectra, here on a 
spectrum of G320 (ALMA) and of Sgr B2(N) (30m)

A. Belloche+ 2013 

A. Andreu master thesis 2021 
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MM1 & MM2 : high-mass protostars from the same 
gas reservoir having different evolutionary stages (MM1 
clear outflows, MM2 unclear)

NASCENT-Stars pilot data : CygX-N53

Non thermal desorption 
(before gas heating)

Molecular differentiation 
(Bouscasse+ 2022, Busch+ 2022)

Different heating radius for 
thermal desorption

10

First results for N53 MM1 :

• 6 molecules having  transitions are detected by the model. 

• C2H5CN is detected even with weak signal. 

• 3 molecules having weak signal are not detected.

5σ

Kessler et al. in prep.
N. Kessler - PCMI Conference 2024



EMIR (30M)

Setup 1 : 82 - 90 & 98 - 106 GHz

Setup 2 : 90 - 98 & 106 - 114 GHz

The usage of the model can be adapted to a specific spectral coverage through transfer learning.

11
Kessler et al. in prep.

80-115 GHz band 
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Fig. 16. EMIR setups 1) 82 to 90 GHz and 98 to 106 GHz, 2) 90 to 98 GHz and 106 to 114 GHz on a synthetic spectrum for
which the molecular composition is detailed.

Table 11. Monte Carlo drop out results for the EMIR setups.a mettre a jour

Molecule EMIR Setup 1 EMIR Setup 2 EMIR Setup 1 + 2
5ω lines P (det)[%] 5ω lines P (det)[%] 5ω lines P (det)[%]

a(CH2OH)2 155 99.7 ± 9.7 240 99.3 ± 5.0 395 99.8 ± 2.2
C2H3CN 49 99.7 ± 3.0 44 97.9 ± 7.2 93 99.8 ± 0.1
C2H5CN 81 99.8 ± 1.1 77 99.6 ± 1.0 158 99.8 ± 0.2
C2H5OH 109 99.8 ± 2.1 103 99.0 ± 4.1 212 99.8 ± 0.0
CH3CCH 10 98.2 ± 10.6 0 0.6 ± 0.2 10 99.3 ± 0.6
CH3CHO 23 46.2 ± 47.4 44 66.7 ± 47.2 67 37.9 ± 42.7
CH3CN 7 99.8 ± 1.2 26 99.5 ± 2.0 33 99.8 ± 1.1

CH3COCH3 288 99.5 ± 1.7 316 99.5 ± 1.8 604 99.6 ± 0.2
CH3NH2 28 98.3 ± 2.6 17 98.8 ± 4.9 45 98.3 ± 1.3

CH3OCH3 48 99.9 ± 1.2 47 99.9 ± 0.6 95 99.9 ± 5.8
CH3OCHO 118 99.6 ± 3.2 133 99.8 ± 0.3 251 99.8 ± 1.3

CH3OH 19 99.4 ± 1.1 15 99.2 ± 1.2 34 98.3 ± 4.7
g(CH2OH)2 268 97.7 ± 4.9 408 99.6 ± 2.7 676 99.8 ± 1.4

HC5N 6 99.6 ± 0.3 6 98.9 ± 2.6 12 99.6 ± 0.7
HC(O)NH2 25 99.8 ± 0.3 16 99.0 ± 1.1 41 99.7 ± 0.7
t-HCOOH 8 99.4 ± 1.1 14 94.8 ± 12.4 22 99.5 ± 5.6

H2CS 4 99.3 ± 3.2 2 74.1 ± 19.8 6 99.7 ± 0.3
C3H7CN 319 99.9 ± 1.3 342 99.9 ± 1.3 661 99.9 ± 0.4

et al. (2013). The molecules that were not detected allow911
to determine an approximated upper limit of 1016 cm→2.912
We also force this calibration dataset to be richer than913
the one used for training by being composed of at least 14914
species.915

5. Discussion916

Machine Learning methods can induce biases in the results917
at each step of its development, and depending on the used918
training dataset, the CNN architecture, the training, the919
model score calibration, or the choice of score threshold.920
That is why it is necessary to discuss the limitations of these921
methods and constrain they usage to a specific context.922

+How the diversity of instruments is taken into account923
? di!erence instrument = di!erent sensitivity, spectral and924
spatial resolution smoothing to 1 MHz millimeter spectra925

(loss of intensity) + detection threshold fine tuned for a 926
specific sensitivity 927

5.1. Statistical accuracy 928

Under- and over-fitting limitation in the extraction of in- 929
formation 930

5.2. Representativity of the training set to observations 931

A delicate task here is the building of a dataset that is 932
representative of the hot cores’ footprints, while providing 933
enough information to the CNN during training to con- 934
strain the model. The limits we encountered was during 935
LTE modeling, as it may take up to several minutes for 936
spectrum computation of large COMs. As a first goal, 937
we wanted to produce a generalist model, but because of 938
the spectra combination explosion we had to restrain the 939
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The learned information is reused 
for a new but related task.

Few iterations of complementary 
training are enough to retrieve the 
same performance as for a full band.

Setup 1

N. Kessler - PCMI Conference 2024



How to interpret the so-called black box ?

Why ? Understand its choices, the learned features, the 
underlying biases.


How ? Saliency maps, occlusion analysis, LIME, SHAP

We can target the transitions that are important 
for the model to identify molecules.

Sliding window that hides lines

12N. Kessler - PCMI Conference 2024



Wrap-up

ALMA (ESO/NAOJ/NRAO)

Artificial Intelligence can improve the analysis of 
spectroscopic data from star forming regions. 
We developed a deep learning method to detect and 
identify the signature of molecular species in 
millimeter spectra (Kessler et al. in prep.).


Prospects :

→ Make statistics on data cubes to study the 
molecular content of Cygnus-X with the large 
program NASCENT-STARS.


→ Interpretation of the model behavior + biases


→ Regression to estimate physical parameters


Email : nina.kessler@u-bordeaux.fr

Features extraction Classification

Input spectra Convolutional layers Dense layers


