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> 50.000 galaxies from SDSS
(>2.000.000 galaxy spectra)
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Ongoing & upcoming all-sky spectroscopic surveys (DESI, 4AMOST, MOONS)

4

12 + log(O/H)

9.0}

@
w

o
(=}

~
w1

7.0

<

~0—-10

-~ JADES [zhis work]

-~ CEERS [Nakajima+23]
-~ M, kins

: !
| w5055 [2~0.03] (Curti+20)
s MOSDEF [2~2.3] (Sanders+21)

<>~ (M,.z) kins

-2~ GN-211 [Bunker+23]
~£3- ERUs [Lurti+Z3)

w— |WST/GLASS [2~3] (Li+22)
e JWST full sample [2~3-10] [this work) |

3.00 600 10.00

Redshitt i

©
3

w— MOSDFEF [2~3.3] (Sanders+21)
7 8 9 10 11
log{M, /M)
l L] L L] 1 l L] 1 ] L L] l 1] 1 L] L l L] L] 1 ] L] l 1) L] 1 L] IMI 1 1 L l L) ) L] 1 l L 1 1 1] l
L aiolino et al. (2008
- O ALPINE (z~5) sy 2l el
F= (.7 — 3.5

9.0 F
== Fit(4<z<6,

8.5 [

8.0 |

7.5 Lo

7.0 |

AGN Candidates =
@ (Ren et al. 2025)

see text)

IIIA

» SERRA(z=4-6)
® FIRE-2 (z~5) -
# NewHorizon (2~ 5)
Literature (z=4 —6)
REBELS (z 6 5-7. 5) ]

=

poa atlp g-a-s F 2
8.5 9.0 95

log(M/Mg)

hundreds of millions of spectra will be acquired over the next halt-decade!

100 105 110

Curti+24

Faisst+25



MOONS " ( J. is the new Multi-Object
Optical and Near-infrared Spectrograph,

soon to be operated @VLT, ESO

- 1000 fibres, over a field of view of ~ 500% arcmin:
- low- (R~4000-7000) / high-resolution (~12000 in H);
- 0.64 - 1.8 um wavelength range.
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® up to about half a million galaxies at 0.9 < 7 < 2.6

® >12000 elements per spectrum in low-resolution!

® Standard fitting methods are typically slow

and often fail in weak-signal regimes.
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How do we infer physical properties?

@ -

—

: .
Parameters 0 —— s  Observables
Forward model |
lml h“

P ——
. A
M’" I ,....'-"' e .
P : S
-

/! Simulations

Photoionization
models

A
We need to solve the “inverse problem”



Simulation-based inference (SBI) with neural estimators
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Simulation-based inference (SBI) with neural estimators
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Goal: objective function — Find parameters that minimize a loss function
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Three big challenges in simulation-based inference with Al

Domain-invariant learning

Interpretable [earning

Uncertainty-aware learning
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MAMBO: An empirical galaxy and AGN mock catalogue for

S i m u ‘ a te d d a ta S et the exploitation of future surveys
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Dataset
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©(0.64-1.8 um
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Deep learning MOONS spectra @€

The case of redshift

Classical scheme: a regression problem
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Deep learning MOONS spectra @€ ¢ @

Why not discretise continuous redshift values into finely spaced bins?

Switch to a classification task We adopt dz = 0.003
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Switch to a classification task

We can also account for the quality of spectra

(for instance using the rms of the spectra)

Finely-spaced input Q

z=1 z=11 z=12 z=13 .-~ | z=3 z=1 z=11z=12 z=13 ... | z=3

Trained with a cross-entropy loss and
w a softmax activation in the last layer

Finely-spaced output :

z=1 z=11 z=12 z=13 --- z=23 z=1 z=11 z=12 z=13 --- z=23
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L earning through multi-task training 557«
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M-TOPnet (Multi-Task network Outputting Probabilities)
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M-TOPnet (Multi-Task network Outputting Probabilities)
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Predictions on the test set

e ~18000 spectra

® Same distributions as training set
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MOONRISE-like selection: my < 25; z < 2.6; 1, = 8 h for passive galaxies; ¢
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Metrics: let's help design observational strategies @
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Let's have a look at the predictions g
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Good vs bad predictions

No bright emission lines
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Analysis and screening of the output redshift PDFs Z)

—
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They look difterent, right?

Intuitively, one might expect that galaxy spectra with unsuccesstully
oredicted redshitts (for instance, due to the reasons discussed before) would

have broader or more dispersed PDFs with multiple peaks.

Can this intuition be quantified objectively, potentially enabling further a

posteriori screening of the output?



Analysis and screening ot the output redshitt PDFs @
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Information encoded in the last embedding layers
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the mode/ has not seen iﬂ training L explainab/e learning. Stoppa et al. 2023; Sarmiento et al. 2021; Melchior et al. 2023; Huertas-

Company & Lanusse 2023



Domain Gap

Domain A

oI N [
Ao | 4

Domain B

MIND THE GAP

Neural networks learn by optimising their performance on the training set.
They tend to converge to domain-specific solutions.



A domain adversarial neural net to classify nebulae in the ISM
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Declination
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- Needs to work well on other IFU data too!
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a tool ready-to-use with any data :

Domain-Invariant

Label
Classification

. Source/ Target

Classification

Feature Extractor

xTa rget

Discriminator




Degenerate problems — Bayesian approach (e.g., MCMC sampling)

sample accepted, iter=0
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Simulation-based inference with conditional flows

Yang +19

= Mini bibliography for simulation based inference in astro using conditional flows — List et al. 2021; Mishra-Sharma & Cranmer 2021; Hahn et al. 2023a,b; Lemos et al. 2023; Bhardwaj et al.
= 2023; Alvey et al. 2023; Aubin et al. 2023; Hahn et al. 2024; Massara et al. 2024; Candebat et al. 2024; Angeloudi et al. 2024; Iglesias-Navarro et al. 2024; Barret & Dupourqué 2024 etc etc

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll



Simulation-based inference with conditional flows

Normalizing Flow

f1(zo) fi(Zi—1) fit1(2;)
® - SIS, - @

l,/ r,, 4 \\\ — >
" /‘\ \' " JL/\ : "./\'\![\’\\'
‘\ = ’l, ‘\ | ’,t' ‘\ >Il'
zo ~ po(Zp) z; ~ pi(2z;) zZg ~ Pr(Zk) Initial density o)
Yang +19 - Transformation
S conditioned to an
observable
Normalising flows —> they learn invertible transformation from
simple to complex distribution

Mini bibliography for simulation based inference in astro using conditional flows — List et al. 2021; Mishra-Sharma & Cranmer 2021; Hahn et al. 2023a,b; Lemos et al. 2023; Bhardwaj et al.
2023; Alvey et al. 2023; Aubin et al. 2023; Hahn et al. 2024; Massara et al. 2024; Candebat et al. 2024; Angeloudi et al. 2024; Iglesias-Navarro et al. 2024; Barret & Dupourqué 2024 etc etc
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KJoint posteriors p(6, x)\

>

Probability

PHANGS
MUSE

Prior p(0)

A

Simulated nebular emission Density estimator

(normalising flows)

A

X
(=
L

Model x = s(0)

' 4

Cloudy photoionization models

Bracci+, in prep

Example: individual instance..
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Advantages: accurate & amortized




Simulations (training) — Observations (inference)

Embedding
network

Simulation

Domain-invariant
summary statistics

% Discriminator
(domain adversarial training)
0 |
| \-

Observation

!

Conditional normalising flow

. \
i-th invertible '

transformation

Initial (simple) density Complex distributionf(ﬁ.‘)

A proposed framework:
SBl w. domain-invariant neural flows

eUse virtual data from state-of-the-art simulators

*\Works with any type of data & ensures that
summary statistics are domain-invariant

eHandles uncertainties effectively

*Currently being tested...



Take away messages

® The upcoming volume and complexity of spectral data, especially around cosmic noon, call for
the help of deep learning.

® The integration of simulation-based inference (SBIl) with machine learning has emerged as a
transformative approach across scientific disciplines, and it's starting to impact galaxy
SPECIroscopy.

® |t is crucial to address the domain gap between simulations and real data; domain adaptation
techniques can help reduce this gap.

® Methods such as conditional neural flows can make models uncertainty-aware, eftectively
mimicking Bayesian approaches.



