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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)
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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?
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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
®fp=2,4,8h
©(0.64-1.8 um
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Target physics
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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

1.2 E
Expected Ha
1.0 ' 18 , o . - -~ Predicted Ha
‘ - Expected spectral lines
0.8 | ’ ’ Predicted spec,ltral lines
0.6
2
»wn 0.4
c
3
£ 0.2
| 13 . , o :
00 MMM A it L
' :
-0.2 1
Expected Ma
Good prediction %4

6000 8000 10000 12000 14000 16000 18000
Wavelength [A]

Saliency Map for Redshift Prediction

0.6 - Saliency Map

6000 8000 10000 12000 14000 16000 18000
Wavelength [A]

Predicted z PDF

Actual z

751
20.75 s Predicted z PDF

2050 redshift pdf

& 0.251

0.00 v gl v ‘ ;
0.5 1.0 1.5 2.0 2.5 3.0

ob




Intensity

-0.4-

>.0.75<
=

2 0.50-
A 0.251

1.2

1.0+

0.8

0.6+

0.4

0.2+

0.0
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Good vs bad predictions
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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 model encodes information that can be described
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through classes and quant,t,es that make Sense and that Mini bibliography — Portillo et al. 2020; Pat et al. 2020; Liang et al. 2023;

the model has not seen in training _ exp/ainable /earning. Stoppa et al. 2023; Sarmiento et al. 2021; Melchior et al. 2023; Huertas-
: Company & Lanusse 2023
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