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Introduction

 Stellar populations: Intrinsic properties of the stars forming a galaxy (age,
metallicity, dust extinction, etc.)

 Fundamental for understanding galaxy evolution: dependence on other
galaxy properties (e.g., morphology, mass, gas fraction), environment and how
they have changed across cosmic time.

* Traditionally recovered through:
- Line indices

- SED-fitting (photometry)

- Full spectra fitting (spectra)
* Neural networks have proven extremely useful for many astronomical purposes:

- Morphological classification (e.g.

)

- Redshift estimation ( )

- Rather unexplored for stellar populations prediction (

)
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Javalambre Physics of the Accelerating Universe Astrophysical Survey

* Photometric survey with J-PCam (14 CCDs)

- 2.5 m telescope at Observatorio Astrofisico de Javalambre (Teruel)

» Large FoV (7 square degrees)

* Pixel scale = 0.226”/pixel

* 56 narrow-band filters (pseudo-spectra)
» 8000 deg?2 footprint (northern hemisphere)
» First light: 08/2023; 24 deg? observed

» 100s million galaxies (magi < 22.5)
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Synthetic photometry
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Single Stellar Population templates (SSP)
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CB19 ...

32,780 SSP

WI coverage: 5SA-8micron
Stellar fluxes from literature
isochrones: PARSEC

IMF: Chabrier+2003

Carefully modelling of UV
and young systems
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Making SSP templates noisy: Gaussian variations

Applied gaussian variations to the flux 0.7 ' —— mag=16.0 R T ‘ ' ~15
assuming typical errors of mini-dPAS™ in 06 b ;%
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each band at different magnitude bins. _ . | _
05 F — — mag=20.0 -
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Making SSP templates noisy: Gaussian variations

Applied gaussian variations to the flux
assuming typical errors of mini-dJPAS™ in
each band at different magnitude bins.

Fixed the magnitude in the i-SDSS band
and computed the magnitude in the other
bands from galaxy SED.

Applied gaussian variations corresponding
to the magnitude in each band.

SN =1.08 / mag_err

*J-PAS pathfinder, 1 deg? (Bonoli+2021)
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Neural Networks
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Neural Network architecture

* Architecture #1: 1 hidden layer with 128 neurons + 6 hidden layer with 300 neurons + 1 dense layer (497 925 FP)
* Architecture #2: 1 hidden layer with 128 neurons + 3 hidden layer with 256 neurons + dense layer (172 289 FP)
* Input:
- Data: Photometry (dims=56)
- Tried flux, magnitude
- tried different normalisation: max, min, median, ...
- Labels: age, [M/H], E(B-V)
- tried wi/wo normalization, log(age), age < 0.5 Gyr ...
- Combined different SP libraries (eMILES + CB19 + XSL)
e Output
- 3 dimensions (all variables in the same NN model)

- 1 dimension (x3 independent NN models)
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Train/Validation/Test samples

 Applied dust attenuation E(B-V) using Cardelli+1989 with R=3.1

* QOriginal templates x 13 mag_bins (16, 16.5, 17., ..., 22.0 mag ) E-MILES 16627 346 086
. Combined different SSP libraries: eMILES + CB19 + XSL BC19 29700 386100
XSL 0036 129168

* Train/Validation/Test = 64/16/20% randomly selected
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Predicted log(Age) [yr]
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Dependence with
magnitude

* Clear dependence with
observed magnitude (SN)

e Bias and scatter increase

* Flattening of ages at fainter
magnitudes
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Dependence with
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Dependence with
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Dependence with magnitude

* Dependence with SN for all properties: NN is learning from real signal (no overfitting)
* Reliable results up to mag;i < 20
* [M/H] largest scatter and outliers

* E(B-V) very well constrained, even at faint magnitudes
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Comparison with SED-fitting

e SED-fitting with CIGALE using the same input data as the NN
e Test on CB19 library only (other libraries not implemented in CIGALE)

» SFH ~SSP (r = 1Myr), fine grid of age, metallicity and dust attenuation

Table 2. Parameter space covered by the CB19 models used in the SED-fitting procedure with CIGALE.

Parameter Possible values

Metallicity [Z]  0.0001, 0.0002, 0.0005, 0.001, 0.002, 0.004, 0.006, 0.008, 0.01, 0.014, 0.017, 0.02, 0.03, 0.04, 0.06

Age [Myr] 1, 3,35,8, 10, 20, 30, 40, 50, 80, 100, 500, 800, 1000, 2000,3000, 4000, 5000, 6000, 7000, 8000, 9000, 10000, 11 000
EB-V )ines 0.0,0.1,0.2,0.3,04,0.5,0.6,0.7,0.8,0.9, 1.0, 1.3, 1.5, 1.9, 2.2

Notes. We used all the possible metallicity values in CIGALE.



Comparison with SED-fitting

e SED-fitting with CIGALE using the same input data as the NN
e Test on CB19 library only (other libraries not implemented in CIGALE)

» SFH ~SSP (r = 1Myr), fine grid of age, metallicity and dust attenuation
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Comparison with SED-fitting

* Results are shown as empty circles for magi~17

* NN results outperform SED-fitting for all quantities and metrics
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Degeneracies mag_i < 20.5
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 Age, [M/H] and E(B-V) derived independently (in contrast to SED-fitting)

 No evident degeneracies, most outliers outside 3o region (white contours)

 Weak trend with age residuals and [M/H] (especially for mag_i > 17)




Pred - input [M/H]
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J-PAS DR1 galaxies: UMAP projections

J-PAS DR1 (Vazquéz-Ramio et al. in prep)

Specz < 0.1 & |zphot-zspec| < 0.005

mag_i < 20 mag =1478 galaxies

APER_COR_3_0_FLUX as input for NN

50 F

0.0 |

T T 1 T I l_
E-Miles

JPAS APER -:
JPAS AUTO 1

UMAP2

15.0

125 |

50 |
25 |
0.0

—25 f

Some regions of the 2D UMAP not well

covered by one SSP library, but yes when
combined together

10.0 |

7.5 |

12.5 F
h 10.0 |

- 75 b

UMAP2

50
. 25 F
; 0.0 F

25 F




J-PAS DR1 galaxies: NN estimates

e Comparison with MUFFIT SED-fitting, 2 burst CSP, CB17 models, Chabrier IMF
(Diaz-Garcia et al in prep)

» Significant disagreement (CSP, emission lines...)

e zspec < 0.03
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Caveats and Future work

Redshift: Models trained at z=0 only. Need to asses the impact of z variations. Probably need to
train several NN.

SSP: Training with SSP, predictions for CSP have significant biases (Appendix in DS+26).
Emission lines not included in SSP models: mask emission lines, emulate flux contribution?

Not optimized for missing data (~30% of J-PAS sources)



Conclusions

NN estimates are accurate but highly dependent on S/N

NN estimates on CB19 test sample outperform those obtained with SED-fitting

Age, [M/H] and E(B-V) derived independently, thus mitigating typical degeneracies

Better results when combining different SSP libraries and IMF: kind of data augmentation
No clear dependence on the performance with SSP library

Significant differences when compared to SED-fitting with CSP
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Thanks for your attention!

helenad@ifca.es



Backup plots
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Fig. A.1.

for different parameters (age, metallicity, and E(B-V) (top to bottom) as a function of galaxy i-band magnitude, obtained for different training

strategies, as stated in the legend (details in Sect. 3).
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Fig. B.1. Loss curves (loss function as a function of training epoch) for the train (blue) and validation (orange) samples for the age (left), metallicity
(middle), and dust attenuation (right) NN models.



