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ABSTRACT

The spectral energy distributions (SEDs) of galaxies offer detailed insights into their stellar populations, capturing key physical prop-
erties such as stellar mass, star formation history (SFH), metallicity, and dust attenuation. However, inferring these properties from
SEDs is a highly degenerate inverse problem, particularly when using integrated observations across a limited range of photomet-
ric bands. We present an efficient Bayesian SED-fitting framework tailored to multiwavelength pixel photometry from the JWST
Advanced Deep Extragalactic Survey (JADES). Our method employs simulation-based inference to enable rapid posterior sampling
across galaxy pixels, leveraging the unprecedented spatial resolution, wavelength coverage, and depth provided by the survey. It is
trained on synthetic photometry generated from MILES stellar population models, incorporating both parametric and non-parametric
SFHs, realistic noise, and JADES-like filter sensitivity thresholds. We validated this amortised inference approach on mock datasets,
achieving robust and well-calibrated posterior distributions, with an R* score of 0.99 for stellar mass. Applying our pipeline to real
observations, we derived spatially resolved maps of stellar population properties down to S/Npix; = 5 (averaged over F277W, F356W,
and F444W) for 1083 JADES galaxies and ~2 million pixels with spectroscopic redshifts. These maps enable the identification of
dusty or starburst regions, offering insights into mass growth and structural assembly. We assessed the outshining phenomenon by
comparing pixel-based and integrated stellar mass estimates, finding a limited impact only in low-mass galaxies (<10® M), but with
systematic differences of ~0.20 dex linked to SFH priors. With an average posterior sampling speed of 10~ seconds per pixel and
a total inference time of ~1 CPU-day for the full dataset, our model offers a scalable solution for extracting high-fidelity stellar

population properties from HST+JWST datasets, paving the way for statistical studies on sub-galactic scales.
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1. Introduction

Spatially resolved spectral energy distribution (SED) fitting
boasts a long history of use as a powerful tool for under-
standing internal galaxy structure and evolution. Early works
by Abraham et al. (1999) and Zibetti et al. (2009) demonstrated
how spatial variations in stellar populations and mass-to-light
ratios can impact global galaxy properties. With high-resolution
multi-wavelength imaging from the Hubble Space Telescope
(HST), pixel-by-pixel SED fitting techniques were further devel-
oped (e.g. Wuyts et al. 2012; Lanyon-Foster et al. 2012) reveal-
ing radial gradients in star formation and dust attenuation at
intermediate redshifts (z ~ 1-2). These studies laid the ground-
work for understanding internal galaxy diversity beyond inte-
grated light measurements. A key challenge in performing
unresolved SED fittings is the outshining effect, where bright,
young star-forming regions dominate the observed light and
mask older, more massive, but less luminous stellar popula-
tions, leading to systematic underestimations of total stellar mass
(Sorba & Sawicki 2015, 2018; Abdurro’uf & Akiyama 2017;
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Smith & Hayward 2018). This effect is particularly significant
in galaxies with high specific star formation rates (SSFRs) and
bursty star formation histories (SFHs).

Recent advances with HST and especially the James Webb
Space Telescope (JWST) have transformed this field by enabling
high-resolution, multi-band SEDs for hundreds of thousands
of galaxies, extending pixel-level analyses to high redshifts
(z 2—-10) (Pérez-Gonzalez et al. 2023; Watson et al. 2025;
Linesetal. 2025; Gibsonetal. 2024; Giménez-Arteaga et al.
2024; Harvey et al. 2025). These data have revealed that out-
shining can cause up to 1 dex discrepancies between integrated
and resolved stellar masses in low-mass, high-sSFR galax-
ies (Giménez-Arteaga et al. 2023, 2024; Fujimoto et al. 2025),
while more massive galaxies show smaller offsets likely due
to a smoother SFHs (Lines et al. 2025; Pérez-Gonzalez et al.
2023). Theoretical studies support these observations, with hydro-
dynamic simulations demonstrating how bursty SFHs cause
mass estimate biases (Narayananetal. 2024), showing that
resolved fitting recovers stellar masses well when deep multi-
band photometry is available (Cochrane et al. 2025; Mosleh et al.
2025). Model assumptions, priors, and spatial resolution further
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influence the interpretation of resolved SED fits (Harvey et al.
2025). Together, these observational and theoretical develop-
ments, powered by HST and JWST data, open up a new window
onto galaxy evolution by enabling detailed, spatially resolved stel-
lar population analyses over a wide range of cosmic timescales.

This vast amount of high-resolution data continues to grow,
while the methods we use to analyse it have largely remained
the same. Traditional SED analysis techniques are computa-
tionally intensive and often prohibitively slow. Standard opti-
misation approaches (e.g. Sawicki & Yee 1998; Heavens et al.
2000; Tojeiro et al. 2007; Dye 2008; Iyer & Gawiser 2017) can
take several minutes per galaxy, while Bayesian methods (e.g.
Pacifici et al. 2012; Carnall et al. 2018; Boquien et al. 2019;
Johnson et al. 2021) that are critical for accounting for uncer-
tainties and degeneracies in stellar properties can demand up to
10—100 CPU hours per galaxy (Tacchella et al. 2022). This bot-
tleneck in computational efficiency stands in the way of a scal-
able analysis of galaxy stellar populations.

A solution to this challenge lies in combining Bayesian
inference with machine learning tools to achieve rapid and
accurate posterior distributions for galaxy physical properties.
In particular, simulation-based inference (SBI; Cranmer et al.
2020) has emerged as a powerful framework for learning com-
plex, non-parametric probability distributions from synthetic
data (e.g. Hahn & Melchior 2022; Khullar et al. 2022; Li et al.
2023; Iglesias-Navarro et al. 2024; Kwon & Hahn 2024). This
method enables an amortised inference: after an initial training
phase on synthetic galaxy samples, the model can estimate pos-
terior distributions for new observations in a fraction of the tra-
ditional time, bypassing the need for retraining. This approach
captures degeneracies among parameters and their uncertainties
effectively, even in the context of the sparse photometric data
typical of deep-field surveys.

In this paper, we extend this novel and flexible approach to
estimate the stellar population properties of resolved galaxies
in the Hubble Ultra Deep Field (HUDF; Beckwith et al. 2006).
Using filters in the Advanced Camera for Surveys on the HST
(ACS; Ryon 2023) and the Near Infrared Camera on the JWST
(NIRCam; Rieke et al. 2023a), our method reconstructs distribu-
tions of stellar mass, SFR, metallicity, and dust content per pixel
for thousands of galaxies. Special attention is given to the uncer-
tainties in flux measurements, depth variations, and PSF match-
ing between the HST and JWST filters, optimising the training
to reflect realistic observational conditions. Our model is appli-
cable to galaxies across a range of morphologies and redshifts
up to z ~ 10, offering a comprehensive framework for studying
stellar population properties across cosmic time.

We obtain high-resolution, two-dimensional maps of stel-
lar population properties of over 1000 galaxies in the JWST
Advanced Deep Extragalactic Survey (JADES; Eisenstein et al.
2023a). The pixel-by-pixel precision achieved by this approach
enables us to identify and analyse regions of dusty starbursts,
uncovering clues about their mass growth and structural assem-
bly processes and gaining broader insights into the star formation
in galaxies during the earliest cosmic epochs.

The outline of the paper is as follows. In Sect. 2, we detail the
observational data. In Sect. 3, we describe the Bayesian infer-
ence framework, using stellar population synthesis (Sect. 3.1)
and a neural density estimator (Sect. 3.2). In Sect. 4, we test
the model with mock observations and then with individual pix-
els from the JADES survey Sect. 5. We describe our pixel-by-
pixel analysis of the full dataset in Sect. 6. Finally, in Sects. 7
and 8, we discuss our model’s inferred galaxy properties and
potential future applications of this technique. We assumed a flat
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Table 1. Filters (19), cameras, and surveys used, along with the 5o
depth limits per pixel.

Filter Instrument Survey 5o [nly]
F435W ACS HUDF 0.394
F606 W ACS HUDF 0.611
F775W ACS HUDF 0.376
F814W ACS HUDF 1.388
F850LP ACS HUDF 0.724
FO90OW NIRCam JADES 0.601
F115W NIRCam JADES 0.496
F150W NIRCam JADES 0.489
F182M NIRCam JEMS + FRESCO 1.361
F200W NIRCam JADES 0.509
F210M NIRCam JEMS + FRESCO 0.987
F277W NIRCam JADES 0.367
F335M NIRCam JEMS 0.616
F356W NIRCam JADES 0.416
F410M NIRCam JEMS 0.547
F430M NIRCam JEMS 1.327
F444W NIRCam JADES + FRESCO 0.472
F460M NIRCam JEMS 1.813
F480M NIRCam JEMS 1.351

cosmology with Qy = 0.3, Q5 = 0.7, and a Hubble constant
Hy = 70km s~ Mpc™!. We used AB magnitudes (Oke & Gunn
1983) and a Chabrier initial mass function (Chabrier 2003).

2. Observational data

We selected a sample of 1083 galaxies in the HUDF
(Beckwith et al. 2006) within the GOODS-South field
(GOODS-S; Giavaliscoetal. 2004), where the JADES
(Eisenstein et al. 2023a), JEMS (Williams et al. 2023), and
FRESCO (Oeschetal. 2023) surveys overlap. The MUSE
(Bacon et al. 2017, 2023) survey also covers this region, which
guarantees spectroscopic redshifts for a large fraction of the
galaxies. We used no particular criterion and opted to select all
the galaxies from the JADES segmentation map (Rieke et al.
2023b; D’Eugenio et al. 2024) in a region with all the available
19 filters included in Table 1, as well as the spectroscopic
redshifts. Later, in the inference step, we used a signal-to-noise
ratio (S/N) criterion, as described in Sect. 5. By relying only on
spectroscopic redshifts we reduce one major uncertainty of the
SED fitting, namely, the uncertainty on the photometric redshift.

We used photometry from the HST ACS filters and JWST
NIRCam wide-band and medium-band filters (see Table 1). This
provides a wide wavelength coverage from 0.4 um to 4.8 um,
from rest-frame ultraviolet (UV) and optical to near-infrared
(NIR) light. The HST mosaics include data from GOODS
(Giavalisco et al. 2004) that overlap with imaging data from the
HUDF (Beckwith et al. 2006; Ellis et al. 2013; Illingworth et al.
2013; Koekemoer et al. 2013) and CANDELS (Grogin et al.
2011; Koekemoer et al. 2011). These were combined with other
archival HST imaging data, all been reprocessed using up-to-
date calibrations to produce mosaics at a scale of 0’703 per pixel,
astrometrically aligned to Gaia-DR3!. For the JADES mosaics,
we used the DR2 of JADES of the GOODS field, which are
described in more detail by the JADES team (Rieke et al. 2023b;
Eisenstein et al. 2023a,b).

! https://www.cosmos.esa.int/web/gaia/dr3
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We subtracted the background signal using the
Background2D function from Photutils (Bradley et al.
2024). We estimated the background by first dividing the
mosaics into grids of 200 x 200 pixels (0.1 x 0.17). We
then computed, for each grid, the background level using the
o-clipping method, averaging the flux of pixels whose signal
was not above 30 of the total flux distribution in each grid.

We convolved all the mosaics with the point spread func-
tion (PSF) of the reddest wide-band filter: F444W, except for
the F460M and F480M mosaics, which were left unconvolved.
We built the PSFs using Photutils from a list of unresolved
objects in the HUDF (Pirzkal et al. 2005). We generated the ker-
nels with the function Create_matching_kernel, again from
the Photutils package, using a CosineBellWindow filter with
a = 0.5. We normalised the kernels so that they would not affect
the average flux values.

3. Simulation-based inference

Our approach is aimed at inferring the posterior distribution of
galaxy properties, denoted as 6, based on photometric observa-
tions, {X;}. Traditional Bayesian inference methods depend on
the likelihood function P(X|6), which describes the probabil-
ity of observing the data given the parameters, to compute the
posterior distributions through the Bayes’ theorem. However,
such calculations become challenging in high-dimensional sys-
tems with complex degeneracies between those parameters. To
address this issue, we employ SBI, which utilises forward mod-
els to simulate data from physical parameters and produce pairs
of parameters and data points (8, X’) via a forward model. By
comparing the synthetic data points, X’, with the actual observa-
tions, X, SBI enables the estimation of the posterior distribution
of the parameters.

This comparison is performed with a backward or inverse
model. Techniques such as approximate Bayesian computation
refine this process by simulating and selecting parameter val-
ues that are closely aligned with observed data (see Marin et al.
2011, for a review). Advanced methods employ neural networks
to backward model complex posterior distributions, for exam-
ple normalising flows (NFs) (Durkan et al. 2019). Although SBI
avoids the direct calculation of the likelihood function and pro-
vides flexibility in model assumptions, it requires high-fidelity
simulated data. As in any inference, the accuracy of the proper-
ties depends on the quality of the forward models, and specific
modelling considerations, such as prior selection, wavelength
coverage, and resolution, can have a significant impact on the
inferred properties of stellar populations (Pacifici et al. 2023). It
is therefore essential to develop a reliable forward model in order
to ensure reliable parameter inference.

3.1. Forward model

First, we generated a dataset of simulated composite stellar
populations (CSP; interpretable as galaxies or galaxy pixels)
with known ACS and NIRCam photometry, associated errors,
and properties, §. We relied on the stellar population synthe-
sis (SPS) approach: starting from a library of empirical stellar
spectra and assuming an initial mass function (IMF) and a set of
isochrones, we retrieved the SEDs of simple stellar populations
(SSPs) across varying ages and metallicities. We combined these
using SFHs, assuming a constant metallicity, and we applied
a dust attenuation law. For a more detailed review, we refer to
Conroy (2013) and Iyer et al. (2025).

A&A, 703, A229 (2025)

We used the pipeline provided by FSPS (Conroy et al. 2009;
Conroy & Gunn 2010) and Dense Basis (Iyer & Gawiser
2017; Iyer et al. 2019), with MIST isochrones (Choi et al. 2016),
the MILES stellar spectral library (Vazdekis et al. 2010), and the
DLO7 dust emission library (Draine & Li 2007), as well as a
Chabrier IMF (Chabrier 2003). We considered a Calzetti dust
attenuation law (Calzetti et al. 2000), coupling the birth-cloud
attenuation to that from older stars, and we generated both neb-
ular continuum and emission using CLOUDY (Ferland et al. 2013,
2017), with the gas-phase metallicity set equal to stellar metallic-
ity and held constant throughout the galaxy’s lifetime. We used
two sets of simulations with different SFHs. First, we considered
a parametric tau-delayed model,

SFR() o (t — 1;)e” /" for ¢ > 1,

ey

where ¢; is the cosmic time at which the star formation begins, T
is the characterisic timescale for the exponential decline, and ¢ is
the current cosmic time. For r < ¢;, we have SFR(¢) = 0, since no
star formation occurs before ;.

We also constructed non-parametric SFHs with the Dense
Basis module GP-SFH (Iyer & Gawiser 2017; Iyer et al. 2019),
allowing for complex behaviours such as rejuvenation events,
bursts, or sudden quenching without relying on a fixed functional
form. Our selected prior assumes that the SSFR (i.e. the SFR nor-
malised by stellar mass) across three equally spaced time bins,
follows a Dirichlet distribution with a concentration parameter of
a = 1. This SFH prior was studied in detail by Leja et al. (2019).
Here, we also included the AGB circumstellar dust model from
Villaume et al. (2015) and accounted for mass loss in our total cal-
culations.

The priors for the parameters that control these components
for both simulations are specified in Table 2. Rather than match-
ing the observational distributions, we opted to keep the priors
as uniform as possible, as inference with unbalanced priors is
more prone to systematic effects and biases (Hahn et al. 2023).
The exception is the redshift distribution, which remains uniform
but whose ranges were chosen according to the dataset described
in Sect. 2. We set a lower limit of log,,(M./Mg) = 4.0 for the
prior for the stellar mass. At these very low stellar masses per
pixel, SSP models become unreliable due to statistical fluctua-
tions in the stellar population, particularly from stochastic sam-
pling of the initial mass function (IMF, Cervifio & Valls-Gabaud
2003). This limitation is especially relevant in the outskirts of low-
redshift galaxies, where the surface mass density can be extremely
low. In these regions, inferred stellar population properties such
as age and metallicity, are highly uncertain. Therefore, instead of
fitting each pixel independently, more robust strategies such as
binning adjacent pixels or analysing radial profiles should be used
to improve the signal and reduce stochastic noise.

The output of the forward model were the fluxes in the 19
filters included in Table 1, including ACS filters and NIRCam
wide-band and medium-band filters. To simulate realistic obser-
vational conditions, we modelled the flux uncertainties as a func-
tion of flux in each filter. We used the JADES segmentation map
to identify all pixels classified as galaxies and, for each filter, we
binned the pixel fluxes into five flux bins. Within each bin, we col-
lected the flux uncertainties of the real observations and fit their
distribution with a Gaussian. These fitted Gaussians, capturing the
empirical uncertainty-flux relation, were then used to add noise to
the simulated fluxes: for each simulated SED, the noise was sam-
pled from the appropriate Gaussian based on its flux in each filter.
This approach captures a broad range of uncertainties consistent
with the observational data. Following the procedure described in
Hahn & Melchior (2022), the network inputs included the fluxes
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Table 2. Priors for the parameters of the simulation using the r-delayed
and Dirichlet models.

Parameter 7-delayed Dirichlet
logl()(Mf}’r'T‘ed/M@)Jr U4.0,12.0) U4.0,12.0)
7 [Gyr] LU(1072, 100) -
ti [Gyr] U(()? ageUniverse(Z)) -
log,((sSFR) - U(-11.5,-7.5)
125%,50%.75% - Dir(e = 1.0,N = 3)
[M/H] U(-2.3,0.4) U(-2.3,0.4)
Ay U(0.0,4.0) U(0.0,4.0)
z U(0.0,7.5) U(0.0,7.5)
Fixed parameters
Ydust 0.01
Umin 1.0
OpaH 2.0
log(U) -2.0
Notes. For the Dirichlet SFHs, we selected the prior on

log,,(sSFR/(yr)), but we inferred log,,(SFR/(M,yr~')) instead.
Fixed parameters include dust emission, nebular continuum, and emis-
sion information. U: Uniform, LU: Log-uniform, and Dir: Dirichlet.
+ Formed stellar mass (integral of SFH). We also inferred the surviving
stellar mass. 11 Cosmic times at which 25%, 50%, and 75% of total
stellar mass was formed, normalised to the age of the Universe.

with noise sampled from the distributions, as well as the standard
deviations of the Gaussian distributions, to condition the inference
by producing noise-aware posteriors.

We transformed both fluxes and standard deviations to AB
magnitudes, avoiding numerical instabilities in the training pro-
cess caused by the wide dynamic range of possible flux values.
We also took into account the 10~ depth limit in each filter mf’ . We
used the values obtained in Hainline et al. (2024) for the JADES
mosaics. Although we repeated the calculations of the 1o~ depth
limits in the region were the galaxies were selected, we found
negligible differences. To amortise this process, we used a mean
value for the depth limit that was not dependent on the specific
regions where the galaxies were located. If the simulated mag-
nitude in a filter, m;, for a CSP is fainter than that depth limit
(m; > mgl_), we transformed it to m; = 100 and the noise in the
input was mf; Whilem; = 100is not physically meaningful (since
it should be infinite), it is a convenient choice that avoids conver-
gence problems in the calculations and allows for a clear iden-
tification of dropouts (i.e. cases where the signal is not detected
in a given filter). These dropouts typically occur at bluer wave-
lengths than the Lyman break for high-z galaxies, although non-
detections can also occur in redder filters, especially in low-S/N
photometry. Identifying these dropouts could also ensure a cor-
rect redshift estimate, although we have not addressed it in this
work. We obtained posterior distributions from the photometry to
constrain the stellar population parameters included in Table 2 for
CSPs, using the neural density estimator, as explained below.

3.2. Amortised neural inference

We used a neural density estimator known as ‘NFs’ to esti-
mate the posterior distributions for the stellar population prop-
erties. This method transforms variables described by a simple
base distribution, such as a multivariate Gaussian, through a
series of parametrised invertible transformations. The param-
eters of these transformations are trained to minimise the
Kullback-Leibler divergence between the target distribution and
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the model’s estimate. For a more detailed explanation, we refer
to Jimenez Rezende & Mohamed (2015) and Hahn & Melchior
(2022).

We used a specific implementation of NFs known as MAF
(masked autoregressive flow; Papamakarios et al. 2017), imple-
mented with the SBI module (Tejero-Cantero et al. 2020). Fol-
lowing the example of Hahn & Melchior (2022), we selected 15
MADE blocks (masked autoencoder for distribution estimation),
each containing two hidden layers with 500 units. We split the
data into training and validation sets in a 90/10 ratio and used
the Adam optimiser (Kingma & Ba 2014) with a learning rate of
5-107*. To prevent overfitting, we monitored the model’s per-
formance on the validation set and halted the training if the vali-
dation likelihood did not improve after 20 epochs.

We performed two trainings for the two different simulations,
with parametric (a) and non-parametric (b) SFHs. The output of
the network are the posterior distributions for the following prop-
erties: the formed stellar mass, surviving stellar mass including
remnants, average SFR for the last 100 Myr, metallicity [M/H],
and dust attenuation index, Ay. For the SFHs, in (a) we inferred 7
and #;, both in Gyr, while in (b) we inferred the normalised time
(tx/tuniverse(z)) at which 25%, 50%, and 75% of the total stellar
mass were formed.

We discuss the possibility of also retrieving the red-
shift pixel-by-pixel, as done in Pérez-Gonzdlez et al. (2023) in
Sect. 8. However, in this work we introduce the aforementioned
integrated spectroscopic redshifts as an input in the network
together with the photometry. The training was performed with
1000 000 simulated CSPs. We generated another 10 000 for test-
ing purposes.

3.3. Fitting of JADES galaxies

We use the trained model to fit the galaxies introduced in Sect. 2.
We computed the noise of the galaxies in each pixel and filter as

AJo?+ o-i, where o is the flux uncertainty from the mosaics and

o the standard deviation of the background signal. We refer to
the NIRCam IDs of the galaxies throughout the paper. All spec-
troscopic redshifts are extracted from catalogues (Dahlen et al.
2010; Guo et al. 2012; Oesch et al. 2023; Bunker et al. 2024).
We input the photometry with uncertainties (in AB magnitudes)
into the network, again repeating the cut at a 1o~ depth limit for
each filter as done for the simulations, as well as the redshifts.
Thus, we obtained the posterior distributions for each pixel for
(a) log (M. /Mo), 10g1o(M®™4 /My), log,o(SFR/(Mo yr ™)), 7,
fi, [IM/H] and Ay; and (b) log;o(M../Mo), log;o(M\"™/Mp),
10g,5(SFR/(Mo yr™1)), t250, I50%» t75%, [IM/H] and Ay.

The results are organised as follows. In Sect. 4, we analyse
the performance of the model in the simulated test set. In Sect. 5,
we describe our fit of the individual pixels from galaxies of the
JADES survey. We inspect the posterior distributions at differ-
ent redshifts (Sect. 5.2), comparing them with other SED fitting
codes. Then, in Sect. 6, we present the maps for stellar popu-
lation properties of selected galaxies. Finally, in Sect. 6.2, we
describe our statistical study and compare the integrated stellar
masses with their pixel-based analogues to investigate the out-
shining phenomenon.

4. Recovering properties of the simulated stellar
populations

We trained the neural density estimator over ~1 hour and 30 min.
We obtained the posterior probability distributions for each
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stellar population parameter for the full test set, from the pho-
tometry with the associated uncertainties. It takes ~0.04s to
obtain 500 samples of the distributions for all the properties for
one simulation. All of the time computations were performed
on a single core of an Apple M3 Max CPU, part of an ARM-
based 14-core system with 36 GB of unified memory. However,
this model natively supports GPU execution, which can further
reduce inference time.

To assess the accuracy of the model, we computed the medi-
ans of the posteriors inferred for the parameters and compared
them with the true simulated values for the full test sample with
S/N averaged in the filters F277W, F356W, and F444W (here-

after, S/N) higher than 1. This ensures we did not show any sim-
ulations that are completely above of the observational capabil-
ities of ACS and NIRCam, with upper limits for most of the fil-
ters. In Table 3, we include the R? values? for the training using
parametric (a) and non-parametric (b) SFHs. The performance
is relatively good for the stellar mass and the dust attenuation
index, but worse for the SFR, metallicity, and ages as a result
of the degeneracies that we know exist being reproduced when
inferring these properties from photometry. As expected, the R?
values for the SFR and [M/H] are higher for parametric SFHs.
However, while #; can be well constrained, the accuracy of the
medians of the posterior distribution for 7 are extremely low.
This can be explained not only because it is difficult to retrieve
from photometry, but also because it is very degenerated with
t; (Conroy 2013). Instead, we find that by combining 7 and #;
samples to obtain mass-weighted ages, we are able to constrain
better the age of the galaxy, with R scores of 0.94.

We show in Fig. 1 the residuals (true property: median
posterior distribution) for the test sample as a function of
log,((M./My), the mass-weighted age, and Ay, for the -delayed
prior. We colour-coded the samples with the standard deviation
of the posterior distributions for each of the property, showing
that simulations with higher residuals have also higher uncer-
tainty in the posterior distributions. We split the data into bins of
S/N, including 1 < S/N < 5,5 < S/N < 10, and S/N > 10.
Although there are many more simulations in the last bin, we
can see how the performance improves considerably for higher

S/N, especially for the mass and dust attenuation. For these three
properties, we find a good agreement between the inferred and
simulated properties without significant systematics, except for
a mild apparent trend in Ay. The latter reflects the influence of
the prior shape under low S/N conditions, with the posteriors
clustering around the midpoint of the uniform prior range.

We repeat the analysis in Fig. 2 for the model trained with the
Dirichlet prior, finding similar results, but with slightly higher
scatter for log,,(M./Mg) and Ay. Our simulations also include
very young populations with log;,(fs50%/yr) < 8. These cases
correspond to SFHs with very recent bursts, in the last ~100 Myr
of lookback time; furthermore, the brightness from young and
hot stars prevents us from making a proper estimation of their
previous SFHs, leading to higher residuals and standard devia-
tions in the posteriors for log, (504 /yr) < 8.

The galaxies exhibiting larger scatter typically show degen-
eracies between stellar mass, age, and dust attenuation: older,
dustier stellar populations can resemble younger, but less mas-
sive, less extinguished ones in their observed SEDs. Conversely,
very young, dust-free populations can mimic older and dustier
systems with higher stellar masses. This degeneracy often leads

P (gi _@)2
S (0-8)”
to be confused with the square of the Pearson’s coefficient.

2 Also known as coefficient of determination R?> = 1 — not
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Table 3. R? values for the medians of the posteriors using the r-delayed
prior and the Dirichlet prior, obtained for the full test set with S/N > 1,
with respect to the simulated values.

Properties R? value (S/N > 1)
(a) T-delayed prior

log,o(M./Mo) 0.99
log,o(SFR/(Mg yr™')) 0.67
7 [Gyr] 0.07
t; [Gyr] 0.77
[M/H] 0.60
Ay [mag] 0.95
(b) Dirichlet prior

logo(M./Mo) 0.98
log,,(SFR/(Mg yr 1) 0.54
159 0.49
150% 0.40
1759 0.40
[M/H] 0.39
Ay [mag] 0.92

to bimodal posterior distributions, where the data cannot distin-
guish between two distinct combinations of physical parameters.
Instead of collapsing this ambiguity into a single best-fit esti-
mate (or the median, as done in Fig. 2) that is not representative,
our model returns the full posterior. This captures the complete
range of plausible solutions, including bimodal ones, allowing
us to directly characterise the associated uncertainties

We analyse in Appendix A the posterior distributions
obtained for the same 7-delayed simulation using the models
trained on different priors. We find the expected correlations
between parameters and the widths of the posteriors for the dif-
ferent properties (compared to the widths of the prior distribu-
tions) match the R? scores discussed previously. We also per-
formed a simulation-based calibration (SBC) test in Appendix B
to verify that the NFs are well trained and, thus, the posteriors
are correctly calibrated.

5. Inferring properties of JWST galaxies
5.1. Sample selection

We selected 1083 galaxies of the HUDF measured in the 19 fil-
ters listed in Table 1 and with spectroscopic redshifts. We first
examined, across stellar masses and redshifts, the fraction of
pixels within two effective radii with a sufficient S/N in order
to be fitted with our model. We extracted these properties from a
catalogue that includes stellar masses from surviving stars into a
Kron aperture and redshifts from Dahlen et al. (2010), Guo et al.
(2012), Oesch et al. (2023), and Bunker et al. (2024), assum-
ing SFHs described by delayed exponentials, with timescales
between 1 Myr and 10 Gyr, free metallicity, ages between 1 Myr
and the age of the Universe at the redshift of each source, the
Calzetti attenuation law, and a Chabrier IMF.

Again, instead of using the mean or maximum S/N across
all available filters, an approach susceptible to dropout effects
due to the galaxy redshift, we focus on the mean S/N in the
three reddest wide-band filters: F277W, F356W, and F444W.
Specifically, we analysed the fraction of pixels with a mean
S/N in these three bands equal to or exceeding 5. This thresh-
old, initially selected based on model performance on simulated
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data, will be further validated with observational data in
the following section. Fig. 3 shows that up to redshifts of
z =~ 5-6 most galaxies with total stellar masses above
108 M, contain a substantial fraction of pixels above the
S/N threshold, allowing them to be analysed effectively with
our model.

We fit all the pixels of the 1083 galaxies with the trained
model and obtained posterior distributions with 500 samples for
each of them. We carried out a statistical analysis of these pos-
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teriors according to the S/N of the pixels and the redshift in
Appendix C. By comparing the posterior and prior widths, we
found a strong broadening of the posteriors for most of the prop-
erties at S/N < 5, consistent with the previous results in the syn-
thetic observations. This showcases the regime where our infer-
ence is prior-dominated, namely, where the observational data
provide limited constraining power and the resulting posterior
distribution closely follows the form of the adopted prior. More-
over, the constraining power for each of the posteriors, measured
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Fig. 3. Distribution of 1.083 galaxies from the JADES survey in the
plane of integrated stellar mass versus spectroscopic redshift, with
colours indicating the fraction of pixels within two effective radii (in
F444W) that have a mean S/N of 5 or greater in the filters F277W,
F356W, and F444W. The lines represent the parameter-space limits used
to set thresholds at pixel fractions of 0.20 (red dashed line) and 0.80 (red
dotted line) averaged across the full sample. These thresholds indicate,
for the ranges of integrated masses and redshifts, the fraction of pixels
within the galaxies that can be effectively fitted with our model.

Table 4. JADES IDs, RA, Dec, spectroscopic redshifts, and number of
pixels with S/N > 5 in the filters F277W, F356W, and F444W for the
six example galaxies analysed with the model.

ID RA [°] Dec [°] Zspec Npix(S/N > 5)
254985 53.169961 -27.771119 0.63 25208
205449 53.166186 —27.787576 1.08 11069
211273 53.165590 —-27.769882 1.55 8233
117960 53.144489 —-27.790426 2.44 388
118081 53.178183 —-27.790264 3.30 147
206146 53.146669 —27.786211 5.52 201

as the ratio o posterior/ Oprior> agrees with the R? scores given in
Table 3.

5.2. Analysis of sample galaxies and comparison with other
codes

We selected six galaxies from the sample to show the per-
formance of the model across different morphologies, orienta-
tions, and redshifts. In Table 4, we include their JADES ID,
right ascension, declination, spectroscopic redshift, and number
of pixels in the segmentation map of the JADES survey with
S/N > 5.

In Fig. 4, we show the posterior distributions we obtain for
two pixels of each galaxy: one with the highest S/N and other
selected randomly beyond 1 R.¢, together with the priors, for the
model using the 7-delayed prior. We show the surviving stel-
lar mass and the dust attenuation, combining the samples of the
posteriors of 7 and ¢; to derive samples for the mass-weighted
age which, as seen in the simulated test sample, is more robust.
We omitted from this analysis the metallicity, for which we

A&A, 703, A229 (2025)

obtained a low R? score and wide posterior distributions in the
simulations.

We compared our posterior distributions with those obtained
with Prospector (Johnson et al. 2021), which are also shown in
Fig. 4. We ran Prospector with the same assumptions: MILES
SSPs, Chabrier IMF and MIST isochrones, 7-delayed SFHs and
Calzetti dust attenuation, and the same dust emission, nebular
continuum, and emission libraries. We also used the priors given
in Table 2. We optimised the inference with Dynesty (Speagle
2020) to reduce the inference time. Despite this optimisation, it
takes ~12 min to fit the posterior distributions with 2500 sam-
ples. We repeated the inference for the NFs with the same num-
ber of samples and it takes 0.20s, which is ~3.5 x 103 times
faster. This demonstrates the potential of the amortised inference
for the pixel-based fitting of high-resolution multi-wavelength
observations for large samples of galaxies.

We repeated the fit of all the pixels for the six galaxies
included in Table 4 with the optimisation code Synthesizer
(Pérez-Gonzalez et al. 2003, 2008). This optimisation model
employs the BCO3 Bruzual & Charlot (2003) stellar popula-
tion synthesis framework, utilising the Padova 1994 isochrones
(Bertelli et al. 1994) with high-resolution spectra. Both the spec-
tral library and the isochrones differ from those used by our
model. However, it assumes the same Chabrier IMF and also
incorporates a Calzetti attenuation law and a delayed-t model for
the SFHs, with the same ranges of parameters than the included
in our model, optimising the parameters to minimise the chi-
square (y2) for SED fitting. More information about the nebular
emission and continuum models used by Synthesizer can be
found in Pérez-Gonzdlez et al. (2003, 2008). We also give the
parameter estimations of Synthesizer in Fig. 4 for compari-
son.

Our posterior distributions are in perfect agreement with
those from Prospector, but differ from Synthesizer estima-
tions. The latter is a possible consequence of using a different
SPS model. Although we do not have access to the full pos-
terior distributions in Synthesizer, we further analysed how
well the models fit the SEDs in the Appendix E. There, we
performed a posterior predictive check (PPC; Talts et al. 2018),
repeating the simulation for every sample of the posteriors for
the same two pixels of each of the six galaxies using the paramet-
ric model. We compared the results of the PPC with the actual
observed photometry, as well as the SED fits from Prospector
and Synthesizer, finding an overall good agreement.

6. Pixel-by-pixel SED fitting of JWST galaxies
6.1. Maps of stellar population properties

After comparing our model with Prospector and
Synthesizer for a few pixels, we proceeded to use it to
create maps of the stellar population properties of the six sample
galaxies. We also built RGB images using a colour scheme
designed to enhance the structures enabling a better comparison
with the population maps. We show the RGB images and
the medians of the posteriors retrieved for the three physical
properties for the six galaxies in Fig. 5, using the parametric
SFHs. For the galaxies at lower redshifts (254985, 205449
and 211273), the PSF full width at half maximum (FWHM)
is considerably smaller than the visual size of the galaxies.
This, when combined with the large number of pixels available,
enables clear gradients to be resolved in all the properties. The
stellar mass density, log,, (E*/(M@ kpc_2)), is concentrated

predominantly in the central regions of galaxies. The ages of the
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Fig. 4. Probability distributions for log,,(M./M;), the mass-weighted age [Gyr], and Ay [mag] for the pixel with highest mean S/N in the filters

F277W, F356W, and F444W (in green), and a random pixel out of 1 Res

(in red) for the six galaxies. Step histograms (solid lines) represent the

prior distributions (in black) and our posterior distributions (in green and red). The posterior distributions from Prospector are shown with lower
opacity (in green and red). The dotted lines correspond to the minimum y? parameters obtained with the optimisation code Synthesizer.

stellar populations are not as symmetric and are, instead, aligned
with the morphology of the galaxies, with young populations
along the spiral arms for the first two galaxies, which are
face-on, and in the disc plane for the more inclined third galaxy.
The dust attenuation shows strong variations and is correlated
with the age, with young dusty clumps, together with centres
and inner spiral arms highly attenuated with values up to 4 mag
for 211273.

In contrast, for galaxies at higher redshifts (117960, 118081,
and 206146), our analysis primarily captures the effective radii,
which is of the order of the PSF FWHM for F444W (0.16”,
5.36 pix) because of the S/N threshold. Consequently, the maps
reveal smooth trends, with the finer structural gradients remain-
ing unresolved. The mass density maps show fewer gradients.
The galaxies 117960 and 118081 present signs of inside-outside
star formation, with cores younger than the outskirts. The dust
attenuation is less strong for these galaxies, with smaller vari-
ations and slight negative correlations with the age, while for
younger regions, it is more attenuated. Additionally, we show in
Appendix D the maps of uncertainties for the properties of the
six galaxies that we obtained from the posterior distributions.

Continuing with the study of the six galaxies, we show in
Fig. 6 the maps of the stellar population properties obtained with
the model using the Dirichlet prior for the SFHs. The structures
we find in these maps are very similar to those obtained with the
7 delayed prior. However, we find more structure in the stellar
mass maps for the high-redshift galaxies. The other differences
are mainly in terms of the age, which is expected from the differ-
ences in the SFH shapes; in this case, this is computed as #59,,
which is the lookback time in Gyr at which 50% of the total
stellar mass was formed (itself a direct parameter of the model).

We did not observe significant variations within the PSF size
of the F444W filter and all the variations are consistent with
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photometric noise levels, demonstrating the robustness of the
inference. Although this behaviour was not explicitly enforced
in our model (as is sometimes done in some binned modelling
approaches), it naturally arises from our methodology. These
maps offer multiple pathways for interpreting pixel-by-pixel
properties within the global context of each galaxy. For exam-
ple, rather than binning the photometry, we could directly bin the
inferred properties, leveraging the strengths of Bayesian infer-
ence and hierarchical modelling to narrow the posterior distri-
butions without losing the high resolution of our photometry.
Alternatively, we could analyse gradients or property profiles to
explore how these quantities vary across the galaxy. As a proof
of concept, we include the radial profiles of the properties shown
in the maps in Appendix F.

6.2. Comparison between resolved and integrated stellar
masses

We went on to study all the pixels of the 1083 galaxies with
S/N > 5, ~2 million pixels. We focussed on the surviving stellar
mass recovery, leaving the analysis of other properties for future
exploration. Our approach treats individual pixels as statistically
independent for simplicity and computational feasibility. While
we recognise that the PSF inherently introduces spatial correla-
tions between neighbouring pixels, we plan to thoroughly inves-
tigate this in upcoming works. For the purposes of this work, we
chose to compute the total stellar mass by summing the posterior
samples across pixels.

Specifically, we drew one sample from the posterior distri-
bution of each pixel and summed these to obtain one sample of
the posterior for the galaxy’s total stellar mass. Repeating this
process for all posterior samples yields a posterior distribution
for the total mass. We then used the medians of this total-mass
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Fig. 5. Galaxy property maps. We include only the pixels with a S/N (averaged between F277W, F356W, and F444W) higher than 5. We use a
7-delayed prior for the SFHs. From left to right: RGB images (built using the method described in Lupton et al. (2004) with the filters specified
above each image to enhance the different structures), and the inferred properties per pixel log, (E* / (M® kpc"z)), the mass-weighted age [Gyr],
and Ay [mag]. In the lower-left corner of the first column, we show circles with diameters equal to the FWHM of the F444W PSF. Scale bars in
the first column indicate angular (arcseconds) and physical (kiloparsecs) sizes.
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Fig. 6. Same as Fig. 5, but for the Dirichlet prior for the SFHs. We infer the properties log;, (E,,/ (Mo kpc'z)), t502% [Gyr] in lookback time, and
Ay.

posteriors to compare them with the integrated fit. For the lat- compare the differences between these two ways of computing
ter, we summed the photometry of each of the above pixels and total stellar masses.

computed the integrated stellar masses for all the galaxies. We Several works attribute systematic differences between those
did this for the two models with different priors for the SFHs to  stellar masses due to outshining of young stellar populations
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Fig. 7. Pixel-based vs the integrated estimations for the stellar masses
for the 7-delayed prior for the SFHs, for the Dirichlet prior, the pixel-
based stellar masses for the two different priors, and the integrated stel-
lar masses for the two priors for 1083 galaxies (from top to bottom).
Each galaxy is a different dot colour-coded with the redshift. We also
show the six previously studied galaxies as stars, as well as black ker-
nel density distribution contours, and in red the 1:1 ratio (solid line),
+0.5 dex (dashed lines), and +1 dex (dotted lines) offsets. For clarity,
only the error bars of the six galaxies are shown for both the integrated
and resolved stellar masses.

in the integrated analysis (Sorba & Sawicki 2015, 2018;
Jain et al. 2024; Giménez-Arteaga et al. 2024; Fujimoto et al.
2025; Narayanan et al. 2024), as a consequence of bright O-
type and B-type stars that obscure the old populations, which
dominate the total stellar mass. This outshining phenomenon is
thought to be stronger in high-redshift low-mass galaxies, due
to the stochasticity in their SFHs. Other recent works claim that
this problem is mainly solved due to the large wavelength cover-
age of JWST (Song et al. 2023; Lines et al. 2025) and medium
bands of NIRCam (Adams et al. 2025; Cochrane et al. 2025;
Harvey et al. 2025). Our approach allowed us to perform such
a study in a Bayesian framework for a statistically significant set
of observed galaxies, comprising at least one order of magnitude
more galaxies than previous works.

We show in Fig. 7 the resolved versus integrated stellar
masses for all galaxies colour-coded with redshift, as well as
the six galaxies studied in detail before with symbols of stars,
for both the 7-delayed and the Dirichlet prior for the SFHs. We
did not find any strong outshining effects for any of the pri-
ors for stellar masses from 10% M, to 10'2> M. However, the
scatter is larger for the less flexible 7-delayed SFHs. For this
prior, we found ten outliers with their offsets (computed as

10g,o(M™OMed) _ Jog, (M"¥***%)) higher than 1dex (one out-
lier with z < 3 and nine with z > 3). The median offset for this
prior is —0.068 dex for z < 3 and 0.063 dex for z > 3, while the
median standard deviation for the posterior distributions of inte-
grated stellar mass are 0.14 dex and 0.20 dex, respectively. The
uncertainties associated to the resolved masses, derived from the
uncertainty propagation of the standard deviation of the pos-
terior distributions of each of the pixels, are instead 0.044 dex
(z < 3) and 0.14dex (z > 3). For the Dirichlet prior, we found
five outliers, all of them with z > 3. The median offsets are
0.091 dex for z < 3 and 0.016 for z > 3, while the median stan-
dard deviation for the posterior distributions of integrated stellar
mass are 0.20 dex and 0.31 dex, respectively, and the uncertain-
ties of the resolved analysis are 0.014 dex and 0.089 dex (from
the uncertainty propagation of the standard deviations of the
posteriors). The largest positive offsets and all the outliers were
found for low-mass galaxies (below 10%° M,) at all redshifts,
reporting offsets of 0.40dex and 0.25dex for the parametric
and non-parametric models, respectively; this can be compared
with the offsets for larger stellar masses, namely, of 0.11dex
and 0.09 dex. This is consistent with the findings of Lines et al.
(2025) and Harvey et al. (2025).

In Fig. 7, we also compare the resolved and integrated stel-
lar masses estimated for the same galaxies using the two differ-
ent SFH priors. We measured a significant offset between the
resolved stellar masses estimated with a 7-delayed and a Dirich-
let prior. The median offsets are of 0.204dex at z < 3 and of
0.028 dex at z > 3. The differences are less pronounced when
comparing stellar masses obtained from integrated photometry.
We reported median offsets of 0.044 dex at z < 3 and —0.072 dex
atz > 3.

To further investigated this, we performed a cross-test in the
simulations, which we describe in Appendix G. The results in the
simulations show that due to the flexibility of the model trained
on the Dirichlet simulation, it can correctly estimate the masses
from a simulation performed with a 7-delayed prior, marginal-
ising over all parameters that the model cannot constrain from
photometry (e.g. possible SFHs) and accurately reflecting this in
the uncertainties. In contrast, the model using the 7-delayed prior
systematically underestimates the stellar masses when applied
to the Dirichlet simulation, on average, by 0.147 dex; this is
roughly consistent with the reported offsets in observations. By
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inspecting the inferred and true SFHs, we conclude that the 7-
delayed prior leads to model misspecification: it only recovers
the last burst of star formation and tends to ignore significant
fractions of stellar mass formed in early epochs, without
accounting for them in the uncertainties of the recovered
properties.

7. Limitations

The amortised nature of our methodology, while offering a
significant computational advantage over traditional Bayesian
approaches such as MCMC, imposes constraints on its appli-
cability. The model’s training is the only computationally inten-
sive step, enabling inference speeds orders of magnitude faster.
However, it requires retraining the model for different filter
sets or observational setups, as the simulation must precisely
match the observed data, including uncertainties and back-
ground noise. Expanding the simulation to encompass mul-
tiple surveys would significantly increase the computational
burden of training. Nonetheless, the substantial sample sizes
available within surveys such as JADES DR2 (approximately
94000 objects, with ~11000 meeting our filter requirements)
justify this approach, marking a notable advancement.

A primary limitation in our galaxy sample selection was the
reliance on spectroscopic redshifts, which are sparsely available.
While this choice minimises redshift uncertainty in SED fitting,
it restricts the number of galaxies analysed. To address this, we
could incorporate photometric redshifts, either as direct inputs
without retraining the model or retraining it with their associ-
ated uncertainties as input of the network. However, this will
introduce a larger uncertainty into other property estimations.
Furthermore, our assumption of equal redshift across all pix-
els within a galaxy introduces another source of potential error.
While we generally trust the segmentation maps, galaxy overlaps
or ambiguous pixel assignments can occur. Inferring redshifts
per pixel or clump, as demonstrated in Pérez-Gonzilez et al.
(2023), offers a potential solution. Although this approach may
be susceptible to issues of low S/N, we intend to investigate it in
future works, seeking to detect and resolve redshift discrepancies
indicative of contamination or to refine photometric redshift esti-
mates through Bayesian combination of posterior distributions.

The choice of SFH prior, whether restrictive (e.g. T-delayed)
or flexible (e.g. Dirichlet), influences the retrieved properties and
their uncertainties. While this study explored these extremes,
real galaxy SFHs may exhibit intermediate complexity. More
flexible priors, while potentially more realistic, often lead to
wider posterior distributions and increased uncertainty. In the
recent results of Harvey et al. (2025), the continuity and power-
law priors were the ones that lead to less outshining effects. We
aim to explore these priors in future works. Furthermore, the
choice of SPS model can significantly influence results, as seen
in comparisons with Synthesizer. These limitations inherent
in SED models reflect our incomplete understanding of stellar
evolution, a factor that equally affects conventional MCMC sam-
pling approaches and extends beyond the scope of this work.

An important consideration to take into account is whether
fitting individual pixels without modelling the PSF introduces
biases. Our framework does not require explicit PSF character-
isation in the forward model because each pixel is treated as an
independent stellar population, rather than as part of a resolved
spatial structure. However, oversampling the PSF can introduce
statistical dependencies between neighbouring pixels. This does
not bias individual posterior estimates but could affect summed
quantities, such as total stellar mass or SFRs, due to correlated
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errors or partial double-counting of flux, especially in compact
sources. To quantify this effect, we would need cosmological
hydrodynamical simulations that properly model galaxy mor-
phology, physical properties, and observational effects, allow-
ing us to compare pixel-by-pixel and integrated estimates against
known ground truth. We could also address this issue with appro-
priate spatial binning or post-processing to account for PSF scale
correlations. The SBI framework allows for posterior-based bin-
ning after inference, for instance, using measures such as the
Kullback-Leibler divergence between posteriors rather than sim-
ple spatial proximity, enabling more adaptive grouping strategies
that respect both the S/N level and physical continuity. We plan
to explore these two approaches in future investigations.

8. Summary and future work

We demonstrate the efficiency and robustness of simulation-
based inference for recovering the properties of simulated and
observed stellar populations from multi-wavelength photomet-
ric data. A key strength of our approach lies in its computational
efficiency. The amortised inference enabled by NFs makes it pos-
sible to carry out rapid analyses of vast datasets. We achieved a
fitting time of approximately 0.04 seconds per pixel, which is a
speed that is ~3.5 x 10° times faster than traditional Bayesian
codes such as Prospector. This speed is crucial for the pixel-
by-pixel analysis of thousands of galaxies, enabling a statisti-
cal Bayesian approach to resolved stellar population studies that
would be prohibitively time-consuming with traditional meth-
ods.

Applying our model to 1083 galaxies with spectroscopic red-
shifts, we explored the properties per pixel and their depen-
dence on S/N at different redshifts. Stellar masses, SFRs, mass-
weighted ages, and dust attenuation can be well constrained

down to S/N = 5, while the recovery of other properties, such
as metallicity, is more challenging. The choice of SFH prior
impacts the inferred properties, including the stellar mass, which
shows an average offset of 0.15 dex in our cross-validation study.
This highlights the importance of considering prior assumptions
when assessing the uncertainties.

We showcased the model’s ability to resolve spatial varia-
tions in galaxy physical properties via a pixel-by-pixel analy-
sis of six example JADES galaxies across different redshifts and
morphologies. We observed clear gradients in terms of stellar
mass, age, and dust attenuation, particularly in the case of low-
redshift galaxies (z < 2), where the PSF FWHM for the F444W
filter (to which all the photometry mosaics were convolved) is
considerably smaller than the galaxy size.

As a proof of concept for future statistical analysis, we made
a pixel-by-pixel comparison and integrated the estimations of
stellar masses for the 1083 galaxies in our sample and their
~2 million pixels with S/N > 5. We found no strong evi-
dence of outshining effects, with only a few outliers observed
in high-redshift low-mass galaxies. This result is consistent
with recent studies that have leveraged the high-wavelength
coverage of HST+JWST, including NIRCam’s medium bands
(e.g. Song et al. 2023; Lines et al. 2025; Cochrane et al. 2025;
Harvey et al. 2025). However, it deviates from other findings that
suggested significant outshining (Sorba & Sawicki 2015, 2018;
Jain et al. 2024; Giménez-Arteaga et al. 2024; Narayanan et al.
2024). We attribute the primary systematic uncertainty in stel-
lar mass estimation to the choice of SFH prior, rather than the
resolved or integrated analysis.
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A key direction for future works is the implementation of
spatial binning strategies to mitigate the effects of PSF over-
sampling. While traditional binning approaches such as Voronoi
tessellation (Cappellari & Copin 2003) ensure a constant S/N,
they do not fully exploit the spatial resolution of JWST imag-
ing. We plan to incorporate the piXedfit binning methodology
(Abdurro’uf & Akiyama 2017; Abdurro’uf et al. 2021), which
segments galaxies based on y? comparisons of neighbouring
SEDs. This method retains detailed spatial information, while
respecting PSF limitations and maintaining sufficient S/N within
each bin, making it well suited to our framework.

In parallel, we aim to extend the pipeline to other JWST
surveys, such as The Cosmic Evolution Early Release Sci-
ence Survey (CEERS; Finkelstein et al. 2025), and to explore
datasets with different observational characteristics. Additional
developments will include testing more flexible SFH priors and
implementing pixel-level redshift inference. These efforts will
enhance the robustness and interpretability of resolved stellar
population studies in large galaxy samples.

Data availability

The entire pipeline, including the scripts for the simulation
and the Bayesian inference framework, is publicly available
athttps://github.com/patriglesias/SBIPIX.git. Cata-
logues of results and additional files will also be provided upon
reasonable request.
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Appendix A: Posterior distributions using different SFH priors for a simulated galaxy

We include in Fig. A.1 two corner plots showing the posterior distributions obtained for a single simulated galaxy (using a 7-delayed
simulation prior) when inference is performed with the model trained on the 7-delayed simulation (left) and the model trained on the
Dirichlet simulation (right). The posterior distributions are almost identical for the two models, although the distributions are slightly
wider for the model trained on the Dirichlet prior. We can also see the correlations and anticorrelations that exist between the different
properties. On the left we find positive correlations between log,,(M./Mo) and log,;,(SFR/(Mg yr™!)), log,(SFR/(Mp yr~!)) and
Ay, and ¢; (cosmic time) and [M/H], as well as negative correlations between log,,(M./Mg) and [M/H], and [M/H] and Ay. On the
right, these are less obvious because the distributions are wider, but we observe positive correlations between different ¢, (cosmic
time normalised to the age of the Universe at the redshift of the source), and negative correlations between [M/H] and Ay.
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Fig. A.1. Corner plots showing the posterior distributions for a simulated galaxy (using a 7-delayed SFH) at redshift 1.89, obtained with the
7-delayed model (left) and Dirichlet model (right). Each posterior uses 500 samples. Kernel density estimation contours are shown with different
shades at iso-proportions of the density of samples. The solid lines correspond to the true values.

Appendix B: Simulation-based calibration

We perform a simulation-based calibration (SBC; Talts et al. 2018) test to ensure that the NFs are well trained and thus the pos-
teriors are properly calibrated. In Fig. B.1 we show the distribution of the rank statistics of the true parameter values within the
marginalised posteriors for the 7-delayed model, which must be uniform if the posterior samples are consistent with the prior used
in the simulations. We show in Fig. B.2 the analogue for the Dirichlet prior. Figure B.3 shows the empirical cumulative distribution
function for both the 7-delayed model and the Dirichlet model, which confirms that they produce posteriors that are fully consistent
with the simulations, without underestimating or overestimating the uncertainties. However, we point out that the performance of
any model when obtaining posteriors distributions for real galaxies is unknown, and the ability to get accurate distributions, as in
any inference pipeline, ultimately depends only on how well the forward model (or likelihood in traditional approaches) matches
the observations.
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Fig. B.1. SBC test of the posteriors for 1.000 simulations using a 7-delayed prior for the SFHs. The histograms show the distribution of the rank
statistic of the true value within the marginalised posterior for all the properties. For a well-calibrated posterior, the rank statistics should have
a uniform distribution (dashed black line). The grey band indicates 99% of the variation expected from a uniform histogram. The rank statistic

distributions of our posteriors are nearly uniform for all the parameters, and therefore, the model provides unbiased and accurate posteriors.
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Fig. B.2. Same than Fig. B.1, but using a Dirichlet prior for the SFHs.
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Fig. B.3. Empirical CDFs for all the parameters obtained with 1000 simulations using a 7-delayed prior (left) and a Dirichlet prior (right) for the
SFHs. If the posteriors are well calibrated, the nominal coverage probability (the fraction of the probability volume), on the x-axis, will be equal to
the coverage probability (the fraction of actual values in such a volume), on the y-axis, leading to a diagonal CDF (dashed black line). Our CDFs
closely follow the diagonal, indicating that the posteriors are properly computed.

Appendix C: Posterior distributions as a function of the S/N

In a Bayesian analysis, the degree of uncertainty is reflected in the posterior widths, as prescribed by Bayes’ theorem. When little to
no information can be extracted from the observations, the posteriors tend to resemble the priors. In such cases, where the data have
limited constraining power, the posterior is said to be prior-dominated. We fit all the pixels of the 1083 galaxies with the trained
model and obtain posterior distributions with 500 samples for each of them. We average in Fig. C.1 the ratios between the standard
deviation of the posteriors and that of the prior for all the parameters for the 7-delayed and Dirichlet priors for the SFHs, in different
panels binning them by redshift. As for 7, t,59, and t;54, the prior distributions are highly skewed, we use another metric for the
widths of both prior and posterior distributions, namely the ratio of the percentiles 75% and 25% rather than o-. For consistence we
also use this ratio for 59,

Both the surviving and formed stellar masses can be well-constrained up to 15% of the prior distribution width, without important
changes with the S/N, as low S/N are also informative of the mass content of each of pixels up to S/N ~ 1. There are no strong
differences with redshift either, with only a slight increment across all S/N. The dust attenuation index Ay can also be recovered
with narrow posterior distributions (o ~ 0.2070r), but experiment a sudden broadening at S/N <5, meaning that we start to be
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prior-dominated. Interestingly, Ay can be better constrained at higher redshifts, probably because most galaxies are dust free, but
also because we have access to the restframe UV slope and Balmer break for these galaxies.

The behaviour of the rest of the properties depends on the prior used for the SFHs. The metallicity cannot be retrieved with
precision, as already known from photometry only (e.g. Nersesian et al. 2025), we only reach o ~ 0.607piq, for the 7-delayed prior,
and o ~ 0.70 o for the Dirichlet prior, experimenting also a significant broadening for the posteriors at S/N < 5. While for the
Dirichlet prior we do not find important changes across redshifts, for the 7-delayed prior we find slightly narrower posteriors at high
redshift, maybe highlighting a strong degeneracy with the age that is only significant at low redshift due to the larger possible ages.

The SFR behaviour is very different from one prior to another, with o ~ 0.150 pior and o ~ 0.407pi0r at low redshifts respectively,
as expected by restricting the shapes of the SFHs by using a functional form. We obtain overall narrower distributions at high-
redshift, especially for the Dirichlet prior. This can again be due to lower dust attenuation but also due to selection effects at higher
redshifts in the ranges of masses analysed. The parameter #; can be poorly constrained, with values ranging from o~ ~ 0.6 — 0.80 i,
slightly better for z > 5. For 7, f25¢,, ts509, and t;59,, we should not compare the values with the other properties because the metric is
different. However, we find strong broadening of the posterior distributions for S/N < 5. The width of the 7 posterior distributions is
higher with redshift, but slightly lower for #,s4, and #;5¢,. As expected, in most of the redshift bins #,54, is wider than #;54,, but this
result is inverted for the last bin of redshift. We expect this to be a consequence of the prior for f,5¢, that highly favours short cosmic
times. For the parametric prior, we also combine the 7 and #; samples of the posteriors to derive samples for the mass-weighted age,
which is known to be a more robust and less degenerated quantity, and find that we can indeed constrain better this property with
0 ~ 0.407pior for all redshift bins.
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Fig. C.1. Posterior widths for each property. The average ratio of the posterior standard deviation (obtained with 500 samples) and the prior
standard deviation for parameters using a 7-delayed (top row) and Dirichlet (bottom row) prior for the SFHs. This is calculated across all the pixels
for each of the 1.083 galaxies in the dataset, as a function of the average S/N in filters F277W, F356W, and F444W, at different redshift bins.

Appendix D: Uncertainty maps

We repeat Fig. 5 with the propagated uncertainties from the standard deviations of the posterior samples per pixel in Fig. D.1. The
maps for the properties of the six sample galaxies show higher uncertainties in the outskirts of the galaxies, which also correspond
with the pixels with lower S/N, for log, (E*/ (MO kpc_z)) and Ay, while the higher uncertainties in the mass-weighted age maps
correspond to the oldest regions of the galaxy, whose timescales are more difficult to determine, especially at lower redshifts.

A229, page 17 of 22



Iglesias-Navarro, P, et al.: A&A, 703, A229 (2025)

A (Mass-weighted
RGB A(logio (2./(Mokpc2))) age [Gyr]) A(Ay [mag])

0.2 0.4 2 4 6 02 04 06 08
[ |

t

F444W  F150W  FO90W

@

o
o
o
IS

F444W  F150W  F090W

@

=3
)
=3
=
=)
o

F444W  F150W  FO90W

\

=3
o
=3
~
=3
=

]

=3
o
=3
IS
=3
o
=3
o
=3
N
=3
=
=3
=3
N
=3
w

d
®|
°|

F444W  F277W  F150W

o
N
o
w
o
o
o
IS
4
£y
o
o
o
v
o
w
o
IS

o
’|
|

Fig. D.1. Same as Fig. 5 but with the uncertainties from the standard deviations of the posterior distributions.

Appendix E: Recovered SEDs: posterior predictive checks

We perform a PPC (Talts et al. 2018), repeating the simulation for every sample of the posteriors for the same two pixels of each
of the six galaxies using the parametric model. We compare the results of the PPC with the actual observed photometry in Fig. E.1.
We find a general agreement across all galaxies. However, certain sets of SEDs deviate from the true photometry in some filters,
typically the bluest ones, for instance F775W and F814W for the pixel with highest S/N of 206146. This discrepancy arises from
model misspecification when none of the simulation templates align with the observed photometry for any noise realisation, mak-
ing the posterior distributions unreliable. This misalignment could stem from problems in the photometry of that pixel, such as
contamination from other objects or improper background subtraction. However, it is more likely due to assumptions in the SPS
models, including the prior ranges. On the other hand, we observe for some of the pixels there multiple possible SED templates and
the model correctly interprets this, so that the posterior distributions are wider, especially at low S/N and at high redshifts where
several filters are only fitted with upper limits. The best example for this is the pixel outside 1 R of 211273. Finally, a few posterior
samples can produce SEDs that appear inconsistent with the photometry, as seen for example in galaxy 188081. This object is very
compact and dominated by emission lines, making it particularly difficult to model within our simulation framework, which uses
Cloudy from FSPS without emission line fine-tuning. The apparent deviations mainly stem from imperfect modelling of emission
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lines in the redder part of the spectrum. These cases highlight the non-linear relationship between physical parameters and flux
space, where modest parameter shifts can lead to significant SED variation.

We include in the same figure the best fit of Prospector in pink, as well as the Synthesizer fit in green. While the fit of
Prospector uses the same SPS modelling assumptions, and the deviations we see with respect of our model are mainly random,
the differences with Synthesizer are systematic, as we can clearly see different spectral templates. This is more evident for high-
redshift galaxies and show the importance of the choice of libraries and parameters for stellar population properties estimation and
of marginalising over all the different templates to properly capture the true uncertainties.
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Fig. E.1. Fit for the two pixels of the six galaxies, repeating the simulation with 500 samples of the posterior distributions for the pixels with
maximum average S/N of the galaxy. In black, we include the photometry with its error, in blue the templates fitted for each posterior sample, with
blue circles for the corresponding photometry, in purple the median of these templates, and in orange the best-fit sample. We also include black
triangles with the 1o~ upper limits. The best fit of Prospector is shown in pink and the fit done with Synthesizer is shown in green.
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Appendix F: Profiles of stellar population properties

We compute profiles of stellar mass density, mass-weighted age and dust attenuation, from posterior distributions obtained with the
parametric model. In Fig. F.1, we show in blue the profiles of the properties computed from elliptical apertures with the semimajor
axis, the ellipticity and the position angle obtained from the JADES photometry catalogue (Eisenstein et al. 2023b), and the centres
fixed as the pixel with higher stellar masses (medians of the posteriors). The effective radius we use to normalise the distances to
the centre was also obtained from the JADES catalogue. The profiles correspond to the medians of the posterior distributions and
the errors to the 1o level, normalised to the values in the centre of the galaxy. It is important to note again that the profiles below
the PSF FWHM of F444W are mainly flat, and after this radial scale vary significantly.

We recover what we see in the previous maps, the stellar mass density profiles are smooth and do not suffer strong variations,
while the other properties, especifically for the first three galaxies where we reach larger radius, show important variations. While
the uncertainties (107) are considerable, we find similar profiles for both three low redshift galaxies (first row), with medium-age
centres, old regions between 0.2 — 0.5 R.¢ and younger outskirts. For the high-redshift galaxies, we obtain flatter profiles, specially
for 118081 where we are mostly inside the FHWM of F444W due to the compactness of the galaxy. For the first four galaxies the
centres are more dust attenuated than the outskirts, but both 118081 and 206146 have very little dust contribution in the centre,
compatible with the high redshift of these sources.
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Fig. F.1. Profiles of stellar mass density, mass-weighted age and dust attenuation, obtained with the model trained on 7-delayed SFHs. The first
two were normalised to the value in the centre, for the median of the posterior distributions obtained with the NFs. The errors correspond to the
1o of the distributions.
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Appendix G: Offset in stellar mass estimations with different priors for the SFHs

In Fig. 7 we found a systematic difference between both the pixel-by-pixel and the integrated stellar mass estimates for the obser-
vations depending on the two different priors used throughout the paper for the SFHs: the parametric 7-delayed prior and the
non-parametric Dirichlet prior. Here, we perform a cross-validation study on the simulated test set, using the model trained with one
prior against the simulation with the other prior. In Fig. G we show the residuals on the stellar mass for this cross-validation test.

For the 7-delayed model applied to the Dirichlet simulation we observe a significant average underestimation of 0.15 dex. This
is expected because the fixed form of the 7-delayed prior is not able to capture early episodes of star formation (e.g. Carnall et al.
2019; Lower et al. 2020). We also compute the fraction of the true total stellar mass formed before the median #; obtained with the 7-
delayed model, according to the simulated Dirichlet SFH. We find a correlation between the residuals and this fraction, showing that
the largest underestimations of total stellar mass for the 7-delayed model actually occur when there are episodes of star formation
that contribute significantly to the mass, but are obscured by more moderate and recent bursts of star formation.

If instead we apply the model trained on complex SFHs (Dirichlet prior) to the simple 7-delayed simulation, the averaged offset
is almost negligible (overestimation of 0.016 dex). However, there is significant scatter, and when we calculate the fraction of the
total stellar mass (according to the Dirichlet fit of the SFHs) formed before the true ¢ that is fixed by the 7-delayed simulation,
we find again a correlation with the offset, showing that in the cases of overestimation of the stellar mass the model predicts early
episodes of star formation that are not present in the simulation.

In Fig. G we randomly select four CSPs from the test sample, simulated in the first row with a Dirichlet prior on the SFHs and
in the second with a 7-delayed prior. The first column corresponds to simulations with small fractions of the mass formed before
(the derived or true) t;, while the second corresponds to large values of this fraction. We show the true SFH, the SFH derived with
the median of the posterior samples for the parameters that determine the SFH, and with lower opacity SFHs derived from 20
samples of the posteriors. For the simulations with the Dirichlet prior, on the left, the 7-delayed model predicts a large episode of
star formation to mimic the two different simulated bursts, leading to correct estimates of #;, but also correctly estimating the recent
SFR and the total stellar mass formed. On the right, due to the intensity of the last simulated burst, the 7-delayed model completely
ignores the first episode of star formation, leading to a loss of 83% of the total stellar mass. We also see from the SFHs derived from
the posterior samples that the predicted SFHs are not flexible enough to account for the complex episodes, and the uncertainties are
certainly underestimated.

In the second row, the simulation is performed with a 7-delayed prior. While in the left case, where 7 is large and thus the SFH
is extended, the Dirichlet model performs well and also obtains a recent SFR that is close to the true value, in the right case the
Dirichlet model predicts previous episodes of star formation that are not realistic, leading to 69% of the mass predicted to form
before the star formation actually starts. Nevertheless, in this case we observe that some of the SFHs drawn from the posterior
samples are fully compatible with the simulation. This flexibility of the Dirichlet prior, perhaps excessive, allows us to marginalise
through a complete set of behaviours, and in this case the large uncertainties in constraining the SFHs are present in the posterior
distributions of all the parameters. This leads to broader posterior distributions, as already shown in Fig. C.1, which are more
representative of the ignorance of the past SFHs of true galaxies. This effect is also found in the pixel-by-pixel analysis of true
JWST galaxies. While for most galaxies the flexibility of the pixel-by-pixel analysis probably does not require complex SFHs at
the pixel level, one pixel may represent several SSPs with non-trivial SFHs, especially at high redshift. Ultimately, we should look
for physically motivated priors that match the burstiness and star formation scales of the real Universe. This approach, already
explored in the works of Caplar & Tacchella (2019), Tacchella et al. (2020), Iyer et al. (2024), Wan et al. (2024), and Wang et al.
(2025), for instance, is crucial to properly assess the estimation of stellar population parameters with well-calibrated uncertainties
from photometry alone.
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Fig. G.1. Residuals for the stellar mass when a model trained on one simulation is applied to the other. On the left, we apply the model trained
on 7-delayed SFHs to the test set of the simulations performed with the Dirichlet prior. On the right, the model is trained on Dirichlet SFHs and
applied to 7-delayed simulations. We colour code each simulation with the fraction of the total stellar mass, computed from the true (inferred)
Dirichlet SFH, that is formed before the inferred (true) value for #; from the 7-delayed SFH. We find a significant average underestimation of the
stellar mass for the parametric model applied to the Dirichlet simulations, which correlates with the fraction of mass formed before the inferred
starting time for the star formation.
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Fig. G.2. Examples of SFHs simulated and inferred with the 7-delayed and Dirichlet priors. The top row shows SFHs simulated with the Dirichlet
prior (in blue), and the SFHs inferred from the posterior samples of the parameters obtained with the model trained on 7-delayed SFHs (in low-
opacity green), as well as the SFH computed from the median of these posterior samples (in high-opacity green). The bottom row shows simulated
7-delayed SFHs and their corresponding Dirichlet SFHs retrieved from samples of the posterior distribution (in low-opacity blue) and from the
median (in high-opacity blue). The left-hand column illustrates examples where the stellar mass estimates are accurate, and the fraction of the
total stellar mass, computed from the true (inferred) Dirichlet SFH, that was formed before the inferred (true) value for ¢, is close to zero. In the
right-hand column, we show examples where the mass estimates are inaccurate, and a significant fraction of the mass was formed (incorrectly

assumed to be formed) before the inferred (true) value of ;.
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