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Abstract
We present the first cosmological constraints from
only the observed photometry of galaxies using
neural density estimation (NDE). Villaescusa-
Navarro et al. (2022a) recently demonstrated
that the internal physical properties of a single
galaxy contain a significant amount of cosmo-
logical information. These physical properties,
however, cannot be directly measured from ob-
servations. In this work, we present how we can
go beyond theoretical demonstrations to infer cos-
mological constraints from actual galaxy observ-
ables. We use ensembled NDE and the CAMELS
suite of hydrodynamical simulations to infer cos-
mological parameters from galaxy photometry.
We find that the cosmological information in the
photometry of a single galaxy is severely limited.
However, since NDE dramatically reduces the
cost of evaluating the posterior, we can feasibly
combine the constraining power of photometry
from many galaxies using hierarchical popula-
tion inference and place significant cosmological
constraints. With the observed photometry of
∼15,000 NASA-Sloan Atlas galaxies, we con-
strain Ωm = 0.310+0.080

−0.098 and σ8 = 0.792+0.099
−0.090.

1. Introduction
In recent work, Villaescusa-Navarro et al. (2022a) showed
that it is possible to place cosmological constraints from
only the internal properties of a single galaxy. They used
galaxies from 2,000 state-of-the-art hydrodynamical simula-
tions with different cosmologies and astrophysical models
from CAMELS (Villaescusa-Navarro et al., 2021; 2022b)
to train moment networks (Jeffrey & Wandelt, 2020) that
predict cosmological parameters from galaxy properties.
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With only a handful of galaxy properties, including stellar
mass (M∗), stellar metallicity (Z∗), and maximum circular
velocity (Vmax), they were able to constrain Ωm to 10%
precision with a single galaxy. They found similar con-
straining power for galaxies simulated using the subgrid
physics models of the IllustrisTNG (Pillepich et al., 2018;
Weinberger et al., 2018) and SIMBA (Davé et al., 2019).
Since then, follow-up works have found consistent results
for other hydrodynamical models: (Echeverri et al., 2023).

According to Villaescusa-Navarro et al. (2021), the cosmo-
logical information is derived from the imprint of Ωm on
the dark matter content of galaxies that affects galaxy prop-
erties in a distinct way than astrophysical processes. Also,
since Ωb is fixed in CAMELS, which is justified by the tight
constraints from Big Bang Nucleosynthesis, galaxy proper-
ties effectively measure the baryon fraction, Ωb/Ωm. For
instance, Vmax measures the depth of the total matter grav-
itational potential while other properties like M∗ and Z∗
measures the mass in baryons so together they can constrain
the ratio Ωb/Ωm. In fact, a similar approach was used three
deacdes ago in White et al. (1993) to constrain Ωb/Ωm
using galaxy clusters.

Despite promising signs that they may be useful cosmolog-
ical probes, galaxy properties themselves are not actually
observable. They are derived quantities that are typically in-
ferred from photometry or spectra and require modeling the
spectral energy distribution (SED) or emission lines (Con-
roy, 2013). In this work, we go beyond the theoretical
considerations of previous works and infer cosmological pa-
rameters from actual galaxy observables — optical photom-
etry. We leverage a simulation-based inference method that
employs ensembled neural density estimation (NDE) to esti-
mate the posterior of cosmological parameters given galaxy
photometry, similar to the approach of Hahn & Melchior
(2022). Furthermore, since we expect a limited amount
of cosmological information from the photometry of a sin-
gle galaxy, we present a hierarchical population inference
approach for inferring the posterior of cosmological pa-
rameters from the photometry of multiple galaxies. The
hierarchical approach requires�105 evaluations of the pos-
terior per galaxy, which is computational prohibitive for
standard sampling methods. NDE dramatically reduces this
cost and make our approach computational feasible. Lastly,
we present the cosmological constraints derived from ap-

1



Cosmology with Galaxy Photometry Alone

plying this approach to the photometry of ∼15,000 SDSS
galaxies from the NASA-Sloan Atlas (Sec. A).

2. Forward Model: CAMELS
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Figure 1. Color-magnitude distrubtion, (g − r) − Mr , of ob-
served galaxies from the NSA (black) and simulated galaxies
from CAMELS-TNG (blue). Overall, the distributions of NSA and
CAMELS-TNG galaxies are in good agreement. The distribution
for CAMELS-TNG is significantly broader because its galaxies
are simulated using a wide range of cosmological and baryonic
feedback parameters.

We use simulated galaxies from CAMELS, a suite of hydro-
dynamical simulations constructed over a wide range of cos-
mological and hydrodynamical parameters. In particular, we
use the 1,000 hydrodynamical simulations constructed using
the state-of-the-art IllustrisTNG model (CAMELS-TNG).
The simulations are generated with different cosmological
parameters, Ω = {Ωm, σ8}, and baryonic feedback param-
eters, B = {ASN1, ASN2, AAGN1, AAGN2}, arranged in a
latin hypercube. ASN1 and ASN2 represent the normaliza-
tion factors for the galactic wind flux and speed; AAGN1 and
AAGN2 represent the normalization factors for the energy
output and specific energy of AGN feedback.

In the 1,000 simulations, there are ∼700,000 galaxies with
M∗ > 2×108M�/h. The galaxies, however, are not evenly
distributed across them and have a significant dependence
on the parameters. For instance, simulations constructed
at higher Ωm values have more galaxies. We correct for
this implicit prior on the CAMELS parameters by randomly
selecting 100 galaxies from each simulation. This imposes
a uniform prior: p(Ω,B) = 1 and leaves us with a total of
100,000 CAMELS-TNG galaxies.

Because our aim is to analyze the observed photometry
of NSA galaxies, we forward model photometry for the
simulated galaxies. CAMELS-TNG already provides syn-
thetic dust attenuated stellar photometry for each simulated
galaxy (Nelson et al., 2018). The unattenuated SED of a
galaxy is computed by combining the SEDs of every star

particle of the host subhalo. Each SED is modeled as a
single-burst simple stellar population using stellar popu-
lation synthesis (SPS) based on the recorded birth time,
metallicity, and mass. The SPS uses FSPS (Conroy et al.,
2009), Padova isochrones, MILES stellar library, and as-
sumes a Chabrier initial mass function (IMF). The unatten-
uated galaxy SEDs are then attenuated using a dust model
based on the metal content of the neutral gas distribution
in and around each galaxy. Afterwards, the SED is con-
volved with SDSS g, r, i, z-band photometric bandpasses
to produce the photometry: Xi.

Next, we add noise to the synthetic photometry based on
the measured measured uncertainties, σX , of NSA galaxies.
For each galaxy, we randomly sample σX,i from the range
of uncertainties measured in NSA. Afterwards, we apply
the uncertainty using a Gaussian with standard deviation
σX,i: X̂i ∼ N (Xi, σX,i). Although our noise model is
simplistic, this is not an issue in our approach beacuse the
posteriors we ultimately evaluate are conditioned on the
uncertainties (Hahn & Melchior, 2022). In Fig. 1, we present
the color-magnitude distribution of the forward modeled
CAMELS-TNG galaxies in blue. We reserve a random 10%
of these galaxies as a test dataset for validation (Sec. B).

3. Methods
3.1. Hierarchical Bayesian Inference

Our goal is to infer the posterior of cosmological parameters
Ω = {Ωm, σ8} and baryonic feedback parameters B from
the observed photometry of galaxies in the NSA catalog,
{Xi}: p(Ω,B | {Xi}). Xi represents both the measured ab-
solute magnitudes and uncertainties: {X̂i, σX,i}. With our
forward model we can simulate noisy galaxy photometry
from Ω and B. Hence, the cosmological inference from
photometry can be reformulated as a hierarchical population
inference problem.

To illustrate this, we graphically represent our forward
model in Figure 2. Circles and shaded circles represent
random variables and observed quantities. θgi represents the
physical properties of galaxies (e.g. M∗, star-formation
history), which are determined from Ω and B through
CAMELS-TNG. Then the noisy photometry X̂i is deter-
mined from θgi through SPS and our noise model.
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Figure 2. Graphical representation of our hierarchical approach
that illustrate the relationship among the parameters of our model.
Circles are inferred random variables and shaded circles are ob-
served quantities. The physical properties of galaxies, θgi , are deter-
mined from the cosmological and hydrodynamical parameters Ω
and B through CAMELS-TNG. Then the noisy optical photometry,
X̂i, is derived from θgi using SPS and our noise model.

We can rewrite the posterior as:

p(Ω,B | {Xi}) =
p(Ω,B) p({Xi} |Ω,B)

p({Xi})
(1)

=
p(Ω,B)

p({Xi})
N∏
i=1

p(Xi |Ω,B) (2)

=
p(Ω,B)

p({Xi})
N∏
i=1

p(Xi) p(Ω,B |Xi)
p(Ω,B)

(3)

=
1

p(Ω,B)N−1

N∏
i=1

p(Ω,B |Xi) (4)

Since p(Ω,B) = 1 (Sec. 2):

p(Ω,B | {Xi}) =

N∏
i=1

p(Ω,B |Xi). (5)

Hence, we can evaluate p(Ω,B | {Xi}) if we can accurately
estimate p(Ω,B |Xi), the posterior for any single galaxy.

3.2. Neural Density Estimation

One way to accurately estimate p(Ω,B |Xi) is by applying
neural density estimation (NDE) to the CAMELS-TNG,
which provides a training dataset of 100,000 parameter-
photometry pairs: {(Ω,B,Xi)}. With NDE, we can use this
data to train a neural network q with parameters φ to esti-
mate p(Ω,B |Xi) ≈ qφ(Ω,B |Xi). This type of simulation-
based inference using NDE has been applied to a broad

range of astronomical applications (e.g. Wong et al., 2020;
Dax et al., 2021; Zhang et al., 2021; Hahn et al., 2022a).

In this work, our NDE is based on “normalizing flow” mod-
els (Tabak & Vanden-Eijnden, 2010; Tabak & Turner, 2013),
which use neural networks to learn a flexible and bijective
transformation, f , that maps a complex target distribution
to a simple base distribution that is fast to evaluate. f is
defined to be invertible and have a tractable Jacobian so that
the target distribution can be evaluated with change of vari-
ables. In our case, the target distribution is p(Ω,B |Xi) and
we set the base distribution to be a multivariate Gaussian.
Among different flow architectures, we use Masked Autore-
gressive Flow (MAF; Papamakarios et al., 2017) models
implemented in the sbi Python package1 (Greenberg et al.,
2019; Tejero-Cantero et al., 2020).

In training, we want to determine qφ that best approxi-
mates p(Ω,B |Xi). We reformulate this into an optimiza-
tion problem of determining φ that minimizes the KL di-
vergence between p(Ω,B,Xi) = p(Ω,B |Xi)p(Xi) and
qφ(Ω,B |Xi)p(Xi). In practice, we split the CAMELS-
TNG data into a training and validation set with a
90/10 split. Then, we maximize the total log-likelihood∑
i log qφ(Ω,B |Xi) over the training set, which is equiva-

lent to minimizing the KL divergence. To prevent overfit-
ting, we evaluate the total log-likelihood on the validation
data at every training epoch and stop the training when the
validation log-likelihood fails to increase after 20 epochs.

We train a large number of flows with architectures de-
termined by the Akiba et al. (2019) hyperparameter opti-
mization. Then, we construct our final flow as an equally
weighted ensemble of five flows with the lowest validation
losses: qφ(Ω,B |Xi) =

∑5
j=1 qφ,j(Ω,B |Xi)/5. Ensem-

bling flows with different initializations and architectures
improves the overall robustness of our normalizing flow. In
Appendix B, we extensively validate the accuracy of qφ,
using Simulation-Based Calibration (Talts et al., 2020) and
the Lemos et al. (2023) coverage test. Our combined flow is
a near optimal estimate of the true posterior.

In Fig. 3, we present qφ(Ω,B |Xi) for three arbitrarily se-
lected NSA galaxies. The selected galaxies are also marked
in Fig. 1. The individual posteriors reveal that there is lim-
ited cosmological information in the photometry of a single
galaxy. However, with Eq. 5, we can efficiently extract the
cosmological information from entire galaxy surveys.

4. Results & Discussion
With our trained NDE, qφ(Ω,B |Xi), we can now evalu-
ate the posterior p(Ω,B | {Xi}) for multiple galaxies using
Eq. 5. In Fig. 4, we present p(Ω,B | {Xi}) for the 14,736

1https://github.com/mackelab/sbi/
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Figure 3. Estimated posteriors of the cosmological and hydrody-
namical parameters (Ω, B) from photometry, qφ(Ω,B |Xi), for
three arbitrarily selected NSA galaxies. The posteriors correspond
to the galaxies marked in Fig. 1. The photometry of a single galaxy
contains limited cosmological information.

observed galaxies in our NSA sample. The contours mark
the 68 and 95 percentiles of the distribution and we list
the median and ±1σ marginalized constraints on Ωm, σ8,
and S8 = σ8

√
Ωm/0.3. The samples from p(Ω | {Xi}) are

derived using Markov Chain Monte Carlo (MCMC). We
use the emcee sampler (Foreman-Mackey et al., 2013) with
1,000 walkers evaluated 100,000 iterations, discarding the
first 10,000 iterations for burn in.

Overall, we derive significant constraints on both Ωm and
σ8: Ωm = 0.310+0.080

−0.098 and σ8 = 0.792+0.099
−0.090. Although,

we also derive significant constraints on the hydrodynam-
ical parameters, we do not include them for clarity. Our
cosmological constraints demonstrate that although the pho-
tometry of a single galaxy does not contain a significant
amount of cosmological information, we can place signifi-
cant cosmological constraints by combining the information
from as little as 14,736 galaxies.

A major caveat of our constraint is that our posterior as-
sumes a galaxy formation and a SED models. This assump-
tion is more clearly expressed if we rewrite

p(Ω,B |Xi) ∝ p(Ω,B)

∫
p(Xi | θgi ) p(θgi |Ω,B) dθgi . (6)

p(θgi |Ω,B), in our case, is the TNG simulation. Al-
though TNG is a state-of-the-art hydrodynamical simula-
tion, it makes specific choices and assumptions for its sub-
grid approximations. Consequently, an alternative galaxy

Ωm = 0.310+0.079
−0.098

σ8 = 0.792+0.099
−0.091

S8 = 0.789+0.148
−0.144
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Figure 4. The posterior on Ωm and σ8 from the observed photom-
etry of 14,736 NSA galaxies. The contours mark the 68 and 95
percentiles. We place significant cosmological constraints from
only the photometry of galaxies.

formation model would produce a significantly different
p(θgi |Ω,B). For instance, Hahn et al. (2019) found signifi-
cantly discrepant M∗-star formation rate relations in three
state-of-the-art hydrodynamical simulations.

Similarly, p(Xi | θgi ) is given by the SED model, which also
include a number of choices and assumptions. For instance,
we use a dust model that assumes that dust is cospatial and
uniformly mixed. Yet, recent studies suggest that the dust-
star geometry can be significantly more complex and, thus,
produce a wider range of attenuation curves (Narayanan
et al., 2018; Hahn et al., 2021). The SED model also does
not accurately model nebular emission lines, which may be
significantly impact of photometry of emission ilne galaxies.
Furthermore, the SED model assumes a fixed Chabrier IMF.

Despite these major limitations, a key advantage of our ap-
proach is that we can systematically choose subpopulations
of galaxies that are the most robust to the assumptions in
the galaxy formation and SED models. For example, we
can compare p(θgi |Ω,B) across multiple galaxy formation
models and choose the galaxies that are consistently pre-
dicted by the models. We can take a similar approach for the
SED modeling assumptions by selecting galaxies without
emission lines and with limited dust attenuation (e.g. by
using infrared photometry). We can also identify galaxy
populations with observationally constrained IMFs (Myers
et al., 2013; Smith et al., 2015).

In this work, we selected ∼15,000 NSA galaxies using con-
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servative noise and color cuts. They were from the NSA
catalog, which only has∼120,000 galaxies total. Upcoming
spectroscopic surveys such as the Dark Energy Spectro-
scopic Survey (DESI; DESI Collab. et al., 2022) Bright
Galaxy Survey (BGS; Hahn et al., 2022b) will observe or-
ders of magnitude larger galaxy samples. With the tens of
millions of galaxies that they will observe, these surveys
will create enormous sample sizes even when we restrict
the galaxy populations to those that are easy to model. Us-
ing NDEs will allow us to efficiently produce competitive
cosmological constraints from galaxy photometry alone.
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Aubourg, É., Balbinot, E., Beers, T. C., Berlind, A. A.,
Bickerton, S. J., Bizyaev, D., Blanton, M. R., Bochanski,
J. J., Bolton, A. S., Bovy, J., Brandt, W. N., Brinkmann,
J., Brown, P. J., Brownstein, J. R., Busca, N. G., Camp-
bell, H., Carr, M. A., Chen, Y., Chiappini, C., Comparat,
J., Connolly, N., Cortes, M., Croft, R. A. C., Cuesta,
A. J., da Costa, L. N., Davenport, J. R. A., Dawson,
K., Dhital, S., Ealet, A., Ebelke, G. L., Edmondson,
E. M., Eisenstein, D. J., Escoffier, S., Esposito, M., Evans,
M. L., Fan, X., Femenı́a Castellá, B., Font-Ribera, A.,
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Kovács, A., Kremin, A., Krolewski, A., L’Huillier, B.,
Lahav, O., Lambert, A., Lamman, C., Lan, T.-W., Lan-
driau, M., Lane, S., Lang, D., Lange, J. U., Lasker, J.,
Guillou, L. L., Leauthaud, A., Van Suu, A. L., Levi, M. E.,
Li, T. S., Magneville, C., Manera, M., Manser, C. J., Mar-
shall, B., McCollam, W., McDonald, P., Meisner, A. M.,
Mezcua, J. M.-F. M., Miller, T., Miquel, R., Montero-
Camacho, P., Moon, J., Martini, J. P., Meneses-Rizo, J.,
Moustakas, J., Mueller, E., Muñoz-Gutiérrez, A., Myers,
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D., Raichoor, A., Ramirez-Solano, S., Ramı́rez-Pérez, C.,
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A. Observations: NASA-Sloan Atlas
In this work, we analyze observed galaxy photometry from the NASA-Sloan Atlas2 (hereafter NSA). The NSA provides
photometry of z < 0.05 galaxies observed by the Sloan Digital Sky Survey (SDSS; Aihara et al., 2011) Data Release 8 with
improved background subtraction (Blanton et al., 2011). We use optical g, r, i, z band absolute magnitudes derived using
KCORRECT (Blanton & Roweis, 2007), assuming a (Chabrier, 2003) initial mass function (IMF).

Out of the full NSA sample, we focus on luminous galaxies with −18 > Mr > −22. In addition, we only select galaxies
with precisely measured photometry: magnitude uncertainties below σg, σr, σi < 0.022 and σz < 0.04. Lastly, we impose
the color cuts to exclude galaxies outside the central 68 percentile of the g − r, g − i, g − z, r − i, r − z, i − z color
distributions. The color cuts remove NSA galaxies that potentially have observational artifacts or problematic photometry.
They also ensure that the NSA galaxies are within the photometric distribution (i.e. support) of our simulated galaxies. We
mark the 95th percentile contour of our NSA subsample in Fig. 1 (black dot-dashed). In total, we use 14,736 NSA galaxies.

B. Validating the Neural Density Estimator
Our posterior (Eq. 5) requires an accurate estimate of the individual posterior from NDE: p(Ω,B |Xi) ≈ qφ(Ω,B |Xi)
(Sec. 3.2). To validate qφ, we use 10% of the CAMELS-TNG data reserved for testing and two validation methods: (1)
Simulation-Based Calibration (SBC) and (2) the “distance to random point” (DRP) coverage test.

Ωm σ8 logASN1

0.0 0.2 0.4 0.6 0.8 1.0

logAAGN1

0.0 0.2 0.4 0.6 0.8 1.0

rank statistics

logASN2

0.0 0.2 0.4 0.6 0.8 1.0

logAAGN2

Figure 5. Simulation-based calibration plot of qφ(Ω,B |Xi) using 10% of the CAMELS-TNG data reserved for testing. The histogram in
each panel represents the distribution of the rank statistic of the true value within the marginalized posterior (blue) for each parameter. The
rank distribution is uniform for the true posterior (black dashed). The rank distribution of qφ is nearly uniform for all Ω and B parameters.
Therefore, it provides unbiased and accurate estimate of the true posterior.

Both are variations of the standard coverage test, where qφ is applied to test samples not used for training. The posterior of
each test sample is compared against the true parameter value its percentile score is calculated. Afterwards, cummulative
distribution function (CDF) of the percentile is used to access the accuracy of qφ. SBC is a modification of this standard
coverage test that uses rank statistics rather than percentile score. It addresses the limitation that the CDFs only asymptotically
approach the true values and that the discrete sampling of the posterior can cause artifacts in the CDFs. In Fig. 5, we present
the SBC rank distributions of qφ for Ω and B (blue). For the true posterior, rank distribution is uniform by construction (black
dashed). The rank distributions are nearly uniform for all Ω and B. Hence, we confirm that qφ is in excellent agreement with
the true posterior.

As additional validation, we also use the DRP coverage test from (Lemos et al., 2023). Instead of percentile scores or
ranks, the DRP test assesses qφ using samples drawn from qφ for a test sample, the true parameter value of the test sample,

2http://www.nsatlas.org/
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Figure 6. DRP coverage test validating the accuracy of our qφ(Ω,B |Xi) posterior estimate (blue). The DRP test is calculated using 10%
of the CAMELS-TNG data reserved for testing. The black-dashed line represents an optimal estimate of the posterior. The DRP test
demonstrates that qφ provides a near optimal estimate of the true posterior.

and a random point in parameter space. It evalulates the distances between the qφ samples and the random point. Then
compares the distances to the distance between the true parameter value and the random point in order to derive an estimate
of expected coverage probability. (Lemos et al., 2023) prove that this approach is necessary and sufficient to show that a
posterior estimator is optimal. In Fig. 6, we present the DRP coverage test of qφ (blue). Based ont he DRP test, qφ provides
a near optimal estimate of the true posterior (black-dashed).
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