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Abstract
We present a method to infer galaxy properties
and redshifts at the population level from photo-
metric data using normalizing flows. Our method
POPSED can reliably recover the redshift and stel-
lar mass distribution of 105 galaxies using SDSS
ugriz photometry with < 1 GPU-hour, being 106

times faster than the traditional SED modeling
method. The approach can also be applied to
spectroscopic data including DESI and Gaia XP
spectra. Our method provides an efficient and
self-consistent way to learn the population pos-
terior without deriving the posteriors for every
individual object and then combining them.

1. Introduction
Galaxies are the building blocks of the Universe. Billions of
galaxies will be characterized by the upcoming surveys such
as LSST (Ivezić et al., 2019), Euclid (Racca et al., 2016),
and Roman (Spergel et al., 2015), opening a huge discovery
space for the evolution of galaxies as a population. Decod-
ing the physical properties of galaxies, including the star for-
mation history (SFH) and chemical enrichment history, from
the observed spectral energy distributions (SEDs) requires
modeling their SEDs with stellar population synthesis (SPS)
models (e.g., Conroy, 2013; Carnall et al., 2018; Johnson
et al., 2021). After modeling individual SEDs, the poste-
riors of each galaxy can be combined to study the galaxy
population including the stellar mass function (Wright et al.,
2017) and star-forming main sequence (Speagle et al., 2014).
However, SED modeling is a high-dimensional problem
(typically > 10 dimensions) that requires evaluating the
SPS model and sampling the posterior several million times
for one galaxy. Bayesian SED fitting with traditional SPS
models (e.g., FSPS, Conroy et al., 2009) takes ∼ 20 CPU-
hours per galaxy (Leja et al., 2019), making it computa-
tionally infeasible to analyze billions of galaxies. Although
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recent advances have accelerated SED fitting using neural
networks and simulation-based inference (e.g., Alsing et al.,
2020; Hearin et al., 2021; Hahn & Melchior, 2022; Wang
et al., 2023), some of these methods need sophisticated
training and still face the problem of rigorously combining
individual posteriors (see §4).

In this paper, we present POPSED, an efficient and self-
consistent method to infer the properties of galaxy pop-
ulations from photometric data without fitting individual
galaxies. Our method could reliably recover the population
statistics of 105 galaxies within 1 GPU-hour. We describe
our method in §2, validate it using mock and real data in §3,
and discuss the implication and outlook in §4.

2. Method
We recover the population-level distribution of galaxy prop-
erties from photometry data as follows. We denote the
observed data by {Xi} and the physical properties of any
galaxy by θ. We seek to approximate the population pos-
terior p(θ|{Xi}) by a normalizing flow pϕ(θ), which is a
highly flexible model for probability density distributions.
By repeatedly sampling from the flow θj ∼ pϕ(θ), we
predict the corresponding photometry X̂ϕ

j = F (θj) using
the forward model F , which is a neural network-based em-
ulator for galaxy SEDs. We compare the distributions of
the observed photometry and the predicted photometry by
calculating the Wasserstein distance between the two dis-
tributions DW [p({X̂ϕ

j }), p({Xi})]. This distance is then
used as a loss to train the normalizing flow ϕ using the
gradient descent method. In the end, the flow will be able to
approximate the population posterior such that the predicted
photometry agrees well with the observed data. We train
an ensemble of flows and combine their results. Figure 1
shows a schematic diagram describing our method.

2.1. SPS Model and SED emulator

The forward model F translates a set of physical parameters
θj to the corresponding photometry X̂ϕ

j . This mapping is
prescribed by an SPS model and is accelerated by an SED
emulator. The SPS model predicts a galaxy spectrum by
combing SFH, chemical enrichment history, initial mass
function, dust model, and spectra templates for simple stel-
lar populations. In this work, we take the PROVABGSmodel
described in Alsing et al. (2020); Hahn et al. (2022a), where
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Figure 1. The schematic plot showing how POPSED works as described in §2. The population posterior pϕ(θ|{Xi}) is approximated
by a normalizing flow pϕ(θ). We sample from the normalizing flow and forward model the photometry {X̂ϕ

j } using the galaxy SED
emulator F (θj). Then we compare the distributions of observed photometry and the predicted photometry by calculating the Wasserstein
distance DW [p({X̂ϕ

j }), p({Xi})], which is used as a loss to train the normalizing flow. After training, the population posterior describes
a galaxy population whose photometry distribution agrees with observation.

the SFH is described by a linear combination of four bases
and one burst component. The SFH bases are generated
from galaxies in the Illustris simulation (Vogelsberger et al.,
2014) using the non-negative matrix factorization. We sim-
plify the metallicity history to be a constant metallicity Z
over time. We use FSPS (Conroy et al., 2009; Johnson
et al., 2021) to generate galaxy spectrum for given redshift
z, total formed stellar mass M⋆, SFH, and metallicity Z.
Then we add dust attenuation to the galaxy spectra following
the Charlot & Fall (2000) recipe. As shown in Hahn et al.
(2022a), this SPS prescription is flexible enough to model
real galaxies. In total, our SPS model contains 12 parameters
as summarized in Table 1 in the appendix. We emphasize
that any SPS model can be used to perform population-level
inference just by retraining the SED emulator, as described
below.

We train a differentiable emulator for galaxy SED following
Alsing et al. (2020) where a neural network is trained to
predict the PCA coefficients of a galaxy spectrum. The
emulator takes the physical parameters listed in Table 1 and
predicts the corresponding restframe spectra from 1,000Å
to 60,000Å that is later shifted to the observed frame for a
given redshift. In order to generate representative training
data, we sample the SPS parameter space according to the
prior distributions listed in Table 1. We use uninformative
priors to avoid introducing any bias in training the emulator.

Trained with 3 × 106 spectra, the emulator achieves an
accuracy of ∼ 0.01 mag in SDSS ugriz filters (Doi et al.,
2010). Noise needs to be added in order to meaningfully
forward model the observed data. We apply Gaussian noise
with uncertainties sampled from an SNR distribution, which
we describe in further detail in §2.4.

2.2. Normalizing flow

We use normalizing flows to approximate the population pos-
terior pϕ(θ|{Xi}). Normalizing flows (Tabak & Vanden-
Eijnden, 2010; Kobyzev et al., 2019) map a complex dis-
tribution p(θ) to a simple base distribution π(z) using an
invertible bijective transformation parameterized by a neu-
ral network. From many different flow models, we use the
Neural Spline Flow model (NSF, Durkan et al., 2019) where
the base function is a multivariate Gaussian distribution and
the transformations are described by monotonic rational-
quadratic splines. The flexibility of the NSF model is well-
suited to describe the SPS parameter distribution. We use
the NSF implementation in the sbi package (Greenberg
et al., 2019; Tejero-Cantero et al., 2020).

The original NSF model is initialized such that pϕ(θ) is a
standard multivariate Gaussian distribution. However, this
initialization presents challenges during training. Firstly,
nonphysical parameters (e.g., negative redshift) will be
drawn from this initial distribution. Secondly, the strong
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Figure 2. Mock galaxy population (gray contours) and the inferred
galaxy population (blue contours) using our method. The mock
observations are in SDSS ugriz-bands and imitate the noise prop-
erty of GAMA. The lighter blue histograms show the individual
normalizing flow and the dark blue histogram is the result after
combining 20 flows.
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Figure 3. The inferred galaxy population from GAMA photometry
data is shown as red contours. For comparison, the gray histograms
show the spectroscopic redshift and the stellar mass from the
GAMA catalog. The redshift and stellar mass distribution inferred
from photometry are in excellent agreement with spectroscopic
redshifts.

prior imposed by this initial distribution becomes problem-
atic when the available data is not informative enough. To
address these concerns, we append a cumulative distribu-
tion function (CDF) transformation layer to the flow which
converts a Gaussian distribution into a uniform distribu-
tion within a predefined range (Table 1), ensuring that all
parameters drawn from pϕ(θ) are physically valid.

2.3. Training

Once the normalizing flow is initialized, we sample from
pϕ(θ) and generate the corresponding photometry {X̂ϕ

j }
using the emulator F . The difference between the observed
and predicted photometry is considered as the loss for train-
ing the flow. The commonly-used Kullback–Leibler (KL)
divergence is hard to apply here because the photometry
data is high-dimensional and another density estimator for
p({Xi}) is needed to evaluate the KL divergence. There-
fore, we turn to the Wasserstein distance (also known as
the earth mover’s distance) which describes the minimum
“cost” of moving a distribution to the target distribution.
The Wasserstein distance is symmetric about the two dis-
tributions and has been applied in Generative Adversarial
Networks (GAN, Arjovsky et al., 2017)) and approximate
Bayesian inference (e.g., Ambrogioni et al., 2018; Bern-
ton et al., 2019). We use the Python package GeomLoss
(Charlier et al., 2021; Feydy et al., 2019) to compute the
Wasserstein distance DW [p({X̂ϕ

j }), p({Xi})], whose gra-
dient is back-propagated to train the flow ϕ. The whole
network is implemented in PyTorch (Paszke et al., 2019)
and trained with the Adam optimizer (Kingma & Ba, 2014).

The realistic noise added to the predicted photometry X̂ϕ
j

can make the training much harder at the beginning when
the normalizing flow has not yet reached a plausible solution.
Therefore, we take an “annealing” strategy where the noise
(described by an effective SNR) is added gradually as the
training goes on. We set the SNR of the noise in the forward
model to follow an exponential decay SNR(t) = 1+SNR0 ·
exp(−τ · t/T ), where τ is the decay rate and T is the total
epochs of training. In this way, the normalizing flow will
be guided by the bulk of the data in the beginning without
paying much attention to the noise. The flow is exposed to
more realistic noises later on and adjusts its shape to match
the details in the observed data. We set SNR0 = 30, τ =
12, T = 800 for the case studies in Section 3. The time for
training one flow is about 40 mins using one NVIDIA A100
for 105 galaxies.

Since the photometry data is not informative enough to put
stringent constraints on the population posterior, a single
normalizing flow might be trapped into a local optimum.
We take the ensemble learning approach and train a number
of flows with the same architecture but different random
seeds to map out the full distribution of physical parameters.
We combine these models by sampling from each of them

https://www.kernel-operations.io/geomloss/api/install.html
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and combining the samples.

2.4. Data

To test the performance of POPSED on inferring the galaxy
properties and redshifts, we use the photometry data from
the Galaxy And Mass Assembly (GAMA, Driver et al.,
2011) survey Data Release 3 (DR3, Baldry et al. 2018). The
GAMA survey is a spectroscopic survey targeting galaxies
selected from the photometric surveys down to r < 19.8
mag. It is therefore an ideal data set to test how well can
we recover the redshift distribution by comparing it with
the spectroscopic redshifts. The photometry in ugriz-bands
comes from SDSS DR7 (Abazajian et al., 2009). We con-
struct the noise model using the aperture-matched photom-
etry (Driver et al., 2016) by calculating the SNR for each
source in the catalog and deriving the mean (µX ) and the
standard deviation (σX ) of the SNR as a function of mag-
nitude in each band. Despite its simplicity, this model de-
scribes the noise property of GAMA data well. In the end,
we apply an additional cut SNRX > 1 in all bands to re-
move marginally-detected objects with poor photometry
quality.

3. Results
3.1. Mock Observation

We design a mock observation to validate POPSED. The
parameter distribution p(θ)mock for the mock test is set to
mimic a real galaxy population. The stellar mass and red-
shift follow their joint distribution in GAMA DR3, whereas
the other parameters follow truncated Gaussian distributions
as described in the appendix. The true distributions of char-
acteristic quantities such as redshift, total-formed stellar
mass, recent SFR, metallicity, and mass-weighted age are
shown in Figure 2 as gray contours. Then we generate mock
data {Xi} for 105 galaxies in SDSS ugriz-bands using our
forward model.

We run POPSED on these mock data by training 20 flows
with different random seeds. The recovered parameter dis-
tribution is shown as blue contours in Figure 2. The light
blue shades show the variation among the flows. The in-
ferred galaxy population is in excellent agreement with the
ground truth in all dimensions. Moreover, the ensemble of
flows (blue shades) covers the true distribution (gray lines).
We find that photometric data can tightly constrain the dis-
tributions of stellar mass, redshift, and SFR. Nevertheless,
the metallicity and mass-weighted age have relatively large
variations among different flows, meaning that the data is
less informative to constrain them.

3.2. GAMA Data

Motivated by the success of the mock test, we apply
POPSED to real GAMA photometry data. After the quality

cuts (see §2.4) and an additional signal-to-noise ratio cut
SNR > 1 for all SDSS ugriz-bands, there are 83,692 ob-
jects in our GAMA sample. We use the AUTO photometry
of SDSS ugriz-bands in the GAMA DR3 catalog.

Figure 3 shows the inferred galaxy population as red con-
tours. We overlay the spectroscopic redshifts and the stellar
masses from GAMA as black histograms without consider-
ing the uncertainties in GAMA measurement. Our inferred
redshift distribution is in excellent agreement with the spec-
troscopic redshift distribution, despite the fact that photome-
try is much less informative than spectroscopy on constrain-
ing redshifts. Our recovered stellar mass distribution also
agrees with the GAMA result but is skewed towards the
high-mass end. This level of discrepancy is expected, since
the Gama stellar mass is derived using an SPS model with
different SFH and spectral templates (Taylor et al., 2011).
POPSED also reveals the correlation among the physical
parameters including the correlation between stellar mass
and recent SFR (i.e., star-forming main sequence) shown in
Figure 3.

4. Discussion
Population analyses of galaxies have provided valuable in-
sights into astrophysics, but traditional SED modeling on
individual galaxies is very expensive. Despite recent ad-
vancements in accelerating SED fitting (e.g., Hahn & Mel-
chior, 2022; Wang et al., 2023), analyzing a large sample of
108 galaxies still requires ∼ 105 GPU-hours. One drawback
of SBI-based methods is the cost of training and generating
training data, making it difficult to change the SPS and noise
prescription once the SBI model is trained. Our method re-
covers the population posterior 102−3 times faster than the
SBI-based methods and does not require demanding train-
ing. It is also straightforward to change the SPS model
and noise level in POPSED, making it more flexible to be
applied to different surveys.

Furthermore, it is non-trivial to construct the population
posterior from individual posteriors or point estimates in a
statistically rigorous way (e.g., Leistedt et al., 2016; Malz
& Hogg, 2020; Wong et al., 2020; Alsing et al., 2022).
The population posterior is often reconstructed using hi-
erarchical Bayesian methods where hyper-parameters ψ
describe the population posterior by p(ψ|{Xi}) = p(ψ) ·
ΠN

i=1

∫ p(θi|Xi)p(θi|ψ)
p(θi)

dθi. Evaluating this posterior re-
quires the calculation of N Monte Carlo integrals using
samples from individual posteriors. Furthermore, MCMC
is required to sample the population posterior, which will
also be computationally intensive. POPSED skips obtaining
individual posteriors but directly constrains the population
posterior, which is of scientific interest for most studies.

Many science cases would benefit from having the pop-
ulation posterior in hand. It can be marginalized to learn
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about the key relations such as stellar mass function and star-
forming main sequence. The photo-z distribution presented
in Fig. 3 is helpful for weak lensing studies (Mandelbaum,
2018). When applied to two samples that are selected dif-
ferently (e.g., by optical colors), POPSED will tell how the
two samples are different in their physical properties. To
design future photometric surveys, one can sample from a
population posterior to generate mock observations in dif-
ferent filters with different depths. The target selection for
spectroscopic surveys can now be done by selecting inter-
esting regions in the population posterior rather than in data
space. Additionally, the idea presented in this paper could
be extended to stellar spectra (e.g., Gaia XP spectra, Zhang
et al., 2023) and galaxy spectra (e.g., DESI, Hahn et al.,
2022b).
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Table 1. SPS parameters in our model and their priors for training the emulator
Parameter Description Prior for training the emulator

z Redshift Uniform: min = 0, max = 1.5
log(M⋆/M⊙) Total stellar mass formed Fixed to M⋆ = 1 M⊙ when training the emulator
β1, β2, β3, β4 Coefficients of SFH bases Flat Dirichlet prior with 0 ⩽ βi ⩽ 1,

∑
i βi = 1

tburst The lookback time when star formation burst happens Uniform: min = 10−2 Gyr, max = 13.27 Gyr
fburst The fraction of total formed stellar mass in the star

formation burst
Uniform: min = 0, max = 1

log(Z⋆/Z⊙) stellar metallicity (logZ⊙ = 0.019) Uniform: min = −2.6, max = 0.3
ndust The power-law index of the Calzetti et al. (2000) atten-

uation curve
Uniform: min = −3.0, max = 1.0

τ1 Birth-cloud dust optical depth Uniform: min = 0, max = 3.0
τ2 Diffuse dust optical depth Uniform: min = 0, max = 3.0

Table 2. The distribution of SPS parameters of the mock galaxy population
Parameter Distribution

z and log(M⋆/M⊙) Follow the joint distribution from GAMA DR3
β1, β2, β3, β4 Flat Dirichlet distribution with 0 ⩽ βi ⩽ 1,

∑
i βi = 1

tburst Truncated normal: min = 10−2 Gyr, max = 13.27 Gyr, µ = 12 Gyr, σ = 7 Gyr
fburst Truncated normal: min = 0, max = 1, µ = 0.1, σ = 0.7
log(Z⋆/Z⊙) Truncated normal: min = −2.6, max = 0.3, µ = −1.2, µ = 0.9
ndust Truncated normal: min = −3.0, max = 1.0, µ = 2, σ = 2
τ1 Truncated normal: min = 0, max = 3.0, µ = 1, σ = 0.8
τ2 Truncated normal: min = 0, max = 3.0, µ = 0.6, σ = 0.8

A. Details on the SPS model and mock test
Here we describe the SPS model and how we generate the mock galaxy population. The SFH in our SPS model is described
by a linear combination of four SFH bases sSFHi and one burst component:

SFH(t, tage) ∝ (1− fburst)

4∑
i=1

βis
SFH
i (t) + fburst δ(t− tburst). (1)

The βi are the coefficients of each SFH base, tburst is the lookback time when the star formation burst happens, and fburst
is the fraction of total stellar mass that is formed in the burst. As shown in Hahn et al. (2022a), four NMF bases are
sufficient to capture the SFH of Illustris galaxies. Among the SFH bases, sSFH1 corresponds to the most recent star formation,
whereas sSFH4 corresponds to the oldest star formation (see Fig. 5 in Hahn et al. 2022a). Such SFH bases are non-negative
by construction and are physically intuitive to understand. We require

∑
i βi = 1 and we normalize overall SFH to be

M⋆,formed =
∫ tage
t=0

SFH(t, tage). In this work, we refer to stellar mass as the total formed stellar mass M⋆,formed.

In order to synthesize the stellar populations, we discretize the lookback time t into time bins. The first time bin corresponds
to log (t/yr) < 6.05, and each time bin has a width of 0.1 dex until the lookback time reaches the age of the galaxy tage,
which is determined by its redshift z. For the stellar population in each time bin, we evaluate the corresponding SFR and
metallicity according to SFH and generate spectra using FSPS. In the end, we add spectra together weighted by the total
stellar mass formed in each time bin. We do not add nebular emissions in the SPS model.

We add dust attenuation to the galaxy spectra following Charlot & Fall (2000) recipe, which includes the birth-cloud
attenuation and the diffuse dust screens. The birth-cloud attenuation only acts for stars younger than 107 yrs (Conroy et al.,
2009) and also attenuates nebular emissions. The diffuse dust component affects all stars and we adopt the Kriek & Conroy
(2013) formulation. Therefore, the optical depth of dust attenuation is:

τ̂λ(t) =

{
τ1(λ/5500Å)−1.0 t ⩽ 107 yr
τ2
4.05 (λ/5500Å)ndust [k′(λ) +D(λ)] for all ages

(2)

where τ1 is the birth-cloud optical depth at 5500Å, τ2 is the diffuse dust optical depth at 5500Å, ndust is the slope of dust
attenuation curve, k′(λ) is the Calzetti et al. (2000) attenuation curve, and D(λ) is a Lorentzian-like Drude profile describing
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the UV dust bump. In total, our SPS model contains 12 parameters as summarized in Table 1. We refer the interested readers
to Hahn et al. (2022a) for a more complete description of PROVABGS. Table 1 also includes the uninformative prior from
which we draw the spectra for training the emulator (§2.1).

Section 3.1 shows promising results when using POPSED to infer the galaxy population from mock observation. The mock
galaxy population is designed to mimic real galaxy populations. In reality, the distributions of redshift and stellar mass are
correlated because of the depth of the survey. In order to introduce such a correlation in our mock test, we take the stellar
masses and spectroscopic redshifts from the GAMA DR3 catalog and resample their joint distribution. The distributions of
other SPS parameters are summarized in Table 2. Most of them follow a truncated normal distribution whose boundary
is set by the prior used to train the emulator (Table 1). For simplicity, we do not introduce correlations among these SPS
parameters except for stellar mass and redshift. As shown in Figure 2, such a mock galaxy population has appropriate
properties in SFR and metallicity and demonstrates some realistic correlations among SFR, stellar mass, and redshift. It is
sufficient for the purpose of a mock test.


