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Abstract
Using a large sample of galaxies taken from
the Cosmology and Astrophysics with MachinE
Learning Simulations (CAMELS) project, a suite
of hydrodynamic simulations varying both cos-
mological and astrophysical parameters, we train
a normalizing flow (NF) to map the probability of
various galaxy and halo properties conditioned on
astrophysical and cosmological parameters. By
leveraging the learnt conditional relationships we
can explore a wide range of interesting questions,
whilst enabling simple marginalisation over nui-
sance parameters. We demonstrate how the model
can be used as a generative model for arbitrary
values of our conditional parameters; we gener-
ate halo masses and matched galaxy properties,
and produce realisations of the halo mass function
as well as a number of galaxy scaling relations
and distribution functions. The model represents
a unique and flexible approach to modelling the
galaxy–halo relationship.

1Institute of Cosmology and Gravitation, University of
Portsmouth, Burnaby Road, Portsmouth, PO1 3FX, UK
2Astronomy Centre, University of Sussex, Falmer, Brighton BN1
9QH, UK 3School of Computation, University of Edenborrow,
Edenborrow, United Kingdom 4Department of Physics, Univer-
sity of Connecticut, 196 Auditorium Road, U-3046, Storrs, CT
06269-3046, USA 5Center for Computational Astrophysics, Flat-
iron Institute, 162 Fifth Avenue, New York, NY, 10010, USA
6Department of Astronomy, Columbia University, 550 West 120th
Street, New York, NY, 10027, USA 7School of Physics and Astron-
omy, Cardiff University, The Parade, Cardiff, Wales CF24 3AA,
United Kingdom 8Columbia Astrophysics Laboratory, Columbia
University, 550 West 120th Street, New York, NY, 10027, US
9Department of Astrophysical Sciences, Princeton University,
Princeton NJ 08544, USA 10Department of Physics, University
of California, Santa Barbara, CA 93106, US 11Instituto de Fı́sica,
Universidade de São Paulo, R. do Matão 1371, 05508-900, São
Paulo, Brasil. Correspondence to: Christopher C. Lovell <christo-
pher.lovell@port.ac.uk>.

ICML 2023 Workshop on Machine Learning for Astrophysics,
Honolulu, Hawaii, USA. PMLR 202, 2023. Copyright 2023 by the
author(s).

1. Introduction
Galaxies form within dark matter haloes, and their evolution
is closely tied to the evolutionary history of their host halo –
an understanding of the galaxy–halo relationship is key to
a cosmological interpretation of galaxy populations (Wech-
sler & Tinker, 2018). Many computational modelling meth-
ods take explicit advantage of the galaxy–halo connection,
populating haloes in less computationally expensive Dark-
Matter only N -body simulations with galaxies in order to
achieve larger volumes, or explore a larger range of parame-
ters (Benson, 2010; Somerville & Davé, 2015). In the past
decade a growing number of supervised machine learning
(ML) methods for modelling the galaxy–halo relationship
have emerged, using properties of the halo as features from
which to predict the host galaxy properties (e.g. Kamdar
et al., 2016; Agarwal et al., 2018; Jo & Kim, 2019; Lovell
et al., 2022; de Santi et al., 2022; Jespersen et al., 2022;
Icaza-Lizaola et al., 2023; Chittenden & Tojeiro, 2023). Al-
most all of these methods are deterministic; a given set of
halo properties leads to a single predicted galaxy property.1

However, galaxy evolution is not entirely determined by
the host halo; other factors contribute to the properties of
a galaxy at a given time that are not encoded in the halo
properties and assembly history, e.g. the stochastic nature
of stellar and AGN feedback. Deterministic methods are
therefore susceptible to underpredicting the scatter in galaxy
properties for a fixed set of input halo properties; there is
insufficient information to model the true scatter. Finally,
many studies have demonstrated the intrinsic stochasticity
in results from numerical galaxy formation simulations, due
to both explicit randomness (Genel et al., 2019) and the
computational architecture (Borrow et al., 2022).

What we require is a non-deterministic method for pop-
ulating haloes with galaxies, that can model the multi-
dimensional joint distribution of galaxy properties, account-
ing for the scatter introduced by all latent variables. Gen-
erative models, particularly those for density estimation,

1Rodrigues et al. (2023) demonstrate a non-deterministic ap-
proach, however this relies on binning combined with a classifica-
tion procedure.
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are an approach with promise in this domain (Kingma &
Welling, 2013; Goodfellow et al., 2014; Jimenez Rezende
et al., 2014). Normalizing flows (NF; Dinh et al., 2015;
Jimenez Rezende & Mohamed, 2015) are one such tech-
nique, offering exact density estimation (equivalent to
the multi-dimensional likelihood) and efficient sampling.
Hassan et al. (2022) demonstrate the use of NFs on the
CAMELS simulation suite (Villaescusa-Navarro et al., 2021;
2023) by training a model on maps of atomic hydrogen den-
sity. They build a generative model that can produce HI
maps for arbitrary cosmological and astrophysical parame-
ters. Friedman & Hassan (2022) present an update to this
model, fully utilising the spatial information from the map
using the Glow NF model (Kingma & Dhariwal, 2018) to
produce better constraints on cosmological parameters.

In this paper we build a generative model for discrete halo
(Mh) and galaxy properties (M⋆,Mgas, M•, SFR), using a
hierarchy of NF’s trained on haloes and galaxies taken from
the CAMELS simulation suite.

2. Methods
A normalizing flow (NF) models some data x as a bijec-
tive transformation of some base distribution, typically a
gaussian noise variable u,

x = fθ(u) (1)
u ∼ π(u) , (2)

where fθ is invertible and differentiable, with parameters θ.
This allows the target density pϕ(x) to be written as

pϕ(x) = π(f−1
θ (x))

∣∣∣∣det(δf−1
θ

δx

) ∣∣∣∣ . (3)

For maximum flexibility fθ and f−1
θ are modelled using

invertible neural networks (NN). fθ can be represented by
multiple stacked layers, in order to produce highly complex
mappings from the noise to the target density.

In order to build a conditional model we require a dataset
with pairs of variables, D = {(z, x)}. Here, the z param-
eters are responsible for the generation of x, and we wish
to model px(x|z). To include this conditional dependence
in our model we incorporate these parameters in our trans-
formation, x = fθ(u, z) (Winkler et al., 2019). We imple-
ment a version of a Neural spline flow (Durkan et al., 2019;
Dolatabadi et al., 2020).

The Cosmology and Astrophysics with MachinE Learning
Simulations (CAMELS; Villaescusa-Navarro et al., 2021)
are a large ensemble of N -body and hydrodynamic simu-
lations exploring the effect of cosmological and astrophys-
ical parameter choices on galaxy evolution and structure
formation. In this study we focus on the SIMBA simula-
tion suite only (Davé et al., 2019). For full details please

refer to Villaescusa-Navarro et al. (2021; 2023); Ni et al.
(2023). Each simulation is defined by the initial random
phases, as well as 4 astrophysical parameters (ASN1, ASN2,
AAGN1, AAGN2) and 2 cosmological parameters (Ωm, σ8).
The following cosmological parameters are kept fixed in
all simulations: Ωb = 0.049, h = 0.6711, ns = 0.9624,
Mν = 0.0 eV, w = −1, ΩK = 0. The fiducial astrophysi-
cal parameters are defined at A = 1.0 and varied around this
value to control the relative strength of the various feedback
implementations in each simulation. There are a number
of different simulation sets within the CAMELS suite; the
Latin Hypercube (LH) set contains 1000 simulations where
the 6 parameters are varied using a latin hypercube; the cos-
mic variance CV set contains 27 simulations that only differ
in the value of the random seed in the initial conditions.

We train three complementary flows, each conditional on the
cosmological and astrophysical parameters (an illustration
of the different flows is shown in Figure 1). The abundance
flow models the absolute abundance of subhaloes with mass
> 1010M⊙, pϕ(n | z). We add gaussian noise to the data in
the LH set equal to the scatter in the abundance in the CV
set 50 times, and train on this augmented data set, to mimic
the effect of cosmic variance. The halo flow models the
density distribution of halo masses, pϕ(y | z). By coupling
the abundance and halo flows, we can generate the volume
normalised halo mass function for arbitrary parameters; an
example is shown in the top left corner of Figure 2. Finally,
the galaxy flow models the distribution of galaxy properties
within dark matter haloes by further conditioning on the
subhalo mass, pϕ(x | z, y). We predict the stellar mass, gas
mass, black hole mass and star formation rate.

We reserve a random subset of entire LH set simulations for
testing (15%), and use the rest for training and validation;
this ensures there is no overlap between the train and test
sets of galaxies with the same astrophysical and cosmolog-
ical parameters. We use the z = 0 snapshot from each
simulation, and reserve a study of the redshift dependence
for future work. Each flow contains 16 layers, each consist-
ing of a linear rational spline bijection (with 256 segments)
coupled to an autoregressive NN layer consisting of two hid-
den layers with 256 and 128 nodes, respectively. We train
using the ADAM optimizer (Kingma & Ba, 2014), with a
multi-step learning rate starting at 5× 10−3, with γ = 0.1,
using mini batches of size 2048 that are randomly shuffled
after each epoch. At the end of each epoch we evaluate on
the validation set, and save the model if the validation error
has improved, to avoid overfitting.

3. Results
In this section we demonstrate an example use case for the
model by predicting the galaxy and halo properties for a set
of parameters not used in the training procedure. We take
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Figure 1. High level diagram of the model. The distribution of the conditional cosmological and astrophysical parameters is shown at the
top. The abundance, halo and galaxy flows are shown below. The arrows highlight the direction of conditional dependence, as well as the
mapping from each simple base distribution to the complex target density distribution.

these parameters from an LH set simulation from the test
set, and first predict the halo mass function given the input
parameters z. We then use the abundance flow to predict
the cumulative number of subhaloes with mass Mhalo >
1010 M⊙, n, and the halo flow to predict the distribution of
their masses, y. Combined we can produce the halo mass
function (HMF), shown in the top left panel of Figure 2 for
50 realisations, and compared to the true HMF from the
corresponding LH set simulation. The model successfully
reproduces the distribution function within the scatter of
the realisations. We can also change one of the conditional
parameters and explore the impact on the HMF. This is
shown in the top row of Figure 2; there is a strong positive
correlation between Ωm and the normalisation of the HMF.

We can also predict the properties of the galaxy within each
host subhalo by providing the subhalo mass as well as the

other conditional parameters to the galaxy flow. Whilst
galaxy properties may be dependent on additional param-
eters as well as mass, the flow is able to model the full
distribution of those properties at a given mass, marginalis-
ing over these unknown additional dependencies. The first
panel in the second row of Figure 2 shows the galaxy stellar
mass function (GSMF) produced when applied to haloes
generated from the abundance and halo flows. The GSMF
is reproduced within the scatter of the 50 realisations. We
can, again, fix parameters and explore the impact on the
GSMF; we show this for Ωm, ASN1 & ASN2 in the second
row of Figure 2.

The third, fourth, fifth and sixth rows in Figure 2 also show
predictions for the star forming sequence, the stellar mass–
gas mass relation, the stellar mass–black hole mass relation,
and the stellar–halo mass relation, and the impact of chang-
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Figure 2. An example of the model predictions when used as a generative model for haloes and galaxies, for fixed and varying parameters.
The top row shows the halo mass function (HMF), the second row the galaxy stellar mass function, the third row the star forming sequence,
the fourth row the stellar mass–gas mass relation, the fifth row the stellar mass–black hole mass relation, and finally the stellar–halo mass
relation. The first row shows predictions using haloes generated from the abundance and halo flows, as well as haloes taken directly from
the LH set simulation.
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ing conditional parameters (Ωm, ASN1, ASN2) on each of
these relations in turn. We emphasise that galaxy properties
are predicted jointly, enabling us to predict these relations
self consistently.

4. Conclusions
We present a novel approach to modelling the galaxy–halo
relationship, using the density estimation capabilities of
normalising flows to model the coupled halo and galaxy
distribution conditioned on astrophysical and cosmological
parameters. The model is able to self-consistently predict a
number of halo and galaxy relations, and shows interesting
correlations with different cosmological and astrophysical
parameters, whilst marginalising over other nuisance param-
eters. There are a number of applications for such a model,
from rapid generation of galaxy properties in dark matter
only N -body simulations, to direct and indirect inference
of astrophysical and cosmological parameters from individ-
ual galaxy properties or predicted scaling relations through
simulation based inference (SBI) (Cranmer et al., 2019),
an increasingly popular and flexible approach to inference
(Papamakarios et al., 2017; Alsing et al., 2019; Hahn et al.,
2019; Zhang et al., 2021; Dax et al., 2021; Hahn & Mel-
chior, 2022; Huppenkothen & Bachetti, 2022; Wang et al.,
2023).
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Davé, R., Anglés-Alcázar, D., Narayanan, D., Li, Q.,
Rafieferantsoa, M. H., and Appleby, S. SIMBA: Cosmo-
logical simulations with black hole growth and feedback.
MNRAS, 486(2):2827, June 2019. doi: 10.1093/mnras/
stz937. URL https://ui.adsabs.harvard.
edu/abs/2019MNRAS.486.2827D/abstract.

Dax, M., Green, S. R., Gair, J., Macke, J. H., Buo-
nanno, A., and Schölkopf, B. Real-Time Gravita-
tional Wave Science with Neural Posterior Estima-
tion. Phys. Rev. L, 127:241103, December 2021.
ISSN 0031-9007. doi: 10.1103/PhysRevLett.127.
241103. URL https://ui.adsabs.harvard.
edu/abs/2021PhRvL.127x1103D. ADS Bibcode:
2021PhRvL.127x1103D.

de Santi, N. S. M., Rodrigues, N. V. N., Montero-
Dorta, A. D., Abramo, L. R., Tucci, B., and Artale,
M. C. Mimicking the halo-galaxy connection using
machine learning. MNRAS, 514:2463–2478, August
2022. ISSN 0035-8711. doi: 10.1093/mnras/stac1469.
URL https://ui.adsabs.harvard.edu/abs/

5

https://bv.fapesp.br/en/bolsas/187647/cosmological-covariance-matrices-and-machine-learning-methods/
https://bv.fapesp.br/en/bolsas/202438/machine-learning-methods-for-extracting-cosmological-information/
http://adsabs.harvard.edu/abs/2018MNRAS.478.3410A
http://adsabs.harvard.edu/abs/2018MNRAS.478.3410A
https://ui.adsabs.harvard.edu/abs/2019MNRAS.488.4440A
https://ui.adsabs.harvard.edu/abs/2019MNRAS.488.4440A
http://arxiv.org/abs/1006.5394
http://arxiv.org/abs/1006.5394
http://arxiv.org/abs/2211.08442
http://arxiv.org/abs/2211.08442
https://ui.adsabs.harvard.edu/abs/2023MNRAS.518.5670C
https://ui.adsabs.harvard.edu/abs/2023MNRAS.518.5670C
https://ui.adsabs.harvard.edu/abs/2019arXiv190808045C
https://ui.adsabs.harvard.edu/abs/2019arXiv190808045C
https://ui.adsabs.harvard.edu/abs/2019MNRAS.486.2827D/abstract
https://ui.adsabs.harvard.edu/abs/2019MNRAS.486.2827D/abstract
https://ui.adsabs.harvard.edu/abs/2021PhRvL.127x1103D
https://ui.adsabs.harvard.edu/abs/2021PhRvL.127x1103D
https://ui.adsabs.harvard.edu/abs/2022MNRAS.514.2463D
https://ui.adsabs.harvard.edu/abs/2022MNRAS.514.2463D


A Hierarchy of Normalizing Flows for Modelling the Galaxy–Halo Relationship

2022MNRAS.514.2463D. ADS Bibcode: 2022MN-
RAS.514.2463D.

Dinh, L., Krueger, D., and Bengio, Y. NICE: Non-linear
Independent Components Estimation. In ICLR, 2015.
URL https://ui.adsabs.harvard.edu/abs/
2014arXiv1410.8516D.

Dolatabadi, H. M., Erfani, S., and Leckie, C. In-
vertible Generative Modeling using Linear Rational
Splines. In 23rd International Conference on Artifi-
cial Intelligence and Statistics (AISTATS), January 2020.
URL https://ui.adsabs.harvard.edu/abs/
2020arXiv200105168D.

Durkan, C., Bekasov, A., Murray, I., and Papamakarios,
G. Neural Spline Flows. In 33rd Conference on Neural
Information Processing Systems (NeurIPS 2019), June
2019. URL https://ui.adsabs.harvard.edu/
abs/2019arXiv190604032D.

Friedman, R. and Hassan, S. HIGlow: Conditional
Normalizing Flows for High-Fidelity HI Map Mod-
eling. In Machine Learning and the Physical Sci-
ences workshop, NeurIPS 2022, November 2022.
URL https://ui.adsabs.harvard.edu/abs/
2022arXiv221112724F.

Genel, S., Bryan, G. L., Springel, V., Hernquist, L.,
Nelson, D., Pillepich, A., Weinberger, R., Pakmor,
R., Marinacci, F., and Vogelsberger, M. A Quantifi-
cation of the Butterfly Effect in Cosmological Sim-
ulations and Implications for Galaxy Scaling Rela-
tions. The Astrophysical Journal, 871:21, January
2019. ISSN 0004-637X. doi: 10.3847/1538-4357/
aaf4bb. URL https://ui.adsabs.harvard.
edu/abs/2019ApJ...871...21G. ADS Bibcode:
2019ApJ...871...21G.

Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu,
B., Warde-Farley, D., Ozair, S., Courville, A.,
and Bengio, Y. Generative Adversarial Nets. In
Advances in Neural Information Processing Sys-
tems, volume 27, 2014. URL https://papers.
nips.cc/paper_files/paper/2014/hash/
5ca3e9b122f61f8f06494c97b1afccf3-Abstract.
html.

Hahn, C. and Melchior, P. Accelerated Bayesian
SED Modeling Using Amortized Neural Posterior
Estimation. ApJ, 938:11, October 2022. ISSN
0004-637X. doi: 10.3847/1538-4357/ac7b84.
URL https://ui.adsabs.harvard.edu/
abs/2022ApJ...938...11H. ADS Bibcode:
2022ApJ...938...11H.

Hahn, C., Beutler, F., Sinha, M., Berlind, A., Ho, S.,
and Hogg, D. W. Likelihood non-Gaussianity in large-
scale structure analyses. MNRAS, 485:2956–2969, May
2019. ISSN 0035-8711. doi: 10.1093/mnras/stz558.
URL https://ui.adsabs.harvard.edu/abs/
2019MNRAS.485.2956H. ADS Bibcode: 2019MN-
RAS.485.2956H.

Hassan, S., Villaescusa-Navarro, F., Wandelt, B., Spergel,
D. N., Anglés-Alcázar, D., Genel, S., Cranmer, M.,
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