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Abstract
We present SIMBIG, a likelihood-free inference
(LFI) framework for analyzing galaxy clustering
using a fully simulation-based approach. We ap-
ply SIMBIG to the BOSS CMASS galaxy sample
using anN -body simulation based forward model
that includes a flexible galaxy-halo model, de-
tailed survey geometry, and realistic observational
systematics. As demonstration and validation, we
use SIMBIG to analyze the galaxy power spec-
trum out to kmax = 0.5h/Mpc. We derive con-
straints on Ωm and σ8 that are a factor of 1.1 and
3 tighter, respectively, than previous results. This
improvement comes from the extra cosmological
information available on non-linear scales that we
can extract with our simulation-based approach.
Furthermore, we use a suite of test simulations to
confirm that our LFI approach produces conserva-
tive estimates of the true posterior. In subsequent
work, we will apply SIMBIG to analyze higher-
order statistics and non-standard observables such
as the bispectrum, marked power spectrum, and
wavelet scattering-like statistics.

1. Introduction
The statistical clustering of galaxies provide key cosmo-
logical information that can be used to constrain the na-
ture of dark energy and the contents of the Universe. The
next generation galaxy surveys, such as DESI, PFS, Euclid,
and Roman, will probe galaxies over unprecedented cos-
mic volumes. Combined with constraints from the cosmic
microwave background experiments, they will provide the
most stringent tests of the ΛCDM model and potentially
lead to new discoveries.

Current analyses utilize the galaxy power spectrum as the
primary measurement of galaxy clustering (e.g. Beutler
et al., 2017; Ivanov et al., 2020; Kobayashi et al., 2021).
However, extra information is available in higher-order
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statistics. Recent studies using large suites of simulations
have accurately quantified the information content in higher-
order statistics (Hahn et al., 2020; Hahn & Villaescusa-
Navarro, 2021). They also find significant constraining
power on small scales in the non-linear regime. (Hahn &
Villaescusa-Navarro, 2021) find that constraints on Ωm, Ωb,
h, ns, σ8 improve by more than a factor of 2 when the
bispectrum is included in the analysis. They also find that
including smaller scales (0.2 < k < 0.5h/Mpc) tightens
constraints by > 2×.

Despite the constraining power available in higher-order
statistics and on non-linear scales, they cannot be ex-
ploited by standard methods. Standard analyses use analytic
models based on perturbation theory, which cannot accu-
rately model scales below the quasi-linear scales. Analytic
models are even more limited for higher-order statistics.
For instance, in (Philcox & Ivanov, 2021), they limit the
power spectrum to k < 0.2h/Mpc and the bispectrum to
k < 0.08h/Mpc. Perturbation theory also cannot be used
to model various newly proposed observables (Eickenberg
et al., 2022; Naidoo et al., 2022).

Observational systematics are also a major challenge for
current analyses. Fiber collisions, for instance, signif-
icantly bias the power spectrum on scales smaller than
k > 0.1h/Mpc (Guo et al., 2012; Hahn et al., 2017a;
Bianchi et al., 2018). Accurate correction schemes are
limited and only available for the power spectrum. Other
systematics such as the survey footprint, masks, and com-
pleteness also significantly impact clustering measurements.

An alternative simulation-based approach can be used to
analyze galaxy clustering. With N -body simulations, we
can accurately model nonlinear structure formation. We can
also more easily forward model observational systematics
onto the simulations (e.g. Rodrı́guez-Torres et al., 2016;
Rossi et al., 2021). More importantly, recent advances in
likelihood-free inference (LFI) enable accurate Bayesian
inference with a fully simulation-based approach (e.g. Pa-
pamakarios et al., 2017; Alsing et al., 2019; Jeffrey et al.,
2021; Tortorelli et al., 2021).

In this work, we present SIMulation-Based Inference of
Galaxies (SIMBIG), a Likelihood-free inference (LFI; also
known as “simulation-based” inference) framework for an-
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alyzing galaxy clustering with a full forward model of the
observed galaxy survey. We apply SIMBIG to the BOSS
CMASS galaxy sample and analyze the galaxy power spec-
trum multipoles. We demonstrate that we can accurately
infer posteriors on cosmological parameters that exploit the
constraining power available in the non-linear regime.

−20 0 20 40

RA (deg.)

0

10

20

30

D
ec

(d
eg

.)

−0.15 −0.10 −0.05 0.00 0.05 0.10 0.15
−0.050.000.05

SIMBIG Forward model

BOSS CMASS SGC (trimmed)

Figure 1. Our forward model of the BOSS CMASS SGC galaxy
sample that includes a flexible galaxy-halo connection model, sur-
vey geometry, observational systematics, and nuisance parameters.
We present the angular distribution of galaxies in a single forward
model realization (blue) compared to the BOSS sample (black).

2. Observations: SDSS-III BOSS
In this work, we analyze observations from the Sloan Digital
Sky Survey SDSS-III (Eisenstein et al., 2011; Dawson et al.,
2013) Baryon Oscillation Spectroscopic Survey (BOSS)
Data Release 12. In particular, we focus on the CMASS
galaxy sample, which selects high stellar mass Luminous
Red Galaxies (LRGs) over the redshift 0.43 < z < 0.7, in
the Southern Galactic Cap (SGC). We refer readers to (Reid
et al., 2016) for further details on the galaxy sample.

SIMBIG requires a realistic forward model of the obser-
vations; however, our forward model is based on N -body
simulations with a cosmological volume of 1(h−1Gpc)3

(§ 3), which cannot fit the entire CMASS sample. We there-
fore restrict the sample to 0.45 < z < 0.6 and impose the
following angular cuts: Dec > −6 and −25 < RA < 28.
In Fig. 1, we present the angular distribution of the trimmed
CMASS SGC galaxy sample (black).

3. Likelihood-Free Inference
Modern cosmological analyses use Bayesian inference to
constrain the posterior probability distribution p(θ |x) of
cosmological parameters, θ, given observation x. In stan-
dard galaxy clustering analyses, the posterior is typically
evaluated using Bayes’ rule, where the likelihood is assumed
to have a Gaussian functional form and evaluated using an
analytic perturbation theory model.

LFI offers an alternative that requires no assumptions on
the form of the likelihood. Instead, LFI uses a generative
forward model, i.e. a simulation, to generate mock observa-
tions x′ given parameters θ′. It uses simulated pairs (θ′, x′)
to directly estimate either the posterior, the likelihood, or
p(θ, x). Hence, it provides an inference framework that
can exploit high-fidelity simulations. LFI has already been
successfully applied to a wide range of inference problems
in astronomy and cosmology (Cameron & Pettitt, 2012;
Weyant et al., 2013; Hahn et al., 2017b; Huppenkothen &
Bachetti, 2021; Zhang et al., 2021).

In this work, we utilize neural density estimation based
LFI, where a neural network with parameters φ is trained
using the simulated pairs (θ′, x′) to estimate the density
p(θ |x′). In particular, we use normalizing flows as density
estimators (Tabak & Vanden-Eijnden, 2010; Tabak & Turner,
2013).

3.1. Forward Model

A key ingredient in LFI is a forward model of the obser-
vations, i.e. the BOSS SGC galaxy sample. LFI assumes
that the forward model is capable of generating mock ob-
servationss that is practically indistinguishable from the ob-
servations. In our case, this means that our forward model
must generate a mock galaxy sample that includes the exact
survey geometry and observational systematics.

We start with 2,000 N -body simulations from the QUIJOTE
suite (Villaescusa-Navarro et al., 2020). The simulations
are run using the TreePM GADGET-III code. They have a
cosmological volume of 1(h−1Gpc)3 and follow the evolu-
tion of 10243 cold dark matter (CDM) particles that were
initalized at z = 127 using 2LPT. We use the z = 0.5
snapshot. Each simulation is constructed for a different
cosmology that was selected based on a Latin-hypercube
(LH) configuration. We use N -body simulations, despite
their significant computational cost, due to their accuracy in
modeling small-scale, non-linear, clustering.

The N -body simulations provide the dark matter distribu-
tion. Next, we identify dark matter halos using ROCK-
STAR (Behroozi et al., 2013) and populate them with galax-
ies using the Halo Occupation Distribution (HOD) frame-
work. HOD models provide a statistical prescription for
populating halos with galaxies by sampling p(θg | θh). θg
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represents the properties of galaxies in a halo such as oc-
cupation number, halo-centric position, and velocity; θh
represents halo properties such as mass and concentration.
In this work, we use an HOD model that includes assembly,
concentration, and velocity biases for central and satellite
galaxies on top of the standard (Zheng et al., 2007) model.
For eachN -body simulation, we construct 5 different galaxy
realizations each with a different set of HOD parameters
sampled from a prior based on (Reid et al., 2014).

Next, we impose the survey geometry and observational
systematics. We first perform volume remapping on the
simulated galaxy catalog to a cuboid volume using (Carlson
& White, 2010). This step is necessary to maximize the
survey volume that can be fit into the simulation. Then,
we use MANGLE polygons (Swanson et al., 2008) to cut
out the survey geometry as well as the veto mask, which
includes masking for bright star, centerpost, bad field, col-
lision priority (Dawson et al., 2013). We trim the forward
modeled catalog to match the 0.45 < z < 0.6 range of the
observations. Lastly, we apply fiber collisions. We identify
all pairs of galaxies within an angular scale of 62′′; then, for
a randomly selected 60% of the pairs, we remove one of the
galaxies from the sample.

Galaxy clustering analyses typically include a number of
nuisance parameters. For instance, a correction for shot
noise, Ashot, is typically included to account for residual
shot noise contribution (e.g. Beutler et al., 2017; Kobayashi
et al., 2021). For consistency, we also include Ashot in our
analysis. In Fig. 1, we compare the angular distribution
of a single realization of our forward model (blue) to the
observed BOSS galaxy sample (black). The forward model
has the same angular footprint as the observations.

3.2. Summary Statistic: the Galaxy Power spectrum

Since the primary goal of this work is to demonstrate SIM-
BIG for analyzing galaxy clustering, we use a summary
statistic that has been extensively used in the past: the galaxy
power spectrum multipole, P`(k). By using P`, we can com-
pare the constraints we derive from SIMBIG with previous
constraints (e.g. Ivanov et al., 2020) and validate the accu-
racy of our approach. In principle, SIMBIG can be directly
applied to the full galaxy catalog if the forward model is
capable of accurately modeling observations at all scales.
Even with N -body simulations, however, this is not the case
due to limitatons on mass and time resolution. Instead, we
can use summary statistics of the galaxy sample, where we
can impose cuts, e.g. based on scale, to which our forward
model is able to reproduce observations. We measure the
power spectrum monopole, quadrupole, and hexadecapole
(` = 0, 2, and 4) using the (Hand et al., 2017) algorithm of
out to kmax = 0.5h/Mpc. In Fig. 2, we present P` for all
10,000 forward modeled galaxy simulations: ` = 0 (blue),
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Figure 2. Power spectrum multipoles, P`(k), measured for each
of the 10,000 forward modeled galaxy simulations used in this
work. We represent the monopole, quadrpuole, and hexadecapole
(` = 0, 2, 4) in blue, orange, and green, respectively, and offset
them for clarity. We include P`(k) measured for our observational
BOSS CMASS SGC galaxy sample (black dotted) for comparison.

2 (orange), and 4 (green).

3.3. Training the Neural Density Estimator

Among the various normalizing flow density estimators now
available in the literature, we use a Masked Autoregressive
Flow (MAF; Papamakarios et al., 2017). MAF combines
normalizing flows with an autoregressive design (Uria et al.,
2016), which is well-suited for estimating conditional prob-
ability distributions such as a posterior. A MAF model is
built by stacking multiple Masked Autoencoder for Distri-
bution Estimation (MADE; Germain et al., 2015) models
so that it has the autoregressive structure of MADE but
with more flexibility to describe complex probability dis-
tributions. We use the MAF implementation in the sbi
Python package (Greenberg et al., 2019; Tejero-Cantero
et al., 2020).

In training, our goal is to determine the parameters, φ, of our
MAF model, pφ(θ |x), so that it accurately estimates the
posterior, p(θ |x). We do this by minimizing the KL diver-
gence between pφ(θ |x) and p(θ |x). We split the training
data into a training and validation set with a 90/10 split, then
maximize the total log likelihood

∑
i log pφ(θi|xi) over

training set, which is equivalent to minimizing the KL diver-
gence. We use the ADAM optimizer (Kingma & Ba, 2017)
with a learning rate of 5 × 10−4. We prevent overfitting
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by stopping the training when the validation log likelihood
fails to increase after 20 epochs. We determine the archi-
tecture of our MAF model through experimentation. Our
final trained MAF model has 6 MADE blocks, each with 2
hidden layers and 301 hidden units.
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Figure 3. Posterior of cosmological parameters derived from
P`(k < 0.5h/Mpc) using LFI with SIMBIG. We mark the 1
and 2σ confidence intervals on the contours. We include the 64%
percentile range of the marginalized posteriors on Ωm and σ8

from the P` analysis of (Ivanov et al., 2020). They analyze P` to
kmax < 0.25h/Mpc. With our simulation-based approach, we
can accurately model and extract cosmological information from
the non-linear regime. Hence, with SIMBIG we derive constraints
on Ωm and σ8 ∼1.1 and 3× tighter than previous work.

4. Results
We train our MAF model to accurately estimate the poste-
rior for the galaxy power spectrum. In Fig. 3, we present
the posterior of the cosmological parameters, evaluated us-
ing pφ(θ |P`). For clarity, we do not include the posteriors
on the HOD parameters or Ashot. We do not derive tight
constraints on Ωb, h, or ns, which is consistent with previ-
ous galaxy power spectrum constraints. On the other hand,
we derive significant constraints on Ωm and σ8. We in-
fer Ωm = 0.316+0.040

−0.036. This is in good agreement and a
slight 10% improvement over the recent (Ivanov et al., 2020)
constraint for the same CMASS SGC high-z sample. The
orange dashed lines mark the 64% percentile range of their
posterior. Meanwhile, our σ8 = 0.668+0.0324

−0.0284 constraint is
significantly tighter than that of (Ivanov et al., 2020) and
corresponds to an improvement of a factor of ∼ 3.

The improvements we find over previous constraints are

driven by extra cosmological information that we extract
from the small scale clustering. (Ivanov et al., 2020) limit
their analysis to kmax < 0.25h/Mpc due to limitations
in their analytical model. Meanwhile, we can accurately
extend our P` analysis down to k=0.5h/Mpc. When
we repeat our analysis with kmax=0.25h/Mpc, we find
roughly the same constraints as (Ivanov et al., 2020). We
also note that our improvements are consistent with the
(Hahn & Villaescusa-Navarro, 2021) forecast for P`(k <
0.5h/Mpc) versus P`(k < 0.2h/Mpc).

To further validate our posteriors, we forward model a test
set of 500 galaxy catalogs at a fiducial cosmology using a
different set of QUIJOTE simulations. We derive posteriors
for each of the test catalogs and since we know the true
cosmological parameters that went into generating them, we
use simulation-based calibration (Talts et al., 2020). For
each test catalog, we measure the rank statistic of the true
parameter values within the marginalized posterior distribu-
tion of the cosmological parameters. Then, we examine the
distribution of the rank statistics for all of the test catalogs to
confirm that pφ(θ |x) does not underestimate the width of
our posteriors. More specificially, we find that our pφ(θ |x)
accurately estimates the σ8 constraints but slightly overesti-
mates the constraints for all other cosmological parameters.
Hence, the posterior in Fig 3 are conservative estimates of
the true posterior. The conservative estimate of p(θ |P`)
is due to the fact that we have a limited sampling of the
cosmological parameter space (2,000 different cosmologies)
in our training data. We are currently constructing more
N -body simulations to address this limitation.

5. Conclusions
In this work, we present SIMBIG, a simulation-based frame-
work for analyzing galaxy clustering using LFI. SIMBIG
utilizes a full forward model of observations based on
N -body simulations that enables us to accurately model
small scale clustering as well as observation systematics
such as fiber collisions. We apply SIMBIG to the BOSS
CMASS SGC z ∼ 0.5 galaxy sample and analyze the power
spectrum multipoles to demonstrate and validate our ap-
proach. Using neural density estimation based LFI, we infer
Ωm = 0.316+0.040

−0.036 and σ8 = 0.668+0.0324
−0.0284. These con-

straints are significantly tighter than the (Ivanov et al., 2020)
constraints on the same galaxy sample. This improvement
demonstrates that there is significant constraining power on
scales beyond k & 0.2h/Mpc. In subsequent work, we will
use SIMBIG to analyse the BOSS galaxies using higher-
order statistics and non-standard observables that contain
even more cosmological information, such as the bispec-
trum, marked powerspectrum, and wavelet scattering-like
statistics. As upcoming galaxy surveys (DESI, PFS, Euclid,
Roman) probe unprecedented cosmic volumes, SIMBIG
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provides a framework to maximize their statistical power to
tightly constrain cosmological parameters.
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