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Abstract

The study of the Universe revolves around under-
standing the fundamental parameters that describe
the model of our Universe. These fundamental
parameters are usually constrained by analyzing
what we can observe from the sky such as galaxy
distributions, the cosmic microwave background,
etc. The paper uses the SIMBIG framework,
which leverages machine learning techniques and
simulation-based inference to improve the con-
straints on these fundamental parameters by an-
alyzing galaxy clustering. When we apply SIM-
BIG to a fraction of the BOSS galaxy survey,
we achieve significantly (1.2 and 2.7×) tighter
constraints on cosmological parameters such as
Ωm and σ8 compared to standard power spectrum
analyses. Using only 10% of the BOSS volume,
we obtain constraints on H0 and S8 that are com-
petitive with those from other probes. Future work
will extend SIMBIG to upcoming galaxy surveys
for even stronger constraints.
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1. Introduction
The statistical clustering of galaxies provides key cosmo-
logical information that can be used to constrain the nature
of our Universe. The next-generation galaxy surveys, such
as DESI, PFS, Euclid, and Roman1, will probe galaxies
over unprecedented cosmic volumes. Combined with con-
straints from the cosmic microwave background (CMB)
experiments, they will provide the most stringent tests of
the cosmological model. The standard cosmological model
(ΛCDM) has been remarkably successful at describing a
wide range of cosmological observations including the accel-
erating expansion of the Universe (Perlmutter et al., 1999;
Riess et al., 1998), the CMB (Page et al., 2003; Bennett
et al., 2013; Collaboration et al., 2020; Aiola et al., 2020;
Dutcher et al., 2021), and the large-scale structure (LSS;
Bernardeau et al., 2002; Alam et al., 2017). The most statisti-
cally significant of the tensions in this model is the “Hubble
tension”, which refers to the disagreement between the late
time measurements of the Hubble constant, H0, with the
inferred value from CMB assuming ΛCDM (see Abdalla
et al., 2022; Shah et al., 2021, for recent reviews). In order
to shed light on these model tensions, more observations
and better analysis are needed.

Current analyses use the galaxy power spectrum as the pri-
mary measurement of galaxy clustering (e.g. Alam et al.,
2017; Beutler et al., 2017; Ivanov et al., 2020; Chen et al.,
2022; Kobayashi et al., 2022), focusing mainly on large, lin-
ear scales, where perturbation theory (PT; see Bernardeau
et al., 2002; Desjacques et al., 2016, for a review) is valid.
However, recent studies have established that there is sig-
nificant additional information beyond these regimes on
non-linear scales up to k < 0.5h/Mpc and in higher-order
statistics (Hahn et al., 2020; Hahn & Villaescusa-Navarro,
2021; Massara et al., 2020; 2022; Wang et al., 2022; Hou
et al., 2022; Eickenberg et al., 2022). Despite their promise,
most higher-order statistics cannot be robustly analyzed us-
ing the standard PT approach, in part due to PT’s inability to
accurately model information on non-linear scales. Current
analyses also struggle to account for observational system-
atics that significantly impact clustering measurements (e.g.

1desi.lbl.gov, pfs.ipmu.jp, sci.esa.int/web/euclid, and ro-
man.gsfc.nasa.gov, respectively.
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Ross et al., 2012; 2017).

Recently, Hahn et al. (2022) and Hahn et al. (2023) pre-
sented the Simulation-Based Inference of Galaxies (SIM-
BIG), a forward modeling framework for analyzing galaxy
clustering. SIMBIG uses simulation-based inference (SBI;
see Cranmer et al., 2020, for a review) to perform highly
efficient cosmological parameter inference using neural
density estimation from machine learning (e.g. Germain
et al., 2015; Papamakarios et al., 2017). This enables SIM-
BIG to use high-fidelity simulations that model the full
details of the observations. With this approach, Hahn et al.
(2022) analyzed the power spectrum multipoles, Pℓ(k), of
109,636 galaxies in the Sloan Digital Sky Survey (SDSS)-
III Baryon Oscillation Spectroscopic Survey (BOSS; Eisen-
stein et al., 2011; Dawson et al., 2013) Southern Galactic
Cap, and demonstrated that they can rigorously analyze the
power spectrum down to smaller scales than ever before,
kmax = 0.5h/Mpc.

In this work, we compare the cosmological constraints from
three novel SIMBIG SBI analyses on the BOSS CMASS
sample using various higher-order statistics to each other
and to the constraints in previous literature.

2. SIMBIG
SIMBIG uses SBI to infer posteriors of the ΛCDM pa-
rameters with only summary statistics of a forward model
simulation that can generate mock observations, i.e. the 3D
galaxy spatial distribution, that are statistically indistinguish-
able from the BOSS CMASS catalogs. The specifics of the
forward modelling pipeline are detailed in Appendix A. In
this section, we briefly describe the SBI methodology, the
statistics used, and the validation of the posteriors. More
details about each of the statistics, how they are calculated,
and the validation used will be presented in future work.

2.1. Simulation-Based Inference

From the forward modeled galaxy catalogs, we use the
SIMBIG SBI framework to infer posterior distributions of
cosmological parameters for given summary statistics of the
observations (Hahn et al., 2022; 2023). The SBI framework
uses Masked Autoregressive Flows (Greenberg et al., 2019;
Tejero-Cantero et al., 2020) to approximate the posterior
distribution of the cosmological parameters. Ultimately,
we train a MAF that best approximates the posterior distri-
bution p(θ | x) ≈ qϕ(θ | x). In qϕ(θ | x), x represents the
summary statistic and θ represents the 14 cosmological and
HOD parameter. The prior of the posterior estimate is set
by the parameter distribution of our training set. Since the
N -body simulations used for our forward modeled cata-
logs are evaluated over a Latin-Hypercube configuration,
we use uniform priors over the cosmological parameters,
{Ωm,Ωb, h, ns, σ8}, with wide ranges that fully encompass

the Planck priors. For the HOD parameters, we use the
conservative priors centered around previous HOD analyses
of the BOSS CMASS sample. For more details on the SBI
approach, see Appendix B.

2.2. Statistics Beyond Pℓ

With SIMBIG, we can derive cosmological constraints using
any summary of the galaxy distribution that we can accu-
rately forward model. In this work, we apply SIMBIG using
three summaries: the bispectrum (B0), wavelet scattering
transform (WST) statistics, and a field-level summary with
convolutional neural networks (CNN).
B(k1, k2, k3): is the three-point correlation function in
Fourier space. In this work, we use the monopole of the
bispectrum: B0. To measure B0, we use the Fast Fourier
Transform (FFT) based (Scoccimarro, 2015) redshift-space
bispectrum estimator. For the observed galaxy sample, we
also include angular systematic weights to account for stel-
lar density and seeing conditions as well as redshift failure
weights. We do not include weights for fiber collisions,
since this effect is included in our forward model. We mea-
sure B0 in triangle configurations defined by k1, k2, k3 bins
of width ∆k = 0.010472h/Mpc. For kmax = 0.5h/Mpc,
B0 has 10,052 total triangle configurations.

WST: defines a set of statistics well-suited to describing
non-Gaussian physical fields (Bruna & Mallat, 2013; Mal-
lat, 2016). WST consists of a cascade of convolutions with
wavelets, pointwise non-linearities, and average pooling op-
erators. It is motivated by the structure of CNNs while being
completely parameter-free. These operations lead to a set of
coefficients that quantify the amplitude of the input signal at
a given oriented scale as well as couplings between oriented
scales. We use WST that has been adapted to redshift-space
data and capture information down to k∼0.5h/Mpc.

CNNs: can be thought of as flexible, hierarchical, non-linear
functions that can be optimized to extract maximally rel-
evant features from input images. In this work, we use a
3D CNN to perform a step of massive data compression
from the density fields directly to the cosmological parame-
ters (e.g. Jeffrey et al., 2021). The density fields are meshed
to implicitly impose a scale cut of k < kmax = 0.57h/Mpc.
We train the CNN to compress the density fields by minimiz-
ing the mean-squared-error between the network-predicted
cosmological parameters and the true parameters of the
training simulations. Because of the significant epistemic
uncertainty in the compression, we also perform Stochastic
Weight Averaging (Maddox et al., 2019; Wilson & Izmailov,
2020), which leads to better generalization in SBI (Lemos
et al., 2023b).
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Figure 1. Marginalized 1D and 2D Posteriors of cosmological parameters inferred

from B0 (blue), WST (orange), and CNN (green) using SIMBIG. The contours mark

the 68 and 95 percentiles of the posteriors. For comparison, we include the posterior

from the SIMBIG Pℓ analysis.

2.3. Validation
For each statistic, we validate the trained qϕ in two steps.
First, we perform a coverage test, either using simulation-
based calibration (Talts et al., 2020) or a “distance to random
point” test (Lemos et al., 2023a), on a held out subset of the
training data. With this test, we check whether qϕ is properly
trained and accurately estimates the posterior throughout
the prior range. Second, we assess the robustness of qϕ by
applying it to the 2,000 “mock challenge” simulations (Hahn
et al., 2023). These simulations include three different sets
of test simulations evaluated at some fiducial cosmology,
two of which (∼ 1500 simulations) are generated using
different forward models than the training set. We apply
qϕ to the simulations and compare the resulting posteriors
to the true parameter values of the simulations; if the qϕ
posteriors of the two out-of-distribution suites are consistent
with the true values, we conclude that qϕ is sufficiently
robust.

3. Results
In Figure 1, we present the posteriors of the ΛCDM cosmo-
logical parameters for B0 (blue), WST (orange), and CNN
(green) SIMBIG analyses. For comparison, we include the
posterior from the SIMBIG Pℓ analysis (gray). In each of
the contours we mark the 68 and 95 percentiles of the pos-
teriors. The posteriors are derived from galaxy clustering
alone and do not rely on any BBN or CMB priors. Overall,
the SIMBIG posteriors are statistically consistent.

For WST, we find that the constraints for Ωb and σ8 are 1.83
and 2.84× tighter than the results of Ivanov et al. (2020)
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Figure 2. S8 and H0 posteriors for the SIMBIG B0 (blue), WST (orange), and

CNN (green) analyses. We include the posterior from the I20 Pℓ analyses of CMASS-

SGC, for comparison (black dashed). All of the posteriors include a ωb prior from

BBN studies. With higher-order statistics, our S8 and H0 constraints are 1.92 and

1.51× tighter than the standard Pℓ constraints.

(hereafter I20) Pℓ. Meanwhile, WST does not improve Ωm,
h, and ns constraints. The improvement of WST over Pℓ is
more modest than in the forecasts (Eickenberg et al., 2022).
This is because we discard a significant amount of cosmo-
logical information in our analysis to ensure robustness. For
B0, our constraints are 1.40, 1.41, and 1.69× tighter than
the I20 analysis for Ωb, h, and ns, respectively. Meanwhile,
for Ωm and σ8, B0 is , 1.18 and 2.35× tighter than I20.
For CNN, the constraints are 2.40, 1.52, and 1.30× tighter
than I20 constraints for Ωb, h, ns. For Ωm and σ8, our
constraints are 1.03 and 2.65× more precise. In principle,
the CNN is capable of extracting even more cosmological
information from the galaxy field; however, similar to the
WST analysis, we restrict this to ensure robustness.

Overall, the SIMBIG higher-order clustering analyses pro-
duce significantly tighter cosmological constraints than the
I20 Pℓ analyses. Together, B0, WST, and CNN improve
Ωm, Ωb, h, ns, and σ8 by factors of 1.18, 2.40, 1.52, 1.69,
and 2.65 respectively. This is in spite of the fact that we
severely limit our WST and CNN analyses for robustness.
Nevertheless, our results firmly demonstrate that there is sig-
nificant additional non-Gaussian cosmological information.
More importantly, SIMBIG analyses are able to robustly
extract this information from observational data.
3.1. Cosmic Tensions
Our tighter constraints on cosmological parameters can
also inform the potential “cosmic tensions” — i.e. the dis-
crepancy between early and late universe measurements
of S8 = σ8

√
Ωm/0.3 and H0 (Abdalla et al., 2022). In

Figure 2, we present the S8 and H0 posteriors from the
SIMBIG analyses of B0 (blue), WST (orange), and CNN
(green). For comparison, we also plot the posterior for the
I20 Pℓ analysis of CMASS-SGC (black dashed). For these
posteriors, we impose a prior on ωb from BBN studies (Aver
et al., 2015; Cooke et al., 2018; Schöneberg et al., 2019).
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Figure 3. Comparison of the SIMBIG constraints to constraints in the literature from different cosmological probes for S8 (top) and H0 (bottom). For the SIMBIG H0

constraint, we include a ωb prior from BBN. The constraints from the literature are compiled from (Abdalla et al., 2022). Our S8 constraints are consistent with both CMB and

weak lensing constraints. Meanwhile our H0 constraints are consistent with CMB and in tension with supernovae constraints. Despite only using 10% of the BOSS volume, we

derive constraints that are competitive with other cosmological probes.

This prior significantly tightens our H0 posteriors but does
not impact our S8 constraints. Our S8 and H0 constraints
from B0, WST, and CNN are highly consistent with each
other. Compared to I20, we improve S8 by 1.92, 1.52, and
1.83×. They improve H0 by 1.51, 1.29, and 1.20×.

Next we compare our S8 and H0 posteriors to constraints in
the literature from galaxy clustering and other cosmological
probes (Figure 3). The constraints from the literature are
selected from (Abdalla et al., 2022). In the top panel, we
compare the SIMBIG S8 constraints (black) to constraints
from galaxy clustering (red), CMB (blue), weak lensing
(purple), and multi-probe (brown). Despite only analyzing
10% of the total BOSS volume, the SIMBIG higher-order
statistics analyses produce S8 constraints with precision
comparable to Pℓ analyses of the full BOSS volume. Fur-
thermore, the S8 constraints from the SIMBIG Pℓ, B0, and
WST analyses are statistically consistent with both CMB
and weak lensing. They lie in between the two probes and
slightly above the other BOSS galaxy clustering constraints.

Next, in the bottom panel of Figure 3, we compare the
SIMBIG H0 posteriors to constraints from wide variety of
cosmological probes: galaxy clustering (red), CMB (blue),
supernovae-Ia (SNIa; purple), and others (brown) compiled
from (Abdalla et al., 2022). The SIMBIG constraints are sig-
nificantly lower than the SNIa constraints and in good agree-
ment with CMB and other galaxy clustering constraints.

3.2. Upcoming Surveys and Future Steps
Despite only using 10% of the BOSS volume, we derive
S8 and H0 constraints that are competitive with other cos-
mological probes and clustering analyses of the full BOSS
volume. This is driven by the higher-order and non-linear
cosmological information we are able to robustly extract
with the SIMBIG approach. In short, our forward model-
ing approach improves S8 and H0 constraints by ∼2.0 and

1.5× over the standard PT Pℓ analysis. This improvement is
equivalent to applying the PT Pℓ analysis to a galaxy sample
that spans more than double the cosmic volume.

Yet, the improvement does not include all of the cosmolog-
ical information that can be extracted using higher-order
clustering statistics. For the WST and CNN, our constraints
are severely limited by robustness. We require the SIM-
BIG WST and CNN analyses to derive unbiased cosmologi-
cal constraints for a suite of test simulations constructed with
different forward models (Section 2.3). These procedures
discard a substantial amount of cosmological information
that we could otherwise recover, if we had a sufficiently flex-
ible forward model that could simultaneously describe the
training and test simulations. This would, however, require
developing a more flexible halo finder and HOD model. We
will explore this in future work.

In future work, we will extend SIMBIG to the next gener-
ation spectroscopic galaxy surveys: e.g. DESI, PFS, and
Euclid. These surveys will probe enormous cosmic volumes
with tens of millions of galaxies in epochs without precise
H0 or S8 constraints from other cosmological probes. We
highlight this in Figure 4, where we present the expected
1σ values of H0 (top) and S8 (bottom) constraints from
applying SIMBIG to DESI, PFS, and Euclid (black). The
forecasts are derived by scaling the SIMBIG constraints by
the volume of the suryve. For H0, upcoming surveys will
help bridge the gap between the late-time measurements
from SNe-Ia (SH0ES; red) and early-time measurements
from the CMB (Planck; blue). H0 constraints from other
probes, e.g. time delay lensing, have significantly larger un-
certainties that lie outside the range of the figure. Similarly,
for S8, DESI, PFS, and Euclid will bridge the gap between
S8 constraints from weak lensing surveys that probe LSS
at low redshifts and from CMB lensing and CMB at high
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redshifts. The shaded regions represent the lensing effi-
ciency kernel for weak lensing experiments (0.1 < z < 0.7;
Amon et al., 2022) and the mass-map weights for CMB
lensing (0.5 < z < 5.0; Madhavacheril et al., 2023).

Figure 4 demonstrates that by more fully extracting the cos-
mological information of upcoming galaxy surveys, SIM-
BIG can produce leading constraints on both S8 and H0.
With their precision levels and the extensive redshift range
of DESI and PFS, future SIMBIGanalyses will provide criti-
cal input into the cosmic tensions and potentially reveal new
physics beyond the standard ΛCDM model.

In future work, we will address the computational challenges
of extending SIMBIG to larger volumes. We will explore the
use of more efficient approximate N -body schemes (Feng
et al., 2016; Modi et al., 2021) and recent GPU implementa-
tions that accelerate them even further (Li et al., 2022). We
will also investigate the use of ML methods for enhancing
their accuracy (Dai et al., 2020; Schaurecker et al., 2021;
Jamieson et al., 2022).
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J., de Haro, J., Delabrouille, J., Denton, P. B., Dhawan,
S., Dienes, K. R., Di Valentino, E., Du, P., Eckert, D.,
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Aubourg, É., Bailey, S., Barkhouser, R. H., Bautista, J. E.,
Beifiori, A., Berlind, A. A., Bhardwaj, V., Bizyaev, D.,
Blake, C. H., Blanton, M. R., Blomqvist, M., Bolton,
A. S., Borde, A., Bovy, J., Brandt, W. N., Brewington,
H., Brinkmann, J., Brown, P. J., Brownstein, J. R., Bundy,
K., Busca, N. G., Carithers, W., Carnero, A. R., Carr,
M. A., Chen, Y., Comparat, J., Connolly, N., Cope, F.,
Croft, R. A. C., Cuesta, A. J., da Costa, L. N., Davenport,
J. R. A., Delubac, T., de Putter, R., Dhital, S., Ealet, A.,
Ebelke, G. L., Eisenstein, D. J., Escoffier, S., Fan, X.,
Filiz Ak, N., Finley, H., Font-Ribera, A., Génova-Santos,
R., Gunn, J. E., Guo, H., Haggard, D., Hall, P. B., Hamil-
ton, J.-C., Harris, B., Harris, D. W., Ho, S., Hogg, D. W.,
Holder, D., Honscheid, K., Huehnerhoff, J., Jordan, B.,
Jordan, W. P., Kauffmann, G., Kazin, E. A., Kirkby, D.,
Klaene, M. A., Kneib, J.-P., Le Goff, J.-M., Lee, K.-
G., Long, D. C., Loomis, C. P., Lundgren, B., Lupton,
R. H., Maia, M. A. G., Makler, M., Malanushenko, E.,
Malanushenko, V., Mandelbaum, R., Manera, M., Maras-
ton, C., Margala, D., Masters, K. L., McBride, C. K.,
McDonald, P., McGreer, I. D., McMahon, R. G., Mena,
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A. Details on the Forward Models
The SIMBIG forward model constructs simulated galaxy catalogs from QUIJOTE N -body simulations (Villaescusa-Navarro
et al., 2020) run at different cosmologies in a Latin-hypercube configuration. Each simulation has a volume of 1(h−1Gpc)3

and is constructed using 10243 cold dark matter (CDM) particles initialized at z = 127 using 2LPT and gravitationally
evolved until z = 0.5. From the N -body simulations, halos are identified using the phase space information of dark
matter particles with the ROCKSTAR halo finder (Behroozi et al., 2013). Afterwards, the halos are populated using the
halo occupation distribution (HOD; Berlind & Weinberg, 2002; Zheng et al., 2007) framework, which provides a flexible
statistical prescription for determining the number of galaxies as well as their positions and velocities within halos.

SIMBIG use a state-of-the art 9 parameter HOD model that supplements the standard (Zheng et al., 2007) model with
assembly, concentration, and velocity biases. The number of central and satellite galaxies in a halo is determined by its mass
and HOD parameters. Central galaxies are placed at the center of the halos while satellite galaxies are placed according to a
(Navarro et al., 1997) profile. On top of this, the SIMBIG HOD model includes assembly bias using the (Hearin et al., 2016)
decorated HOD prescription so that galaxy occupation depends on halo concentration, a proxy for its assembly history, in
addition to its mass. The model also includes concentration bias, which allow the concentration of satellites galaxies to
deviate from the NFW profile. Lastly, it also includes central and satellite velocity biases that allow the velocity of centrals
and satellites to be rescaled with respect to the host halo.

From the HOD galaxy catalog, SIMBIG then adds full BOSS survey realism by applying the survey geometry and
observational systematics. The forward modeled catalogs have the same redshift range and angular footprint of our observed
sample, including masking for bright stars, centerpost, bad field, and collision priority. Furthermore, SIMBIG also includes
fiber collisions, which systematically removes galaxies in galaxy pairs within an angular scale of 62′′.

The SIMBIG forward model is based on high resolution N -body simulations that accurately model the clustering of matter
down to non-linear scales beyond k = 0.5h/Mpc (Villaescusa-Navarro et al., 2020). It also uses halos identified using
ROCKSTAR which has been shown to accurately determine the location of halos and resolve their substructure (Knebe
et al., 2011). Furthermore, galaxies are populated using a highly flexible HOD model. Lastly, observational systematics are
included in the forward model. With these features, the SIMBIG forward model can generate mock galaxy catalogs that are
statistically indistinguishable from the observations. For further details on the forward model, we refer readers to (Hahn
et al., 2022) and (Hahn et al., 2023).

B. Details on Simulation-Based Inference
From the forward modeled galaxy catalogs, we use the SIMBIG SBI framework to infer posterior distributions of cosmo-
logical parameters for given a summary statistic of the observations: p(θ | x). The SBI framework enables cosmological
inference with a limited number of simulated forward models. This enables us to extract cosmological information on small,
non-linear, scales and using higher-order statistics, beyond standard cosmological analyses.

The SBI in SIMBIG is based on neural density estimation and uses “normalizing flow” models (Tabak & Vanden-Eijnden,
2010; Tabak & Turner, 2013). Normalizing flows use neural networks to learn an extremely flexible and bijective
transformation, f , that maps a complex target distribution to a simple base distribution, π(z), that is fast to evaluate. f is
defined to be invertible and have a tractable Jacobian so that the target distribution can be evaluated from π(z) by change
of variables. Since π(z) is easy to evaluate, this enables us to also easily evaluate the target distribution. In our case, the
target distribution is the posterior and the base distribution is a multivariate Gaussian. Among various normalizing flow
architectures, SIMBIG uses Masked Autoregressive Flow (MAF; Papamakarios et al., 2017) models.2

Our goal is to train a normalizing flow that best approximates the posterior, p(θ | x) ≈ qϕ(θ | x), by minimizing the KL
divergence between p(θ, x) = p(θ | x)p(x) and qϕ(θ | x)p(x). In practice, we first split the forward modeled catalogs into a
training and validation set with a 90/10 split. Then we maximize the total log-likelihood

∑
i log qϕ(θi | xi) over the training

set, which is equivalent to the KL divergence, using the ADAM optimizer (Kingma & Ba, 2017) with a learning rate of
5× 10−4. To prevent overfitting, 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 determine the architecture of our normalizing flow through experimentation. We train a large number of flows with
architectures determined using the (?) hyperparameter optimization framework and select the five normalizing flows with

2We use the MAF implementation in sbi Python package3 (Greenberg et al., 2019; Tejero-Cantero et al., 2020).
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Figure 4. Expected 1σ precision level of H0 (σH0 ; top) and S8 (σS8 ; bottom) constraints from applying SIMBIG to upcoming galaxy
surveys, DESI, PFS, Euclid (black). The width of σH0 and σS8 marks the redshift range of each sample. In the top panel, we include σH0

from the SH0ES SNIa (red), Planck CMB (blue), and Pℓ analyses (gray), for comparison. In the bottom panel, we include σS8 from weak
lensing (green), CMB and CMB lensing (blue), and Pℓ analyses (gray), for comparison. Future SIMBIG analyses will have the precision
and redshift range to provide key input into the H0 and S8 tensions and potentially reveal new physics beyond ΛCDM.

12



SIMBIG: Galaxy Clustering beyond the Power Spectrum

the lowest validation losses. Our final flow is an equally weighted ensemble of the flows: qϕ(θ | x) =
∑5

i=1 q
i
ϕ(θ | x)/5. We

find that ensembling flows with different initializations and architectures improves the overall robustness of our normalizing
flow.
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