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Abstract

We present the first simulation-based inference
(SBI) of cosmological parameters from field-level
analysis of galaxy clustering. Standard galaxy
clustering analyses rely on analyzing summary
statistics, such as the power spectrum, P, with an-
alytic models based on perturbation theory. Con-
sequently, they do not fully exploit the non-linear
and non-Gaussian features of the galaxy distri-
bution. To address these limitations, we use
the SIMBIG forward modelling framework to
perform SBI using normalizing flows. We ap-
ply SIMBIG to a subset of the BOSS CMASS
galaxy sample using a convolutional neural net-
work with stochastic weight averaging to per-
form massive data compression of the galaxy
field. We infer constraints on Q,,, = 0.29570-03¢
and og = 0.75370 030 that are 1.03x and 2.65x
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tighter than those from standard P, analyses. Our
analysis also provides constraints on the Hub-
ble constant Hy = 63.1 + 4.1 km/s/Mpc from
galaxy clustering alone. This higher constrain-
ing power comes from additional non-Gaussian
cosmological information, inaccessible with P;.
We demonstrate the robustness of our analysis
by showcasing our ability to infer unbiased cos-
mological constraints from a series of test sim-
ulations that are constructed using different for-
ward models than the one used in our training
dataset. This work not only presents competi-
tive cosmological constraints but also introduces
novel methods for leveraging additional cosmo-
logical information in upcoming galaxy surveys
like DESI, PFS, and Euclid.

1. Introduction:

Cosmological parameters play a crucial role in our under-
standing of the evolution and structure of the cosmos. These
parameters can be inferred from a variety of observational
data, including measurements of the statistical properties of
the large-scale structure (LSS) of the universe.

Traditionally, cosmological parameter inference has relied
on summary statistics — most often the power spectrum,
Py(k) (Beutler et al., 2017; Ivanov et al., 2020; Kobayashi
et al., 2022). Analyses also model galaxy clustering analyti-
cally using perturbation theory (PT; Bernardeau et al., 2002;
Desjacques et al., 2018). Consequently, these analyses have
been limited to large scales where the deviation from linear
PT is small. Moreover, by relying on P, these methods
discard non-Gaussian information. However, a recent line
of inquiry (e.g. D’Amico et al., 2022; Philcox & Ivanov,
2022) has established that there is significant non-Gaussian
cosmological information on non-linear scales. Another
major challenge of galaxy clustering analyses is their inabil-
ity to fully account for observational systematics, such as
fiber collisions (Hahn et al., 2017; Bianchi et al., 2018).
Finally, these analyses are limited by the assumed Gaussian
functional form of the likelihood function used.
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To overcome these limitations, we instead use Simulation-
Based Inference (SBI), which consists in using forward
models of the observables, instead of theoretical predic-
tions, and then predicting a posterior distribution over the
parameters. This method allows for the incorporation of
complex physical processes and modeling uncertainties, and
can provide more robust inferences than methods based on
analytical models. There have already been multiple appli-
cations of SBI in astronomy. In the specific context of ana-
lyzing galaxy clustering, Hahn et al.; 2022) introduced the
SIMulation-Based Inference of Galaxies (SIMBIG) forward
models, which produce realistic mock observations of the
Baryon Oscillation Spectroscopic Survey (BOSS) (Eisen-
stein et al., 2011; Dawson et al., 2012) Southern Galactic
Cap (SGC) at different cosmologies, and includes system-
atic effects such as survey geometry and fiber collisions.
Using these models, the authors were able to robustly infer
ACDM parameters from the BOSS CMASS-SGC. How-
ever, their analysis still relied on compressing to the power
spectrum, which was unable to capture the non-Gaussian
information present.

In this work, we extend the SIMBIG analysis by apply-
ing SBI to LSS directly at field-level. Specifically, we
use convolutional neural networks (CNNs) to perform a
step of massive data compression of the galaxy distribu-
tion, as has previously been done for SBI on weak lensing
maps (Jeffrey et al., 2021). With this approach, we ana-
lyze 109,636 galaxies from the Baryon Oscillation Spec-
troscopic Survey (BOSS) (Eisenstein et al., 2011; Dawson
et al., 2012) Southern Galactic Cap (SGC) CMASS sample
in the redshift range (0.45 < z < 0.6). To apply CNNs
to the data, we mesh the data into a box with voxel size
64 x 128 x 128, convert to a density field, and impose a
scale cut k < kpax = 0.28 h/Mpc.

2. Methods
2.1. Forward Models

We use the SIMBIG forward modelling pipeline (Hahn
et al., 2022) to generate field-level synthetic observations
that aim to be statistically indistinguishable from the real
BOSS observations. This pipeline consists of four distinct
steps: (1) N-body simulations, (2) a dark matter halo finder,
(3) a dark matter halo occupation distribution framework
(HOD), and (4) application of survey realism. A schematic
illustrating the pipeline is provided in Figure 1. For more
details on the forward models, we refer the reader to 2?.
Ultimately, the forward models are determined by 5 ACDM
cosmological parameters, €2,,,2, h,ns,og, and 9 HOD
parameters.

To construct our training set, we use 2,518 high-resolution
QUIJOTE N-body simulations arranged in a Latin hyper-

cube configuration (LHC), which conservatively encompass
the Planck cosmological constraints. For each simulation,
we forward-model 10 CMASS-like galaxy catalogs using
unique HOD parameters randomly sampled from a conser-
vative prior. We split the resulting 25, 180 simulations into
a 20,000 and 5, 180 training and validation set.

Additionally, in order to demonstrate that we can infer un-
biased cosmological constraints, we test our analysis on a
suite of “mock challenge” data sets specifically designed
for cross-validation with the BOSS CMASS sample (Hahn
et al., 2022; Hahn et al.). These include three different suites
of test simulations: (1) TESTO, 500 samples constructed us-
ing the same forward model as the training data, (2) TEST1,
500 samples constructed using a different halo finder and
HOD model, and (3) TEST2, 1,000 samples constructed
using a different /N-body simulation and halo finder.

2.2. Compression

CNNs are flexible functions that can be optimized to ex-
tract maximally relevant features from their inputs. In this
study, we train a three-dimensional CNN to compress the
density fields produced by the SIMBIG forward models to
the cosmological parameters of those models. Specifically,
the CNN takes as input the three-dimensional tensor repre-
senting the discretized forward model, x € R64*x128%128
and outputs a prediction of the ACDM cosmological pa-
rameters, 8 = {Q,,,, Q, h,ns, 08}, used to generate that
forward model.

The CNN architecture consists of 5 convolutional blocks
and 3 fully-connected blocks. Additionally, we include
significant levels of dropout and /5 regularization to ensure
robustness and generalizability, and thus protect against the
fact that the SIMBIG forward models, and in general any
forward model, are approximate.

In order to further prevent the CNN from overfitting on the
training set, we perform a weight marginalization step, con-
verting our CNN into a Bayesian Neural Network. Specifi-
cally, we use Stochastic Weight Averaging (SWA) (Maddox
et al., 2019; Wilson & Izmailov, 2020). SWA approximates
the posterior distribution of the weights of the CNN as a
Normal distribution, whose mean and covariance are cal-
culated from the weights of the network during a number
of previous optimization steps. By adopting this scheme,
SWA solutions tend to converge to the center of flat loss
regions, thereby leading to more stable and generalizeable
solutions (Wilson & Izmailov, 2020). Moreover, SWA has
already been applied to both astrophysics (Cranmer et al.,
2021) and cosmology (Lemos et al., 2023).

The compressed data that we feed as input to SBI is the
output of the SWA network: a set of 10 samples of the pos-
terior distribution weights of the CNN — a 50-dimensional
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Figure 1. Schematic illustrating the various elements of the SIMBIG forward modelling pipeline, which generates synthetic galaxy
catalogs that mimic the real BOSS observations. Given cosmological parameters O cosmo, We first run an N-body simulation. We then find
halos using ROCKSTAR. We build a galaxy catalog with our HOD presciption, which adds 9 more parameters sampled from a prior
distribution. We add survey realism to mimic the BOSS observational data. Finally, our CNN performs a step of data compression.

data vector. For more details on the specifics of the CNN
architecture, see Appendix B.

2.3. Simulation-Based Inference

After training the CNN, we use the SIMBIG SBI frame-
work to estimate posterior distributions of the cosmological
parameters, 8, from the compressed representation of the
observables obtained from the CNN, H. We represent this
posterior as p(86). To that end, we use Neural Posterior Es-
timation (NPE) (Rezende & Mohamed, 2015; Papamakarios
& Murray, 2016; Lueckmann et al., 2018; Lueckmann et al.,
2017; Greenberg et al., 2019). NPE uses a density estimator
to learn an approximation to the posterior distribution. In
this case, the training set consists of the ground-truth/CNN-
compressed {6, é} parameter pairs of the SIMBIG forward
models. We use the publicly available SBI implementation
from Tejero-Cantero et al. (2020). In previous SIMBIG
analyses, the authors employed a Masked Autoregressive
Flow (MAF; Papamakarios et al., 2017) as their density es-
timator. However, for our density estimator, we instead use
Neural Spline Flows (NSF; Durkan et al., 2019), a more
expressive alternative which have been shown to outperform
other methods such as Mixture Density Networks (MDN) or
MAFs. Denoting our NSF as ¢, (60|0), where ¢ represents
the hyperparameters, we train g4 by minimizing the KL di-
vergence between p(6, 0) and q¢(0|é)p(é). This is equiva-
lent to maximizing the log-likelihood over the training set
of SIMBIG forward models. For a more robust inference,
we use an ensemble of five NSFs (Lakshminarayanan et al.,
2017), which have been shown to produce more reliable
approximations (Hermans et al., 2022).

2.4. Validation

Before applying our analysis to observations, we validate
our NDE on the suite of test simulations described in Sec-
tion 2.1. Specifically, we follow Hahn & Melchior (2022)
and assess robustness by comparing the likelihoods over

the three test sets. We do this by computing the posterior
mean £ and standard deviation o for each parameter and
each test simulation, and then studying the difference be-
tween £ and the true parameter value %9 in units of ¢. For
a robust pipeline, we expect to find consistency of these
estimates across all three datasets. On the other hand, varia-
tions between the distributions across the data sets would be
indicative of likelihood variations as we change the forward
model.

3. Results
3.1. Validation Tests

Before applying our NDE to the observational data, we vali-
date our pipeline on the SIMBIG mock challenge data. Fig-
ure 2 (a) shows the marginalized two-dimensional posterior
distribution in {2,,,, og} for 10 randomly selected simula-
tions from each of the test sets. We see how in all three test
sets, the posteriors appear to be well calibrated and unbiased.
Figure 2 (b) shows a more quantitative metric, by plotting
an estimated difference between the likelihoods of the three
forward models, as described in Section 2.

The fact that Figure 2 (b) shows similar distributions for
all parameters across test sets indicates that our posterior
inference is robust to these variations in the forward model.
This is likely helped by the use of weight marginalization,
which leads to better generalization properties.

These validation tests form a crucial part of our analysis.
We note that it is possible to obtain significantly tighter
constraints that pass only validation tests on only TESTO
or the training data. However, in doing so, we would need
to assume that our forward model accurately models every
aspect of the observations. Given the complexities of galaxy
formation, any forward model of galaxy clustering is an
approximate model. Hence, validating that we can success-
fully infer unbias cosmological constraints from simulated
test galaxy catalogsgenerated with different forward models
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(a) Posterior distributions for (Q,, os). Each row shows 10 randomly selected examples taken from each test set, as labeled. True
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(b) Distributions of the differences between the posterior mean  and the true parameter 829 normalized by the posterior standard
deviation o, for each cosmological parameter and test set.

Figure 2. Validation of our neural density estimator on the SIMBIG mock challenge data.

(TEST1 and TEST?2) serves a powerful test against model
misspecification, even if it come at the expense of significant
constraining power.

3.2. Parameter Constraints

In Figure 3, we present the marginalized posterior distribu-
tions of the ACDM cosmological parameters, €,,, and os.
We present the CNN constraints (orange) and compare them
to those obtained from the SIMBIG P, analysis (grey; Hahn
et al.). We also include constraints from the PT based P,
analysis of the CMASS SGC sample (dashed; Ivanov et al.,
2020).

Our field-level analysis using the CNN provides tighter,
yet consistent, constraints on og and 2, to the previous
BOSS analyses. Specifically, our constraints on €2,, and
og are 1.76x and 1.92x tighter than the SIMBIG P, anal-
ysis and 1.03x and 2.65x tighter than the P,. This higher

constraining power is expected. Indeed, in using the CNN
to compress the data, our posterior estimator is able to ex-
ploit non-Gaussian cosmological information on non-linear
scales that is inaccessible to P, analyses. Moreover, in
using the SIMBIG SBI approach, we are able to more ro-
bustly account for observational systematics compared to
the standard clustering analyses.

With our field-level analysis, we also can place significant
constraints on Hy = 63.1 £ 4.1 km/s/Mpc, albeit weaker
than those on (2,,, and og. This is in contrast to standard
P, analyses, which cannot independently constrain Hy and
typically rely on priors from Big Bang Nucleosynthesis or
CMB experiments. Our constraints support a low value of
Hy, although we do not have not have enough constraining
power to make strong statements. We also achieve good
agreement with Planck. We will further investigate the
consequences of this result, and how they compare with
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Figure 3. Left: Posterior distributions for all ACDM cosmological parameters from our CNN-based field level inference of BOSS
observations (orange). For comparison, we include the SIMBIG P analysis (gray). The contours represent the 68% and 95% confidence
intervals. Right: Posterior distributions for €,,, and os. For comparison, we include posteriors from the SIMBIG P, analysis (gray) and
the standard PT-based P, analysis (black dashed; Ivanov et al., 2020)

other surveys and cosmological probes in (Collaboration,
2023).

4. Conclusions

In this paper, we have presented constraints from field-level
CMASS galaxy catalogs using a SBI approach. We have
shown that our inference pipeline passes a number of strin-
gent validation tests, including using a different halo finding
algorithm and simulation code. These tests provide key
validation against the main concern of this type of analy-
sis, model misspecification. We have also shown that our
method provides tighter constraints on the cosmological pa-
rameters than methods based on compressing the data to the
power spectrum, both in likelihood-based and simulation-
bases analysis. However, our constraints remain consistent.

As simulations become more realistic and efficient in the fu-
ture, we will be able to extend our analyses to smaller scales
an the larger volumes covered by upcoming surveys such as
the Dark Energy Spectroscopic Instrument (DESI; Collabo-
ration et al., 2016a;b; Abareshi et al., 2022), Subaru Prime
Focus Spectrograph (PFS; Takada et al., 2014; Tamura et al.,
2016), the ESA Euclid satellite mission (Laureijs et al.,
2011), and the Nancy Grace Roman Space Telescope (Ro-

man; Spergel et al., 2015; Wang et al., 2022). Our results
demonstrate that these analyses will be able to produce
leading cosmological constraints from galaxy clustering.
The methodology and tests presented in this paper lays the
groundwork for such analyses.
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A. Data

In this section, we describe in greater detail the observational data on which our cosmological parameters are inferred, as
well as the synthetic training and test data generated.

A.1. Observational Data

We use a sample of CMASS Luminous Red Galaxies from the BOSS Data Release 12 as our observational data'. We
limit our analysis to the subsample of CMASS sample at the Southern Galactic Cap (SGC) within the angular footprint,
DEC > —6 deg. and —25 < RA < 28 deg., and redshift range, 0.45 < z < 0.6. The reason for this is that the QUIJOTE
simulation boxes are not big enough to include the rest of the CMASS sample. In total, our sample consists of 109,636
galaxies. Visual illustrations of the sample can be found in (Hahn & Melchior, 2022; Hahn et al., 2022).

A.2. SIMBIG Forward Model

We use the SIMBIG forward modelling pipeline (Hahn et al., 2022) to generate field-level synthetic observations that aim
to be statistically indistinguishable from BOSS observations. This pipeline consists of four distinct steps: (1) N-body
simulations, (2) a dark matter halo finder, (3) a halo occupation distribution framework (HOD), and (4) application of survey
realism. A schematic illustrating the pipeline is provided in Figure 1.

The N-body simulations are taken from the QUIJOTE suite (Villaescusa-Navarro et al., 2020). The simulations evolve
10243 cold dark matter particles from z = 127 to z = 0.5 in a cosmological volume 1(h~1Gpc)? using the TreePM
GADGET-III. These simulations accurately model matter clustering down to non-linear scales beyond & = 0.5h/ M pe.

From these N-body simulations, dark matter halos are identified using the ROCKSTAR halo finder (Behroozi et al., 2012a).
The ROCKSTAR approach has been shown to robustly and accurately track dark matter halo location and substructure
using phase-space information (Behroozi et al., 2012b). Then, halos are populated with a state-of-the-art HOD framework.
Specifically, the standard Zheng, et al. (Zheng et al., 2007) HOD model, which populates halos using M}, and five free HOD
parameters, is expanded by including assembly, concentration, and velocity biases. These biases add the necessary flexibility
to account for recent evidence suggesting that galaxies occupy halos in ways that depend on halo properties beyond My, (e.g.
assembly history; Hadzhiyska et al., 2021; Vakili & Hahn, 2019; Zentner et al., 2019; Hadzhiyska et al., 2022b; More et al.,
2016).

Finally, survey realism is applied to the HOD galaxy catalog to produce a CMASS-like galaxy catalog. First, the 1(h~'Gpc)?
box is remapped to a cuboid (Carlson & White, 2010) and then cut to the BOSS survey geometry. Then, the galaxy catalog
is trimmed to z € (0.45,0.6), and fiber collisions are applied. Ultimately, the forward models are determined by 5 ACDM
cosmological parameters, €2,,, {2y, h, ng, 0g, and 9 HOD parameters. We refer readers to Hahn et al. (2022); Hahn et al. for
further details.

To construct our training set, we use 2,518 high-resolution QUIJOTE N-body simulations arranged in a Latin hypercube
configuration (LHC). The LHC imposes uniform priors on the cosmological parameters, which conservatively encompass
the Planck cosmological constraints. For each simulation, we forward-model 10 CMASS-like galaxy catalogs using unique
HOD parameters randomly sampled from a conservative prior. We split the resulting 25, 180 simulations into a 20, 000 and
5, 180 training and validation set.

A.3. Test simulations

In order to demonstrate that we can infer accurate and unbiased cosmological constraints, we test our analysis on three
different sets of realistic test simulations that differ from the training dataset and have been developed within SIMBIG and
introduced in (Hahn et al., 2023): TESTO, TEST1, and TEST2.

TESTO uses QUIJOTE N-body simulations that have the same specifications as those arranged in the LHC, but were run
at a fiducial cosmology with ,,, = 0.3175,€, = 0.049,h = 0.6711,ns = 0.9624, 0g = 0.834. The halo finder, HOD
framework and survey realism are the same as those used in the training set, but the HOD parameters span a narrower prior.
This test dataset contains 500 synthetic galaxy catalogs.

"https://data.sdss.org/sas/drl2/boss/lss/
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TEST!1 involves the same N-body simulations as TESTO, but a different halo finder: the Friend-of-Friend algorithm (Davis
et al., 1985). Moreover, assembly, concentration, and satellite velocity biases are not considered in the HOD model. Central
velocity bias is implemented, as the halo velocities in FoF halo catalogs correspond to the bulk velocity of the dark matter
particles in the halo rather than the velocity of the central density peak of the halo. This test dataset contains 500 synthetic
galaxy catalogs.

TEST?2 uses 25 ABACUSSUMMIT N-body simulations (Maksimova et al., 2021) in the “base” configuration of the suite.
The simulations contain 69122 particles in a (2~ 'Gpc)? volume box. Halo catalogs are constructed from these simulations
using the COMPASO halo finder (Hadzhiyska et al., 2022a) and each of them is divided into 8 boxes of volume 1(h~1Gpc)?.
Halos are populated with galaxies using the same HOD model implemented in the training set, with HOD parameters that
sample the same narrower priors used in TESTO. This test dataset contains 1,000 synthetic galaxy catalogs.

All three test datasets incorporate the same survey realism as the training dataset to produce CMASS-like galaxy catalogs.

A.4. Galaxy Density Field

To apply CNNss to our observational and simulated galaxy samples, we mesh the galaxy distribution into a box, with voxel
size 64 x 128 x 128. We choose this size because divisibility by two allows for easier downsampling in the CNN. First, we
place the distribution into a [707, 1414, 1414] Mpc/h box and convert it into a 3D density field using a cloud-in-cell mass
assignment (Birdsall & Fuss, 1969). For our observational sample, we include systematics weights for multiple effects,
redshift failures, stellar density, and seeing conditions (Ross et al., 2012; Anderson et al., 2012), in the mass assignment.

Since our data occupies a [577.3, 1414, 1224] Mpc/h box, we fill some of the box with zero-valued voxels. Our voxels have
size ~ [11,11, 11] Mpc/h, thus we impose an effective scale cut of k < kpyax = 0.28 h/Mpc. While this is larger than the
scale cut imposed in the SIMBIG F; analysis (Hahn et al.), we find that it is sufficient to place significant cosmological
constraints. Moreover, pushing to even smaller scale cuts presents significant computational challenges in terms of the
required memory.

B. Convolutional Neural Network
We provide additional details about the architecture and hyperparameters of our 3D CNN in this section.

The CNN architecture consists of 5 convolutional blocks. Each convolutional block begins with a convolutional layer that
convolves its input with a number of 3 x 3 x 3 kernels. This convolution is performed with 1-voxel zero-padding. This is
followed by a rectified linear unit (ReLU). The output of the ReLU unit is then downsampled using max-pooling, which
enables the network to learn features at increasing scales by reducing the size of its internal representations. Finally, batch
normalization is applied, which typically speeds up training and enables generalization (Santurkar et al., 2018). Following
the convolutional blocks, the activation maps are flattened and fed into three fully-connected layers that output 6. These
layers also use ReLU activation functions, but do not perform batch normalization.

In order to prevent overfitting on the training simulations, we include in the CNN’s final architecture significant levels of
dropout. This technique randomly sets to zero a percentage of neuron activations during training. Specifically, we use
dropout percentages of p = 0.15 for each convolutional block and p = 0.4 for each fully connected blocks. Additionally, we
introduce a large /o penalty term with normalization value A = 0.0275 on the network weights. In applying dropout in both
the convolutional and fully connected layers, the network is forced to train on a smaller subset of active neurons, leading to
underutilization of the network’s capacity. Moreover, with the {5 penalty term in the loss function, the network’s flexibility,
and subsequently its ability to learn specific features, is limited. While these measures ultimately limit the constraining
power of the CNN, they ensure robustness and generalizability, and thus protect against the fact that the SIMBIG forward
models, and in general any forward model, are approximate.

CNN training is performed using a supervised learning approach. Specifically, we optimize the weights of the network
to minimize the mean-squared-error (MSE) loss between énormed and 032‘;;6(1, where we normalize both 8 and 8% to
(0, 1), to prevent their varying ranges from affecting the loss differently. The optimization is performed using Stochastic
Gradient Descent (SGD) with momentum 3 = 0.9. The neural network is trained in mini-batches of 32 maps. We use the
OneCycleLR learning rate scheduler, which involves gradually increasing and then decreasing the learning rate during a
single training cycle, and has been shown to lead to faster convergence and improved generalization (Smith & Topin, 2019).

We use a maximal learning rate of » = 0.01. During training, the input maps are also randomly flipped horizontally and
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vertically with p = 0.5 to further improve network generalization. We train the CNN on a single A100 GPU core until the
MSE computed on the validation set has not improved for 20 consecutive epochs. Training the CNN in this context takes
roughly 8 hours. Our CNN is implemented using PYTORCH (Paszke et al., 2019).

The CNN’s architecture and hyperparameters are determined through experimentation and are roughly modelled off of
previous successful image classifiers (Szegedy et al., 2016; Krizhevsky et al., 2017). To determine the specifics of our
network, we train 60 networks using the Optuna hyperparameter framework (Akiba et al., 2019). Specifically, we vary
the number of convolutional blocks between 3 and 6, the number of fully-connected layers between 1 and 6, the base
number of channels of the convolutional blocks between 2 and 14, the width of the fully-connected layers between 128 and
1024, the dropout in both convolutional and fully-connected layers between p = 0 and p = 0.5, the {5 penalty between
A=10"%and A\ = 1071, and the max learning rate between r = 107% and r = 1072, Ultimately, we aim to maximize the
network’s ability to extract relevant features from the galaxy density field while maintaining its ability to generalize beyond
the SIMBIG training simulations. To that end, we select the network configuration that maximizes the network’s MSE on
the held-out validation models while minimizing the ratio between training MSE and validation MSE. However, in order to
pass the validation tests on the out-of-distribution TEST1 and TEST2, we found that it was necessary to impose slightly
stricter regularization on the network. To that end, the dropout and /5 terms were increased through trial-and-error from the
optuna output to their reported values.

B.1. Weight Marginalization

In order to further prevent the CNN from overfitting on the training set, we perform a weight marginalization step, converting
our CNN into a Bayesian Neural Network (BNN). In contrast to other neural networks, BNNs train the model weights as
a distribution rather than searching for an optimal value. This allows them to capture the uncertainty in the weights and
outputs of the model. The ultimate goal of BNNSs is to quantify the uncertainty introduced by the models in terms of outputs
and weights so as to explain the trustworthiness of the prediction. There are multiple methods for weight marginalization,
such as Monte Carlo Dropout (Gal & Ghahramani, 2016) or Variational Inference (Graves, 2011).

In this work, we use Stochastic Weight Averaging (SWA; Maddox et al., 2019; Wilson & Izmailov, 2020). SWA is predicated
on the observation that the parameters of deep neural networks often converge to the edges of low-loss regions. This
edge-type convergence is sub-optimal, as these solutions are more susceptible to the shift between train and test error
surfaces. SWA approximates the posterior distribution of the weights of the CNN as a Normal distribution, whose mean and
covariance are given by
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respectively, where w are the weights of the network, n is the time step during network optimization/training, and Ny, are
the total steps over which SWA is performed.

By adopting this scheme, SWA solutions tend to converge to the center of flat loss regions, thereby leading to more stable
and generalizeable solutions. Indeed, SWA has already been shown to lead to better generalization to out-of-distribution
data (Wilson & Izmailov, 2020), which is expected to improve the robustness of our analysis. Moreover, SWA has been
shown to outperform competing methods in multiple tasks (Maddox et al., 2019), and has been previously applied to
astrophysics (Cranmer et al., 2021) and cosmology (Lemos et al., 2023). We use the publicly available COSMOSWAG
implementation®. The compressed galaxy field that we feed as input to SBI is the output of the SWA network: a set of 10
samples of the posterior distribution weights of the CNN — a 50-dimensional data vector.

2https ://github.com/Pablo-Lemos/cosmoSWAG
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