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ABSTRACT

We present a field-level inference of cosmological parameters using the SDSS BOSS LOWZ NGC galaxy
distribution that goes beyond conventional clustering statistics by directly summarizing the galaxy point clouds
with a PointNet-based architecture, Minkowski-PointNet, which preserves information down to individual
galaxy positions. Building on our previous work (Lee et al. 2024), we first construct 22,400 mock galaxy light-
cone catalogs from high-accuracy N-body simulations that incorporate observational effects, while varying €2,,,
o3, and halo occupation distribution (HOD) parameters. We then train and compare three models: using only
the point cloud (CLOUD), only the power spectrum multipoles up to k < 0.5 2~'Mpc (PS), and a combination
of the two (PS+CL0OUD). Summary statistics are extracted through fully connected layers for the PS model and
Minkowski-PointNet for the point cloud, and the resulting predictions are calibrated with neural posterior
flows for final inference. Our results yield Q,,, = 0.287f8:8§(2) and og = 0.776f8:823 forPS, Q,, = 0.410f8;8‘3‘2 and
o3 = 0.83270:033 for CLOUD, and Q,, = 0.30810057 and o3 = 0.79470:03; for PS+CLOUD. The offset between the
PS and CLOUD models suggests that each captures complementary information from different clustering regimes.
These results demonstrate, for the first time using point cloud-based neural networks and high-accuracy light-
cone mocks, that summary statistics derived from point clouds can complement conventional clustering statistics
for cosmological inference from observations — particularly for future high-resolution mocks, once epistemic

2 uncertainties are properly controlled.

20 Keywords: Cosmological parameters from large-scale structure (340), Neural networks (1933)

30 1. INTRODUCTION

1 Now widely regarded as successful, the concordance
s2 model of our Universe, the ACDM cosmology, has been
33 remarkably effective in constraining a wide range of cos-
s mological observables, most notably the cosmic microwave
35 background and large-scale structure (Efstathiou et al. 2002;
3 Tegmark et al. 2004; Planck Collaboration et al. 2020). And
a7 yet, recent studies suggest possible extensions to the model,
s including an evolving dark energy equation of state and mas-
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30 sive neutrinos (Lesgourgues & Pastor 2006; Adame et al.
w0 2025; Shao et al. 2025). Moreover, different observables
a1 yield discrepant estimates of key cosmological parameters,
a2 particularly the Hubble constant and Sg (Abdalla et al. 2022;
s Hu & Wang 2023). These developments motivate increas-
s ingly precise measurements and stringent tests of the concor-
s dance model, especially in the nonlinear regime (Amon &
s Efstathiou 2022; Hahn et al. 2024; Philcox et al. 2024).

a7 The spatial distribution of galaxies, as biased tracers of
ss the underlying matter field, encodes rich information about
o cosmological initial conditions and parameters (Desjacques
so et al. 2018). Upcoming wide-field surveys such as DESI
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2 LEE ET AL.

(DESI Collaboration et al. 2016), PFS (Takada et al. 2014}  Furthermore, traditional analyses relying on an assumed
LSST (lvezt et al. 2019), Euclid (Euclid Collaboration et al. 1« Gaussian likelihood for the summary statistics may not
2022), and Roman (Ei er et al. 2021) will cover larger vol- s fully capture the non-Gaussian features present in the data.
umes and higher redshifts, substantially increasing surveys Simulation-based Inference (SBI) provides a likelihood-free
depth and galaxy density. This motivates extending inferw, framework for parameter estimation when the likelihood is
ence pipelines to highly nonlinear scales, where additionals intractable or high-dimensional, using neural density esti-
information can improve cosmological constraints. 100 Mators to approximate the probability density in a tractable
Our study aims to infer the posterior distribution of cos-1.0 yet expressive way (Cranmer et al. 2020). SBI has been
mological parameters from the spatial distribution of galax+: widely applied and shown to constrain cosmological parame-
ies, i.e. P(kosmdx"), where Josmoare the parameters and u: ters from a range of observables, including the CMB, galaxy
xN the redshift-space positions of N galaxies. Given the: clustering, weak lensing, and galaxy photometry (Lemos
high dimensionality of current surveys (N F) and future . et al. 2023b,c; Thomsen et al. 2025; Lovell et al. 2025; Ho
datasets, it is essential to use summary statistic¥)3bat uset al. 2024).
are both informative and tractable, ideally preserving the inne A major effort to infer cosmological parameters from the
formation in the full dataset while greatly reducing dimen-.- spatial distribution of galaxies is the SIMulation-Based In-
sionality. A standard approach relies on two-point statistics:s ference of Galaxies project (SimBIG; Hahn et al. 2023a,b).
(Peebles 1981; Cole et al. 2005). Perturbative frameworksy, This program has demonstrated improved constraints using
including the effective eld theory of large-scale structure i non-standard summaries such as CNNs (Lemos et al. 2023c),
(EFTOfLSS; Carrasco et al. 2012; Baumann et al. 2012; Cak=. Wavelet Scattering Transform @galdo-Saint Blancard et al.
rasco et al. 2014), can accurately model clustering up te. 2024), bispectra (Hahn et al. 2023c, 2024), skew spectra
mildly nonlinear scales and have yielded tight cosmologi+.: (Hou et al. 2024), and marked power spectra (Massara et al.
cal constraints (d'Amico et al. 2020; Nishimichi et al. 2020; 124 2025). These analyses typically adopt conservative scale cuts
Philcox & Ivanov 2022; Novell-Masot et al. 2025). However, 15 (€.g. k . 0:5 h ! Mpc) to account for nite particle resolu-
as theoretical models become unreliable on small scaless tion.
analyses typically exclude them and focus on larger scales; In this work, we perform a eld-level inferenéeby con-
often assuming a Gaussian likelihood. 128 Structing a neural network that operates directly on individ-
Various summary statistics have been proposed to extract ual galaxy positions, exploiting clustering information down
higher-order information from galaxy positions, including s to the smallest scales without an explicit scale cut. While
marked power spectra (Philcox et al. 2020; Massara et ak: scales below the mean interparticle spacing are shot-noise
2023, 2025), void statistics (Kreisch et al. 2022; Bayer et ahs» dominated, the network can still capture residual correla-
2021; Kang & Lee 2025), Wavelet Scattering Transformuss tions. Lee et al. (2024) presented a proof-of-concept us-
(Cheng et al. 2020; Eickenberg et al. 2022; Valogiannis &s. ing point clouds, but relied on approximate simulations (L-
Dvorkin 2022), density-split clustering, k-nearest neighbotss PICOLA; Tassev et al. 2013; Howlett et al. 2015) and do-
statistics, and bispectra (ThBeyond-2pt Collaboration et alzs main adaptation, complicating interpretation. Here, we ex-
2025). More recently, deep neural networks that respect: tend this work using full N-body light-cone simulations,
physical symmetries have enabled data-driven summary exs eliminating the need for cross-domain calibration and, un-
traction (Ting 2025a). Within Geometric Deep Learningis like SIMBIG, self-consistently incorporating redshift evo-
(Bronstein et al. 2021), models such as convolutional neu=o lution and observational effects. Our inference pipeline is
ral networks (CNN; Fluri et al. 2019; Lu et al. 2023; Lemos:.2 summarized in Figure 1. We forward-model galaxy redshift-
et al. 2023c; Sez-Casares et al. 2026), DeepSets (Cuesta= space positions using N-body light-cone simulations that
Lazaro & Mishra-Sharma 2024; Chatterjee & Villaescusaxss incorporate galaxy—halo connections and observational ef-
Navarro 2024), graph neural networks (GNN; Villanueva-i. fects (Section 2.2). From these simulations, we derive both
Domingo & Villaescusa-Navarro 2022; Villanueva-Domingo s power spectra and data-driven point cloud summaries (Sec-
et al. 2022; Shao et al. 2023; de Santi et al. 2023; Lehmaia tion 2.3), which are then used for likelihood-free inference
et al. 2025), and topological analyses (Calles et al. 2025; Leer (Section 2.4). The results of this pipeline are presented in
& Villaescusa-Navarro 2025) have proven effective. Recent
benChmarks f:ompare.these models with conventional two- 1 Here, following the de nition in Lemos et al. (2023c), we refer to our infer-
point correlation functions (Balla et al. 2024; Huang et al. ence’pipeline as eld-level to emphasize that, althc;ugh the galaxy catalog
2025), but they mostly rely on simulations without observa- is formally a point process rather than a continuous eld, our neural net-

100 tional systematics, typically using real-space positions and works operate directly on the uncompressed galaxy distribution instead of

101

datasets of only a few thousand galaxies—far fewer than jn ~ ©" reduced statistical summaries such as power spectra.

wgurrent surveys.
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Figure 1. Overview of the complete work ow developed for this study. Data products and summary statistics are shown in blue rounded boxes,

purple boxes represent the forward and inverse models, and the green rounded box indicates the nal posterior for the observation. The pipeline
is consisted of two main steps. The former step, forward modeling, creates a dataset of power spectrum multipoles and point clouds. The dataset
is generated out of highly accurate N-body simulations, and are processed through halo occupation models and are subjected to observationa

effects. The latter step, inverse modeling and inference, begins by creating compressed summary statistics via summary ngtwinks (S
summary statistics are then transformed into calibrated posterior distributions using normalizing ows as a neural posterior est)mator (q
which correct biases and capture the predictive distribution of the cosmological parametesg)'‘@onditioned on the network summaries.

18 Section 3, followed by discussions and conclusions in Seass for consistency with Lee et al. (2024), we utilize the identi-

itons 4 and 5, respectively. 170 cal cropped region of 0:15 <z < 0:4, RA= 156-240, and
i DEC>0 (see Figure 2). One key difference is that, unlike
150 2. METHODOLOGY w2 Lee et al. (2024), we do not use the value-added catalogs

173 containing stellar mass estimates for the observed galaxies,
174 Since our analysis relies exclusively on clustering informa-

=2 We select the same observational target as in Lee et gl tion modeled through halo occupation distribution (HOD)
13 (2024), namely the SDSS BOSS LOWZ Northern Galactic_ modeling, which is explained in Section 2.2.

152 Cap (NGC) catalog. This catalog, part of SDSS-1lI (Eisen-
15 Stein et al. 2011), represents a lower-redshift (z . 0:4) sub-
156 Set of the Baryon Oscillation Spectroscopic Survey (BOSSY’
157 Dawson et al. 2013), which extends earlier SDSS surveyss  In this study, we run 700 N-body, dark matter-only (DMO)
15 t0 fainter and more distant luminous red galaxies (LRGsij» simulations, which are further processed into 22,400 mock
159 Eisenstein et al. 2001). LRGs are passive and red galaxies galaxy catalog, by applying the 32 different combinations of
160 that remain observable to higher redshifts due to their sig- :lHlOD model parameters.

11 Ni cant luminosity. They are highly biased tracers of thew. We model the gravitational evolution of the dark matter
152 large-scale structure (LSS), with a typical correlation lengthss distribution with GapceT-4 (Springel et al. 2021). Each run
12 0f 10 h! Mpc, and are predominantly central galaxies residss follows 60 dark matter particles contained within a cubic
14 ing in halos of masses 3®-101h! M (Zheng etal. 2009). 15 volume of (1200 H Mpc)3. To maintain physical realism,

s We use the LSS catalog, a cleaned and weighted subsetwe construct light-cone octants with the observer placed at
16s Of the full BOSS LOWZ NGC target catalog that accountsisr the origin, thereby avoiding spurious large-scale clustering
167 for various systematics such as incompleteness from redshift induced by remapping schemes (Carlson & White 2010).
1es failures and variability of seeing (Reid et al. 2016). Finally,1ss The simulations are initialized at z = 100 using second-

151 2.1. Observational Target

2.2. N-body Simulations and Galaxy Mocks
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Figure 2. Comparison between an example mock galaxy catalog (left) and the observed SDSS BOSS LOWZ NGC sample (right). Identical
observational systematics, including masking and ber-collision effects, are applied. Galaxy distribution as seen from the origin with galaxies
at higher redshift shown in darker colors for both panels. In this study, the raw three-dimensional galaxy distributions provided by these
catalogs, or point clouds in the context of machine learning, are used as inputs to the CLOUD and PS+CLOUD models. For more information, <
Sections 2.1 and 2.2.

10 Order Lagrangian Perturbation Theory, as implemented ins the satellites. We generate 32 Sobol sequence samples within
11 NGenic (Springel 2015), and evolved to z = 0:1. We adopt. the parameter bounds logd 2 [12;14], Siogm 2 [0:1;0:6],
122 @ Plummer-equivalent softening length of 5D kpc, cor- 2 logMg 2 [13;15], a 2 [0:0;1:5], and logM 2 [13;15] (for
103 responding to 1=40 of the mean spacing between particless more information, see Zheng et al. 2007). For each of the
10a ACross the suite, cosmological parameters are varied via- halo catalogs from 700 simulations, the same combination of
15 @ Latin hypercube sampling over,\2 [0:1;0:5] and § 218 32 HOD parameters is applied with varying random seeds,
106 2 [0:6;1:0]. All remaining cosmological parameters are xed s resulting in a total of 22,400 galaxy catalogs. This prescrip-
17 to h=0:674 and W= 0:048, assuming a at LCDM cosmol- 20 tion adds another ve parameters on top of the two varying
egy with a cosmological constant. 2212 cosmological parameters. This exibility aims to empirically
190 Next, we identify halos using the Rockstar halo nder 222 account for the impact of baryonic physics in galaxy cluster-
200 (Behroozi et al. 2013), with a minimum number of 20 par-22: ing, that is inherently missing in the DMO simulations.
201 ticles. Then we convert halo catalogs into galaxy catalogs;:  The galaxies are placed in redshift space, and we mimic
202 USING a galaxy-halo connection model. We add more exi—zs the observational systematics of the SDSS BOSS LOWZ
203 bility by using the HOD formalism of Zheng et al. (2007), in 22s NGC catalog. Following Lee et al. (2024), we use the
204 CONtrast to Lee et al. (2024) which explored models based as&r Make _Survey code to apply the acceptance and veto MaNGLE
205 constant stellar-to-halo mass relations and abundance match-masks (Swanson et al. 2008), and account for ber collisions
26 iNg. Here, the mean occupation function of central galax=s with a collision radius of 62using nsobvkiT (Hand et al.
207 ies (hNer(M)) corresponds to Eq.(1), and that of satellites .s 2018). The redshift cuts are made so that all galaxies lie

20hNsa(M)i) corresponds to Eq.(2): 2awithin 0:15 < z < 0:4 (see Figure 2).
22 Lee et al. (2024) leveraged fast perturbative simulations
- hNser(M)i = 1 1+erf logM 1ogM min (1) == generated with L-PICOLA (Tassev et al. 2013; Howlett et al.
2 SlogM 23 2015), which enable rapid mock production but with biased
) M Mg @ 235 clustering on small scales due to dispersive effects. This re-
e hNsa(M)i=hN cer(M)i M, @ quired domain adaptation techniques calibrated against a lim-

237 ited set of full N-body simulations. In contrast, our new mock

>n The actual occupation is based on a nearest-integer distribys; catalogs are constructed from N-body simulations, which en-
212 tion for the central galaxies and the Poisson distribution for
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