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26Université Grenoble Alpes, CNRS, LPSC-IN2P3, 38000 Grenoble, France

PHYSICAL REVIEW D 113, 083501 (2026)

2470-0010=2026=113(8)=083501(39) 083501-1 Published by the American Physical Society

https://orcid.org/0000-0002-0309-9021
https://ror.org/05a28rw58
https://ror.org/05a28rw58


27Department of Physics and Astronomy, University of Waterloo,
200 University Avenue West, Waterloo, Ontario N2L 3G1, Canada

28California Institute of Technology, 1200 East California Boulevard, MC 249-17,
Pasadena, California 91125, USA

29University Observatory, LMU Faculty of Physics, Scheinerstrasse 1, 81679 Munich, Germany
30School of Physics and Astronomy, Cardiff University, CF24 3AA, United Kingdom

31Jet Propulsion Laboratory, California Institute of Technology,
4800 Oak Grove Drive, Pasadena, California 91109, USA

32Department of Applied Mathematics and Theoretical Physics, University of Cambridge,
Cambridge CB3 0WA, United Kingdom

33Instituto de Física Gleb Wataghin, Universidade Estadual de Campinas,
13083-859, Campinas, São Paulo, Brazil
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Data-driven approaches using deep learning are emerging as powerful techniques to extract non-
Gaussian information from cosmological large-scale structure. This work presents the first simulation-
based inference (SBI) pipeline that combines weak lensing and galaxy clustering maps in a realistic Dark
Energy Survey Year 3 (DES Y3) configuration and serves as preparation for a forthcoming analysis of the
survey data. We develop a scalable forward model based on the COSMOGRIDV1 suite of N-body simulations
to generate over one million self-consistent mock realizations of DES Y3 at the map level. Leveraging this
large dataset, we train deep graph convolutional neural networks on the full survey footprint in spherical
geometry to learn low-dimensional features that approximately maximize mutual information with target
parameters. These learned compressions enable neural density estimation of the implicit likelihood via
normalizing flows in a ten-dimensional parameter space spanning cosmological wCDM, intrinsic
alignment, and linear galaxy bias parameters, while marginalizing over baryonic, photometric redshift,
and shear bias nuisances. To ensure robustness, we extensively validate our inference pipeline using
synthetic observations derived from both systematic contaminations in our forward model and independent
BUZZARD galaxy catalogs. Our forecasts yield significant improvements in cosmological parameter
constraints, achieving 2–3× higher figures of merit in the Ωm-S8 plane relative to our implementation of
baseline two-point statistics and effectively breaking parameter degeneracies through probe combination.
These results demonstrate the potential of SBI analyses powered by deep learning for upcoming stage-IV
wide-field imaging surveys.

DOI: 10.1103/3sj1-1l9f

I. INTRODUCTION

The large-scale structure (LSS) of the mass distribution
in the Universe encodes a wealth of information about its
late-time evolution, offering a unique test bed for cosmo-
logical theories. Two primary observational probes of the
LSS are “weak gravitational lensing” and “galaxy cluster-
ing.” Weak lensing directly measures the projected matter
density through coherent distortions of galaxy shapes by
intermediate mass, while galaxy clustering tracks the
distribution of luminous matter, which serves as a biased
tracer of the underlying dark matter density. These probes

of the LSS constrain cosmological parameters including
the present-day matter density fraction Ωm, the variance of
linear density perturbations on the scale of 8 Mpc=h
denoted σ8, and the dark energy equation-of-state param-
eter w (see e.g. [1–4] for reviews). In addition, these
observations are sensitive to astrophysical model parame-
ters including intrinsic alignments and galaxy biasing.
Crucially, combined analyses of weak lensing and galaxy
clustering break parameter degeneracies that would other-
wise limit the constraining power of each probe individu-
ally [5–8].
In recent years, observing programs targeting the LSS

like the Dark Energy Survey (DES) [9], the Kilo-Degree
Survey (KiDS) [10], the Subaru Hyper Suprime-Cam [11],
and the Decam Local Volume Exploration Survey [12]
have measured hundreds of millions of galaxy positions
and shapes over thousands of square degrees of the sky,
enabling cosmological parameter measurements with sub-
5% precision [5,6,13,14]. Successor stage-IV surveys like
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the Vera C. Rubin Observatory’s Legacy Survey of Space
and Time (LSST) [15], the Euclid mission [16], and the
Roman Space Telescope [17] are set to measure orders of
magnitude larger datasets and expected to further increase
the measurement precision to the subpercent level.
At sufficiently large scales, the projectedmatter density is

well described as an isotropic Gaussian random field (GRF)
[18]. Under this assumption, two-point statistics become
sufficient summaries that capture all available statistical
information [19]. This has contributed to their widespread
use in cosmological analyses, for example, implemented as
the correlation function in real space (e.g. [20,21]) or the
power spectrum in harmonic space (e.g. [21,22]).
However, due to nonlinear structure formation and

baryonic effects, the fields considered in this work only
resemble GRFs on the largest scales and contain “non-
Gaussian” features at intermediate and small scales [23].
Two-point statistics cannot capture this information, ren-
dering them statistically insufficient. A growing body of
literature therefore explores alternative summary statistics
designed to extract the non-Gaussian component (see e.g.
[24] for an overview in weak lensing) from the “map level.”
Within DES, examples of weak lensing analyses employing
such summary statistics include peak counts [25–27],
higher-order moments of weak lensing mass maps
[28–31], higher-order correlation functions [32–34], the
cumulative distribution function [35], wavelet harmonics
[30,31], scattering transforms [30,31], and persistent
homology [36]. Rather than predefining the summary
statistic, an alternative approach parametrizes it as a
(typically convolutional) neural network that is trained to
automatically extract informative features [8,27,37–48]. As
these methods mature, several have progressed beyond
being proofs of concept to yield cosmological constraints
from the Dark Energy Survey’s first three years (DES Y3)
of weak lensing observations [26,27,29,31,34,36].
A key challenge in utilizing these statistics is the general

lack of analytical predictions relating them to the cosmo-
logical parameters. Moreover, the functional form of the
likelihood is typically unknown. Simulation-based infer-
ence (SBI) addresses both issues by using large ensembles
of simulations across different parameter values to establish
the parameter-statistic relationship [49]. Neural density
estimation [50,51] can then be used to learn the probability
density of interest, in our case the likelihood, directly from
the simulated data [52–54].
We present an SBI pipeline that employs map-level

neural network summary statistics to constrain cosmology
by jointly conditioning on DES Y3 weak lensing and
galaxy clustering data. This represents the first application
of higher-order summary statistics to this probe combina-
tion within the DES. In this paper, we validate our
methodology on simulations, with the application to the
actual DES Y3 observation to be presented in a forth-
coming companion paper.

This paper is organized as follows. Section II provides a
brief overview of the blinded DES Y3 source and lens
galaxy catalogs. Section III describes our forward model,
which transforms the dark matter particle light cones from
the COSMOGRIDV1 [23] simulation suite into more than one
million self-consistent DES Y3 weak lensing and galaxy
clustering mocks varying w cold dark matter (wCDM),
baryonification, intrinsic alignment, linear galaxy biasing,
and observational nuisance parameters. The SBI method-
ology is detailed in Sec. IV, including our map-level
compression networks, the two-point statistic baseline,
and neural density estimation using normalizing flows.
Section V introduces the BUZZARD [55] mock catalogs,
which are external to our forward model and serve as an
independent validation dataset. Section VI explains how we
use these and other mocks to test our pipeline’s robustness
against model misspecification. We present our results in
Sec. VII, contrasting our map-level compression with the
two-point baseline, as well as comparing the different
cosmological probes individually and in combination.
Finally, we summarize our findings and conclusions in
Sec. VIII and discuss future prospects for this methodology.

II. SURVEY CONFIGURATION

A. Dark Energy Survey Year 3

The DES [56,57] is an observational program that
imaged roughly 5000 deg2 of the southern hemisphere
over six years (2013–2019) providing photometric mea-
surements in the five optical near-infrared broadbands
grizY. The measurements were taken with the 570 mega-
pixel dark energy camera [58] mounted on the 4 m Blanco
telescope at Cerro Tololo Inter-American Observatory in
Chile. For details on the image processing pipeline, we
refer the interested reader to [59].
We utilize the DES Y3 data from the first three years of

operations, which have been made publicly available as the
DES Data Release 1 [60]. However, in this work, we only
employ selected properties of the observed DES Y3
catalogs such as the masking, galaxy number densities,
redshift distributions, and calibration properties to conduct
a realistic forecast and validate the end-to-end inference
pipeline against various synthetic mocks; no cosmological
constraints are derived from the real observations here. We
leave these cosmological results to a later companion paper.

B. Source galaxy catalog

The DES Y3 weak lensing shape catalog [61] contains
approximately 100 × 106 source galaxies within an area
of 4143 deg2, yielding a weighted number density of
neff ¼ 5.59 gal=arcmin2.
For the catalog, the galactic ellipticities or shears are

measured from the observed (multiband) noisy images using
the self-calibrating Metacalibration algorithm [62,63].
Additional redshift-dependent detection and blending
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effects identified in [64] through end-to-end image simu-
lations, which are not accounted for byMetacalibration, can
be modeled as a multiplicative bias at the 2%–3% level; see
Sec. III D 4 for our treatment.
The photometric redshifts of the objects in the catalog

are determined by the SOMPZ algorithm [65] and further
calibrated in [64,66]. The galaxies are subdivided into four
tomographic bins of roughly equal number density [65],
resulting in redshift distributions we denote as niMETACALðzÞ
for i∈ f1; 2; 3; 4g and plot in Fig. 1(a).
For this paper, the catalog is utilized only for its mask,

redshift distributions, and in the shape noise generation,
where randomly sampled and rotated galaxies from the
catalog are used to generate noise maps as described in
Sec. III D 2; the original shape catalog is not used.

C. Lens galaxy catalog

For the lens galaxies, we choose to use the DES Y3
magnitude limited sample [67] denoted as MAGLIM and
employed as fiducial for the DES Y3 3 × 2 pt analysis [68].
The sample is characterized by an upper magnitude cut in

the i-band that depends linearly on the photometric redshift
estimate z from the directional neighborhood fitting (DNF)
algorithm [69,70] like i < 4zþ 18, which is a selection that
has been optimized for wCDM constraints by balancing the
resulting galaxy number density and accuracy of the
photometric redshift estimates [67]. The catalog contains
around 10.7 × 106 galaxies grouped into six tomographic
bins with redshift distributions niMAGLIMðzÞ [see Fig. 1(b)],
of which we discard the last two following the fiducial
analysis in [5].
Just as with the source galaxy sample, we do not use the

original lens galaxy catalog in this work; for the purposes
of forecasting and validation, we only consider the cata-
log’s mask, mean galaxy number density, and redshift
distributions.

III. FORWARD MODELING

In this section, we present our forward model for self-
consistent simulated DES Y3-like “weak lensing” and
“galaxy clustering” maps. These maps respectively resem-
ble the source and lens galaxy samples described in Sec. II,
matching their masking, average number density, and
redshift distributions while varying cosmological wCDM
parameters, baryonic feedback effects, intrinsic alignment
contributions, linear galaxy bias, and observational
nuisances.
This forward modeling approach offers several advan-

tages. First, observational systematics such as masking,
shear biases, and redshift errors can be directly incorpo-
rated despite being difficult to treat analytically even at the
two-point level [71–73]. Second, within the simulation-
based inference framework, map-level forward modeling
enables training neural compression networks that poten-
tially capture the full information content of the pixelized
fields without relying on handcrafted summary statistics
sensitive only to specific features of the data. The com-
pression networks thus serve as non-Gaussian summary
statistics for which no analytical connection to cosmologi-
cal theory exists; instead, the connection is established
through numerical forward simulations.
Both training of these compression networks and infer-

ence require large numbers of such simulations, motivating
our use of the COSMOGRIDV1 suite ([23], hereafter K23),
publicly available via [74]. A schematic overview of the
key postprocessing steps applied to these simulations is
provided in Fig. 2, with the following subsections follow-
ing this data flow.
The implementation of the forward model is available on

GitHub [75].

A. COSMOGRIDV1 simulations

The forward model is based on the COSMOGRIDV1

simulation suite of flat wCDM cosmologies. The dark-
matter-only N-body simulations were run with the

FIG. 1. Normalized redshift distributions of (a) the Metacali-
bration source galaxy sample used for weak lensing and (b) the
MAGLIM lens galaxy sample used for galaxy clustering. The
colored lines indicate the base distributions, while the partially
transparent overlapping gray lines illustrate the redshift uncer-
tainty via 50 draws from the photo-z distributions parametrized in
Eqs. (5) and (6) according to Table I.
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open-source PKDGRAV3 code [76], which is optimized for
hybrid CPU-GPU cluster architectures and has computa-
tional cost that scales linearly with the number of particles.

The following subsections describe the suite in more
detail.

1. Cosmological parameters

The simulations comprising the COSMOGRIDV1 suite
sample the parameter space of wCDM universes. A flat
universal geometry is maintained throughout by setting
the dark energy density parameter to ΩΛ ¼ 1 − Ωm.
The neutrino mass is fixed to three degenerate species
with mν ¼ 0.02 eV each, giving a total mass sum
of

P
mν ¼ 0.06 eV.

While recent results, including those from DES [77] and
the Dark Energy Spectroscopic Instrument (DESI) [78–80],
suggest possible time variation in the dark energy equation
of state (parametrized by w0 and wa), our analysis employs
the wCDM model with constant w, as the COSMOGRIDV1

was designed around this choice. We defer exploration of
dynamical dark energy to future work, which will require
generating a new suite of simulations.
The COSMOGRIDV1 contains two main sets of simula-

tions, defined by the sampled point(s) in parameter space,
which we generally denote as θ:
(a) Fiducial: The fiducial cosmological parameters of the

COSMOGRIDV1 are based on the Planck2018 results
[81] and are shown in the θfid column of Table I. There
is a total of 200 independent simulation runs at the
fiducial cosmology, from which we build 1000 semi-
independent realizations as described in Sec. III B 1.
Note that in a traditional likelihood analysis, real-

izations at the fiducial cosmology are typically used to
estimate the summary statistic’s covariance matrix.
However, this is not necessary in the simulation-based
inference framework we employ in this work, as an
approximation to the likelihood function is learned
directly by a normalizing flow (Sec. IV B).

(b) Grid: In simulation-based inference, the grid in
parameter space establishes the necessary connection
between the cosmological and astrophysical variables
making up the vector θ to be inferred and the
(potentially synthetic) observable.

The parameter grid within the COSMOGRIDV1 follows a
Sobol sequence [82], which is a quasirandom, low-dis-
crepancy sampling scheme that fills space uniformly. The
dimensionality of the sequence is expandable beyond
the six cosmological parameters initially included in the
COSMOGRIDV1: Ωm (matter density), σ8 (matter clustering
amplitude), w (dark energy equation of state), ns (spectral
index), Ωb (baryon density), andH0 (Hubble constant). We
use this property to extend the sequence to include
baryonification parameters (Sec. III A 3).
All one-dimensional priors over these parameters are

uniform and flat, forming a hyperrectangle in aggregate,
except for additional restrictions applied in the Ωm-σ8
(Fig. 3) and Ωm-w (Appendix A of [40], hereafter F22)
planes. The 2500 grid points are evenly divided between

FIG. 2. Schematic overview of the processing pipeline we
apply to transform (baryonified) particle shells from the
COSMOGRIDV1 simulations into mock weak lensing and
galaxy clustering maps matching selected DES Y3 properties.
Sharp-cornered boxes represent processing steps, while blue
rounded boxes denote (full- or partial-sky) HEALPIX maps.
Green and red ellipses indicate constrained and marginalized
parameters, respectively. The tomographic bin index
i∈ f1; 2; 3; 4g for source (subscript s) and lens (subscript l)
galaxy samples is omitted from map names for simplicity.
The abbreviation “WL” indicates weak lensing signal, “IA”
intrinsic alignment, and “SN” shape noise. We denote the
scrambled shear catalog of randomly rotated source galaxies
used to generate shape noise maps as γ̃METACAL and omit the
κIA;TA [see Eq. (7)] map for clarity.
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narrow and wide priors with 1250 cosmologies each, where
the narrow prior provides higher sampling density in the
region of greatest interest. For the forecasts conducted in

this work, we consider the entire parameter range of the
wide prior and the narrow prior therefore has no further
Bayesian significance. The wide and narrow prior param-
eter ranges are listed in Table I.
For every grid point, the COSMOGRIDV1 includes seven

independent simulation runs stemming from different
random initial conditions. In the later map projection step,
we mix these seven runs to yield 20 permutations as
outlined in Sec. III B 1.

2. Configuration

Throughout the COSMOGRIDV1, simulation outputs are
stored in light cone format as thin shells of pixelwise dark
matter particle counts in HEALPIX [83] maps (detailed in
[84]) with resolution nside ¼ 2048, corresponding to an
angular scale of approximately 1.72 arc min.
Table II summarizes the main simulation settings. A

distinction is made between:
(a) Main settings: The main simulation settings apply to

the “fiducial” and “grid” subsets. The configuration
was informed by trade-offs between accuracy and
computational feasibility, aiming to facilitate analyses
of stage-III LSS surveys like the one conducted in this
work (K23).

(b) Benchmark settings: The COSMOGRIDV1 contains a set
of benchmark simulations designed to test and evalu-
ate the robustness of the analysis with respect to the
main simulation settings. These include (i) larger box
sizes at equal particle density to verify the adequacy of
the box replication scheme, (ii) greater numbers of

TABLE I. Cosmological, astrophysical, and nuisance parame-
ters of the fiducial (θfid) and grid (wide and narrow prior)
COSMOGRIDV1 subsets. The elements of a joint, multivariate
Sobol sequence are represented as S½a; b�, where the square
brackets define the bounding interval. Similarly, joint latin
hypercube sampling is denoted by L½a; b�. Univariate normal
distributions with mean μ and standard deviation σ are designated
as N ðμ; σÞ. We marginalize the cosmological parameters ns, Ωb,
H0, the baryonification variables, and photometric redshift and
shear bias nuisances.

θ θfid Wide prior Narrow prior

Cosmology
Ωm 0.26 S½0.1; 0.5� S½0.15; 0.45�
σ8 0.84 S½0.4; 1.4� S½0.5; 1.3�
w −1 S½−2;−0.33� S½−1.25;−0.75�
ns 0.9649 S½0.87; 1.07� S½0.93; 1�
Ωb 0.0493 S½0.03; 0.06� S½0.04; 0.05�
H0 67.3 S½64; 82� S½65; 75�
Baryonification
logðM0

cÞ 13.82 S½12; 15� � � �
ν 0 S½−2; 2� � � �
Intrinsic alignment
AIA 0.5 L½−3; 3� � � �
ηAIA

1.5 L½−4; 6� � � �
bTA 1 L½0; 2� � � �
Galaxy biasing
b1g 1.34 L½0.8; 3� � � �
b2g 1.42 L½0.8; 3� � � �
b3g 1.50 L½0.8; 3� � � �
b4g 1.57 L½0.8; 3� � � �
Source photo-z
Δz1s × 102 � � � N ð0; 1.8Þ � � �
Δz2s × 102 � � � N ð0; 1.5Þ � � �
Δz3s × 102 � � � N ð0; 1.1Þ � � �
Δz4s × 102 � � � N ð0; 1.7Þ � � �
Source shear bias
m1

b × 102 � � � N ð−0.6; 0.9Þ � � �
m2

b × 102 � � � N ð−2.0; 0.8Þ � � �
m3

b × 102 � � � N ð−2.4; 0.8Þ � � �
m4

b × 102 � � � N ð−3.7; 0.8Þ � � �
Lens photo-z
Δz1l × 102 � � � N ð−0.9; 0.7Þ � � �
Δz2l × 102 � � � N ð−3.5; 1.1Þ � � �
Δz3l × 102 � � � N ð−0.5; 0.6Þ � � �
Δa4l × 102 � � � N ð−0.7; 0.6Þ � � �
σ1z;l � � � N ð0.98; 0.06Þ � � �
σ2z;l � � � N ð1.31; 0.09Þ � � �
σ3z;l � � � N ð0.87; 0.05Þ � � �
σ4z;l � � � N ð0.92; 0.05Þ � � �

FIG. 3. Projection of the fiducial and 2500 grid cosmologies
included in the COSMOGRIDV1 to the Ωm-σ8 plane. Dashed and
solid lines represent the wide and narrow priors, respectively,
with the corresponding points colored in blue and orange. The
black star marks the fiducial cosmology.
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particles to decrease the amount of shot noise, and
(iii) increased numbers of stored redshift shells in the
light cone improving the resolution in the radial
direction. All benchmark simulations were conducted
at the fiducial cosmological parameters and share
initial conditions with runs performed using the main
simulation settings in order to fix cosmic variance in
direct comparisons.

3. Baryonic feedback

The dark matter particles in PKDGRAV3 evolve under
gravity alone. However, it has been shown that baryonic
feedback can bias cosmological constraints, particularly on
small scales (e.g. [85–88]).
The standard DES Y3 modeling strategy [7] addresses

this through scale cuts, removing small scales affected by
baryonic physics as modeled in the active galactic nuclei
simulation [85] from the hydrodynamic Overwhelmingly
Large Simulations suite [89]. These scale cuts are tuned to
ensure posterior shifts with respect to a fiducial uncon-
taminated data vector remain below 0.3σ in the
Ωm-S8 plane.
In this work, we instead incorporate baryonic effects

directly into our modeling by postprocessing the
COSMOGRIDV1 light cone shells with the effective “baryo-
nification model” developed in [90–92], which displaces
the dark matter particles according to a physically moti-
vated prescription. The interested reader is directed to [91]
for a comprehensive explanation of the original model and
to K23 for details on the slightly modified, shell-level
implementation used to baryonify the COSMOGRIDV1.
Following F22, we only vary the model parameter Mc

defining the mass dependence of the gas profile, as it has
been shown to have the biggest impact on cosmology [93],
and assume a power-law redshift dependence

Mc ¼ M0
cð1þ zÞν

in terms of the new model parametersM0
c and ν. We assign

every grid cosmology unique valuesM0
c and ν by extending

the Sobol sequence with two additional dimensions, which
we scale according to the prior ranges given in Table I.
Since the COSMOGRIDV1 only resolves halos with masses
down to approximately 1013M⊙=h, values at the lower end
of the prior interval result in negligible baryonification. All
other parameters in the baryonification model are fixed to
the same values as in F22, which are motivated by x-ray
observations and listed in Table 2 of [91].
Throughout this work, we use the baryonified

COSMOGRIDV1 particle shells unless stated otherwise and
marginalize over M0

c and ν. We assess the impact of
baryonic effects at our fiducial scale cuts in Sec. VI A 2.

B. Map projection

We project the particle shells of the simulated light cones
onto probe maps with the publicly available [94] UFALCON
code [95–97], which has been used in several forecasts
[8,37,97–99] and cosmological inferences from real obser-
vational data [26,38,40,100,101]. The code employs the
Born approximation, which was also assumed in [27,30,31]
and shown to be sufficiently precise for stage-III surveys
like DES in [102] and the systematics testing in [38], an
application to KiDS-450 weak lensing data.
As described in more detail in K23, each pixel in the

projected HEALPIX probe map m is computed as

mpix ≈
X
b

Wm

Z
Δzb

dz
EðzÞ δ3D

�
c
H0

DðzÞn̂pix; z
�
; ð1Þ

where the index b runs over the light cone’s redshift shells
of thickness Δzb, Wm is the kernel associated with a given
probe as defined in the following, δ3D is a Dirac delta
function, c is the speed of light, DðzÞ is the dimensionless
comoving distance, EðzÞ ≔ dz=dD is the dimensionless
Hubble parameter, and n̂pix is a unit vector pointing to the
pixel’s center.
Following [8,38,40], we define the probe kernels of the

weak lensing (first introduced in [103]) and intrinsic
alignment (see Sec. III D 3) signal as

WWL ¼ 3

2
Ωm

R
Δzb

dz
EðzÞ

R
zs
z dz0nðz0Þ DðzÞDðz;z0Þ

Dðz0Þ
1

aðzÞR
Δzb

dz
EðzÞ

R
zs
z0
dz0nðz0Þ ; ð2Þ

WIA ¼ −

R
Δzb dzC1ρcrit

Ωm
DþðzÞ nðzÞR

Δzb
dz
EðzÞ

R
zs
z0
dz0nðz0Þ ; ð3Þ

where nðzÞ is a normalized redshift distribution, zs and z0
denote the source and observer redshifts, respectively, aðzÞ
is the scale factor, C1 ¼ 5 × 10−14h−2M⊙ Mpc3 is a

TABLE II. Summary of the main simulation settings for
different subsets of the COSMOGRIDV1. The number of distinct
cosmologies (or sampled points in parameter space) is denoted by
Ncosmos, the number of permutations per cosmology by Nperts, the
nonreplicated simulated box size by Lbox, the number of
simulated particles by Npart, and the number of redshift shells
(or stored time steps) by Nz-shells.

Ncosmos Nperts Lbox (Mpc=h) Npart Nz-shells

Main
Fiducial 1 1000 900 8323 69
Grid 2500 20 900 8323 69

Benchmark
Base 1 20 900 8323 69
Lbox 1 20 2250 20803 69
Npart 1 20 900 20483 69
No. z-shells 1 20 900 8323 392
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normalization constant [104], ρcrit is the critical density
today, and DþðzÞ is the normalized linear growth factor
with Dþð0Þ ¼ 1. We evaluate Eq. (1) for these kernels and
nMETACALðzÞ, resulting in the full-sky convergence maps
m ¼ κWL; κIA in the left part of Fig. 2.
The kernel used to project the full-sky linear matter

density contrast maps is defined as

WGC ¼
R
Δzb dznðzÞR

Δzb
dz
EðzÞ

R
zs
z0
dz0nðz0Þ : ð4Þ

Insertion into Eq. (1) yields the map m ¼ δm for
nMAGLIMðzÞ (used for lens galaxy clustering maps; Fig. 2
right, Sec. III E) and m ¼ δm;s for nMETACALðzÞ (used for
shape noise generation and modeling of intrinsic alignment
of the source galaxy sample; Fig. 2 left, Secs. III D 2
and III D 3).
During the projection step, we downsample the map

resolution to HEALPIX nside ¼ 512 (corresponding to an
angular pixel size of approximately 6.87 arc min), which
reduces the, nevertheless substantial, storage and compute
requirements of this work. The decreased resolution also
acts as a low-pass filter, removing small scales. However,
due to limitations of our physics modeling validated in
Sec. VI A, we apply additional scale cuts to erase further
small-scale information as detailed in Sec. III F.

1. Shell permutations

To make the N-body simulations computationally fea-
sible for the large cosmological volumes necessary at high
redshifts, PKDGRAV3 implements a box replication scheme.
This can introduce unwanted artifacts like discontinuities
(K23) and underestimation of cosmic variance on the
largest scales [38]. To avoid the former effect, we apply
the “shell permutation scheme” introduced in K23 during
the map projection step.
As an additional benefit, this procedure increases the

number of available pseudoindependent realizations as for
a fixed cosmology at a time, simulation boxes stemming
from different independent runs are randomly combined.
We refer the interested reader to Sec. IV. 1 in K23 for
further details.
In this work, the seven independent runs of the “grid”

subset of the COSMOGRIDV1 are mixed to yield 20 permu-
tations per cosmology, while the 200 simulation runs at the
fiducial cosmology are combined to 1000 distinct permu-
tations of that ordered index set; see the Nperts column in
Table II.

2. Redshift errors

Following the analysis in [5], we model the uncertainty
associated with the redshift distribution of tomographic bin
i for the source and lens galaxy samples using the “shift”
parameters Δzis and Δzil, respectively, and the “stretch”

parameter σiz;l for the lenses only. The parameter distribu-
tions are assumed to be Gaussian with mean and standard
deviation as reported in the “photo-z” rows of Table I.
We do not aim to constrain the shift and stretch

uncertainty parameters; instead, we treat them as nuisances
to be marginalized. To this end, we employ the same
general strategy as F22 and [27]: First, we draw samples
from the prescribed Gaussian distributions. Then, we
project the probe maps using the altered redshift
distributions

niMETACALðzÞ ¼ n̂iMETACALðz − ΔzisÞ ð5Þ

for the source sample and

niMAGLIMðzÞ ¼
1

σiz;l
n̂iMAGLIM

�
z − hzi − Δzil

σiz;l
þ hzi

�
ð6Þ

for the lens sample, where n̂ denotes the original, noiseless
distribution and hzi its mean redshift [68]. Thus, the
redshift uncertainty directly enters the maps we create.
It can be shown [105] that this implicit marginalization

is mathematically equivalent to the standard integral
approach.

3. Validation

The power spectra of the noiseless full-sky probe maps
from the COSMOGRIDV1 have been validated against theo-
retical predictions from two independent codes. In F22,
comparison was performed with the PyCCL package [106]
described in [107] for Eqs. (2) and (3) using KiDS-1000
redshift distributions. In K23, validation was conducted
against the PYCOSMO package [108] introduced in [109] for
Eqs. (2)–(4) using generic stage-III-like redshift distribu-
tions. Both studies showed agreement within 5%, consis-
tent with the minimal error expected from discrepancies
between different theory predictions [110,111].

C. Masking and padding

We apply realistic masking to our forward-modeled
maps to ensure they resemble the DES Y3 observations,
which are contained within a complex footprint that
excludes numerous intermediate objects, such as stars in
the Milky Way.
To be able to cut out a total of four independent (except

for supersurvey modes, which we handle as described in
Sec. III F 2) DES Y3 footprints from our full-sky simu-
lations, we first rotate the fiducial mask from [68] by
−7.16 ∘ along the y-axis and −69.9 ∘ along the z-axis as
illustrated in Fig. 4(a). At nside ¼ 512, this yields a mask
of 4178 deg2.
From this modified orientation, we apply HEALPIX

octahedral symmetry transforms (rotations by 90° or
mirroring along the equator) to the footprint to obtain
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three more nonoverlapping positions of the DES mask on
the celestial sphere. These transforms maintain a perfect
bijection between pixels, preventing the introduction of
unwanted artifacts. Thereby, the four footprints are fully
equivalent. Figure 4(b) illustrates these additional orienta-
tions and the black padding applied to the base footprint.
This zero padding is required to ensure that the
DEEPSPHERE networks [112,113] described in Sec. IVA 2
can internally downsample to a minimal HEALPIX nside
resolution without error.
As illustrated in Fig. 2 and detailed in the following

Sec. III D, we deliberately apply the masking to the
physical fields that are directly accessible observationally
(i.e. shear for the weak lensing maps) to ensure that the
forward model remains consistent between our
COSMOGRIDV1 mock maps and (synthetic) observations
constructed from a galaxy catalog.

D. Weak gravitational lensing

Weak lensing measurements enable the reconstruction of
the convergence field, which represents a weighted pro-
jection of the intervening matter density distribution
between the observer and background source galaxies
along the line of sight. Since these maps directly trace
the underlying matter distribution (predominantly dark
matter), they are commonly referred to as mass maps [114].

We forward-model DES Y3-like convergence maps κ by
summing contributions from the noiseless weak lensing
signal, intrinsic alignment, and shape noise,

κi ¼ κiWL þ Ai
IAð1þ bTAδm;sÞκiIA þ κiSN; ð7Þ

where i indexes the redshift bin, AIA and bTA are free
parameters of the intrinsic alignment model, and δm;s is the
matter density contrast map for the source galaxy redshift
distribution. Each field component is detailed in the
following subsections.

1. Mass mapping and B-mode removal

The convergence field κ is not directly observable but
can be reconstructed from the noisy shear field γ obtained
from source galaxy ellipticity measurements. To ensure
consistent processing (see below), we forward model our
weak lensing mass maps through a series of conversions
between convergence and shear (κ → γ → κ), as illustrated
in the left side of Fig. 2.
In the first step of the forward modeling pipeline, we

project full-sky convergence maps κWL and κIA from
simulated dark matter particle shells as described in
Sec. III B. We then perform an inverse Kaiser-Squires
transform [115,116] to convert these to shear maps γWL
and γIA, respectively. This conversion to shear allows
us to apply identical subsequent processing steps, inclu-
ding masking, to both the observed γobs and forward-
modeled maps.
By construction, the γWL and γIA obtained from simu-

lated κ-maps via inverse Kaiser-Squires transform contain
only E-modes, unlike γobs and the shape noise map γSN
described in the following section, which may contain
B-modes. A B-mode mismatch between forward-modeled
and observed shear maps can introduce biases in the
inference. Following the “mode removal” procedure in
F22 and [38], we hence remove all potential B-modes from
the γ-maps after applying masking. This ensures that
forward-modeled mocks, noise realizations, and real obser-
vations all contain the same masking effects and only
E-modes.
Lastly, to reduce storage requirements by half, we

apply a direct Kaiser-Squires transform to the masked
spin-2γ-maps to convert back to scalar κ-maps. The
spherical harmonics decomposition involved in this trans-
form is only defined on the full sky, which we address by
padding the area outside the survey footprint with zeros.

2. Shape noise

We generate shape noise stemming from the unknown
intrinsic ellipticities of the source galaxies self-consistently
using the dark matter density contrast maps δm;s and the
shuffled shear catalog γ̃METACAL (with positions discarded)
of the source galaxies through the following steps:

FIG. 4. Full-sky Mollweide projection of (a) how the original
DES Y3 footprint (blue) is rotated to a position (red) that allows
for (b) four nonoverlapping cutouts. These distinctly colored
patches are related by HEALPIX symmetries such that there is a
perfect one-to-one correspondence between the pixels. The black
padding with zeros along patch 1 is determined by the lowest nside
used within the DEEPSPHERE networks; nside ¼ 16 here. It is not
part of the original survey area.
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First, we build the galaxy count map of tomographic bin
i assuming a linear galaxy biasing model

nig;s ¼ hnig;si
�
1þ big;s

δim;s − hδim;si
hδim;si

�
;

where hng;si is the mean number of source galaxies per
pixel and bg;s is the linear galaxy clustering bias associated
with the source galaxy sample. We determine this bias by
matching the pixel histogram of galaxy counts for each
simulated cosmology to a reference BUZZARD simulation
(Sec. V B) serving as our synthetic mock observation. The
resulting dependence is shown in Fig. 5. By varying bg;s per
cosmology in this way, the cosmology dependence of the
one-point source galaxy distribution is absorbed into the
bias parameter, effectively suppressing it in the resulting
source galaxy maps. The source galaxy bias is therefore
separately fit to the (synthetic) observational data and fixed
in the analysis rather than marginalized.
Given such a map of source galaxy counts, we generate a

new catalog of pure shape noise by randomly sampling as
many galaxies from the real DES Y3 source galaxy shear
catalog γ̃METACAL as there are galaxies in any given pixel
according to ng;s. In this step, we discard any positional
information from γ̃METACAL and apply random rotations
to the galaxies, such that any weak lensing signal is
scrambled. The Metacalibration inverse variance weights
are kept. Lastly, we obtain shape noise shear maps γSN by
computing the pixelwise weighted mean of the shear over
all contained galaxies.
This approach ensures that each pixel’s shape noise level

is coupled to its source galaxy count; pixels with more
galaxies experience lower shape noise. By linking shape
noise to local galaxy densities, we account for the noise
component of source galaxy clustering effects, which
measurably impact certain map-based statistics in DES
Y3 data [117]. We neglect the contribution of source
clustering to the weak lensing signal itself, as this has
been shown to be small compared to the noise compo-
nent [117].

We choose to generate ten shape noise realizations per
noiseless signal map at the fiducial cosmology and five
realizations each for the cosmologies forming the param-
eter grid.

3. Intrinsic alignment

Intrinsic alignment refers to the nonrandom, correlated
orientations of galaxies due to their mutual gravitational
interactions or shared formation history, which can bias
weak lensing measurements by introducing additional
alignments unrelated to the lensing signal [118].
The kernel in Eq. (3) constitutes a map-level implemen-

tation of the nonlinear alignment (NLA) model [104]
and has been validated against other theory predic-
tions in [23,40]. The NLA model is a special case
(a2 ¼ bTA ¼ 0) of the more general tidal alignment and
tidal torquing (TATT) model [119] that has been used in the
fiducial DES Y3 3 × 2 pt analysis [68].
Following [8] (hereafter K22), we modify the standard

redshift dependence of the NLA model to the effective
prescription

Ai
IA ¼ AIA

Z
z
dzniMETACALðzÞ

�
1þ z

1þ zpivot

�
ηAIA

; ð8Þ

producing one amplitude per tomographic bin i, where
zpivot ¼ 0.62 is a pivot redshift taken from [68] and we
integrate over the source galaxy redshift distribution
niMETACALðzÞ. This formulation preserves the underlying
power-law dependence of the NLA model, but yields a
single value per bin rather than evaluating it at the finer
redshift resolution of the individual light cone shells in
Eq. (1). We validate this minor modification in Sec. VI A 2.
In addition, we include the bTA term of the TATT model

κIA;TA ¼ AIAbTAδm;sκIA;

which encodes the coupling strength with the local density
field [120] in Eq. (7). Our intrinsic alignment model
therefore represents an intermediate approach between
the NLA and TATT models.
For each cosmology or, equivalently, point on the Sobol

sequence, we jointly sample the free intrinsic alignment
parameters AIA, ηAIA

, and bTA using Latin hypercube
sampling (LHS) with prior intervals listed in the “intrinsic
alignment” rows of Table I.
Currently, a map-level implementation of the remaining

terms of the TATT model is an open research question [23]
and therefore not included in this work. Moreover, our use
of the NLA model is motivated by the fiducial DES Y3
3 × 2 pt analysis [68], which found consistent cosmologi-
cal constraints between the TATT and NLA models
(Appendix E.4 in [68]) for the unblinded DES Y3 data.

FIG. 5. Scatter plot depicting the source galaxy bias bg;s we find
for the 2500 unique cosmologies of the COSMOGRIDV1 by fitting
the source galaxy number count histogram to a reference
BUZZARD simulation of fixed cosmology.

DARK ENERGY SURVEY YEAR 3 RESULTS: SIMULATION- … PHYS. REV. D 113, 083501 (2026)

083501-11



4. Shear bias

In addition to the multiplicative shear biases corrected by
the self-calibrating Metacalibration algorithm [62,63], there
are redshift-dependent detection and blending effects found
in [64] that can be modeled as a multiplicative bias on the
2%–3% level. In line with [27], we account for this
uncertainty by sampling the multiplicative bias factor mi

b
from the normal distributions referenced in Table I and
modify the forward-modeled convergence map as

κiWL ¼ ð1þmi
bÞκ̂iWL

for each tomographic bin i, where κ̂iWL is the original map
lacking the random correction. This way, themi

b are treated
as nuisance parameters and marginalized like the redshift
errors in Sec. III B 2.
Furthermore, null tests in [28] demonstrated the shear

catalog’s robustness against additive biases; therefore, we
do not include them in this work.

E. Galaxy clustering

The galaxy clustering maps ng count the number of lens
galaxies in each pixel. To forward model such maps from
the COSMOGRIDV1 simulations, we first compute dark
matter density contrast maps δm by projecting the particle
shells according to the kernel in Eq. (4). We then require a
model to relate the matter and galaxy distributions,
for which we adopt a linear biasing prescription as defined
below.
The adequacy of this approach is validated in Sec. VI A

for the scale cuts described in Sec. III F.

1. Linear bias

We parametrize the redshift dependence of the linear bias
amplitude bg (for the lens galaxies, distinct from bg;s for the
source sample) by assigning an independent parameter big
to each tomographic redshift bin, avoiding any assumptions
of continuous evolution. Similar to the intrinsic alignment
parameters, we include these bias parameters by joint LHS
according to our analysis priors in Table I.
Given the linear bias, we then build the noiseless galaxy

count map of tomographic bin i as

n̂ig ¼ hnigi
�
1þ big

δim − hδimi
hδimi

�
; ð9Þ

where hngi is the mean number of lens galaxies per pixel.
For large biases in regions of strong underdensity, the
expression in Eq. (9) can produce unphysical negative
values. We address this by truncating negative pixels to
zero and renormalizing the map to preserve the total galaxy
count, an approach detailed in [121].
In Sec. VI A, we validate this simple linear prescription

against more sophisticated galaxy clustering models for

appropriate scale cuts. Specifically, we condition the
inference pipeline on external simulations described in
Sec. V B, which employ subhalo abundance matching and
halo occupation distribution models.

2. Poisson noise

So far, the maps contain only the pure galaxy clustering
signal according to our linear prescription. To add shot
noise, we follow K22 and replace each pixel value by a
draw from an independent Poisson distribution with a mean
equal to the noiseless prediction of the number of galaxies,

npixg ¼ Poisson½n̂pixg �:

Within the pipeline, Poisson noise plays an analogous role
to shape noise for weak lensing.

F. Map-level smoothing and scale cuts

Our simulation-based inference approach uses map-level
compression networks that operate directly in real space
(Sec. IVA 2). Consequently, we must apply scale cuts to
the real-space maps. This contrasts with summary statistics
like the binned power spectrum (Sec. IVA 3), where scales
can be excluded retroactively from the data vector.

1. Small scales

Several assumptions in our forward model (such as the
linear bias prescription for galaxy clustering or the effective
baryonification) are expected to break down at sufficiently
small scales. To mitigate this source of model misspecifi-
cation, we follow the standard DES strategy of excluding
affected scales from the analysis.
We implement this removal of small-scale information

through a two-step process detailed in Appendix A. First,
we smooth the maps by convolving them with a Gaussian
kernel of scale defined by its standard deviation σ. Second,
we add a small amount of pixelwise white noise after
smoothing to ensure that small-scale information is
removed rather than merely suppressed, yielding an
approximate maximal multipole l̃max (defined in Fig. 17).
To determine the extent of the smoothing kernel, we

follow [5,68] and fix a comoving transverse scale at the
fiducial cosmology. From this, we compute distinct
smoothing scales σimin per redshift bin i, where the varying
mean radial distances of the redshift distributions niðzÞ
translate the fixed transverse scale into different angular
smoothing scales. Since we keep these angular smoothing
scales constant for all cosmologies on the parameter grid,
they correspond to slightly varying transverse scales for
different cosmologies.
For weak lensing and galaxy clustering maps, respec-

tively, we set our fiducial smoothing scales using comoving
transverse scales R of
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R ¼ 8 Mpc=h ⇒ σimin ¼ ½12.5; 8.5; 6.4; 5.4� arc min;

R ¼ 32 Mpc=h ⇒ σimin ¼ ½55.3; 37.8; 28.9; 24.2� arc min;

ð10Þ

which are determined by the modeling-robustness tests in
Sec. VI A using external simulations.

2. Large scales

We implement a high-pass filter to suppress supersurvey
modes that could induce unwanted correlations between the
four footprints described in Sec. III C. Following [26], this
filter applies a hard cut in harmonic space, setting alm ¼ 0
for all l < lmin ¼ 30. The alm coefficients arise from
decomposing the map m into spherical harmonics Ylm up
to order lmax,

mðθ;ϕÞ ≈
Xlmax

l¼0

Xl
m¼−l

almYlmðθ;ϕÞ: ð11Þ

An example map resulting from the application of the
low- and high-pass filters followed by the addition of white
noise is compared to the original tomographic map in
Fig. 6. All maps use resolution nside ¼ 512.

G. Dataset size

In total, we generate 40 000ð¼ 1000 permutations ×
4 footprint cutouts × 10 noise realizationsÞ semi-independent

realizations at the fiducial cosmology and 400ð¼
20 permutations × 4 footprint cutouts × 5 noise realizationsÞ
per grid cosmology, yielding 1 000 000ð¼ 400 ×
2500 cosmologiesÞ grid maps overall. This results in a
total dataset size of more than 15 TB.

IV. SIMULATION-BASED INFERENCE

Bayes’ theorem [122] relates the posterior pðθjxÞ to the
likelihood pðxjθÞ and prior pðθÞ as

pðθjxÞ ∝ pðxjθÞpðθÞ; ð12Þ

where θ denotes the model parameters and x the data,
neglecting the constant Bayesian evidence pðxÞ in the
denominator.
Traditional cosmological parameter inference relies on

analytical or semianalytical models to connect theoretical
predictions with observational data (e.g. [7]). However, the
increasing complexity of cosmological and observational
models can render these likelihoods intractable or computa-
tionally prohibitive. In weak lensing and galaxy clustering
cosmology, such intractability commonly arises from the
inapplicability of the central limit theorem [123,124],
nonlinear structure formation at late times [123,125],
realistic measurement systematics [126–128], and sum-
mary statistics such as the map-level compression networks
employed in this work, for which even the likelihood’s

FIG. 6. Comparison of the original unsmoothed maps (upper row) and the smoothed maps obtained following the steps described in
Sec. III F (middle and lower rows). The angular smoothing scale is derived from a fixed comoving transverse scale, resulting in varying
smoothing between the tomographic redshift bins (columns): Bins closer in redshift to the observer (lower index) are smoothed more
than those further away. The squares show gnomic projections of size 10° × 10°, the color bars are derived from the 0.001 and 0.999
quantiles, and the masking from Fig. 4 is visible in white.
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expectation value cannot be predicted analytically and must
instead be estimated from simulations.
In such scenarios, SBI (also known as implicit or

likelihood-free inference) offers a powerful alternative by
deriving posterior constraints pðθjxobsÞ conditioned on an
observation xobs without the need for explicit likelihood
evaluation [49].
A common strategy for SBI is splitting the problem into

two consecutive steps: First, a compression function is
constructed to map the data x to a lower-dimensional space,
facilitating subsequent density estimation. In this work, this
mapping is parametrized as an artificial neural network
taking the forward-modeled maps or power spectra as
input. Second, a conditional probability distribution—such
as the likelihood or posterior—relating the compressed data
to the parameters θ is learned from an ensemble of
simulations using neural density estimation. Here, the
density estimator is implemented as a normalizing flow
and approximates the unknown likelihood. This completes
the framework, allowing amortized inference of the
desired posterior constraints conditioned on any (mock)
observation.
In Sec. IVA, we introduce the optimization objective

that allows us to train neural networks to implement
informative compression functions. Section IVA 2 details
how we train map-level compression networks, which have
access to the whole information content of the forward-
modeled maps in principle. Following previous works
[F22, [8,27,37,38,41–44,46] ], we present angular power
spectra as a second-order baseline to compare to the map
level in Sec. IVA 3. Consistently following a simulation-
based approach, we compute these angular power spectra
from our forward-modeled maps.

A. Neural compression

The forward-modeled maps in this work contain millions
of pixels, and although the power spectrum detailed in
Sec. IVA 3 constitutes a summary statistic of the maps by
itself, the resulting data vector still has over a thousand
entries. With such high dimensionality, estimating the
likelihood function becomes practically intractable due
to the curse of dimensionality. This motivates the intro-
duction of a “compression function”

S∶Rdx → Rds

x ↦ SðxÞ

that maps from the high-dimensional input space of maps
or power spectra to a much lower dimensionality ds ≪ dx
where density estimation is feasible. In our case, ds is of the
same order as the number of constrained parameters. The
output of the compression function is also referred to as a
summary statistic.

Ideally, this compression preserves all information
about the parameter vector θ contained in the input x.
Such a compression is called sufficient (in the Bayesian
sense [129]), meaning the posterior distribution remains
unchanged when conditioned on the compression rather
than the full input,

pðθjxÞ ¼ pðθjSðxÞÞ: ð13Þ

While no theoretical guarantee of sufficiency exists for our
setting, this is not strictly necessary. Suboptimal compres-
sions yield inflated or overly conservative posterior con-
tours rather than biased ones, since the same compression
function is applied consistently to both forward-modeled
and observational data [27]. Moreover, studies on simpli-
fied weak lensing models have empirically demonstrated
that neural compressions Sφ with trainable parameters φ
can achieve sufficiency in practice, provided the network
operates at the map level and is optimized with respect
to an appropriate loss function like the one discussed
below [39,48].
The implementation is available on GitHub [130].

1. Optimization objective

Alongside the architecture, the choice of optimization
objective and procedure determines the quality of the
compression; specifically, how much information the com-
pressed outputs retain about the parameters of interest in
relation to Eq. (13).
The simplest loss functions that produce manifestly

informative compressions within our setting are the mean
squared error (e.g. [27,46]) and mean absolute error (e.g.
[42–44]). These objectives train the network to respectively
predict the mean or median of the one-dimensional mar-
ginal posterior of the individual components θi of the
parameter vector, which does not fully characterize the
multivariate posterior distribution in general and can there-
fore lead to suboptimal compression [41,48].
Hence, we employ the information theoretical objective

dubbed variational mutual information maximization
(VMIM, introduced to the field of cosmology in [41]).
Note that, in this case, a single network is trained to find a
compression that is jointly informative on the whole
parameter vector θ.
Under this objective, the mutual information

Iðs; θÞ ¼ DKLðpðs; θÞkpðsÞpðθÞÞ
¼ Epðs;θÞ½logpðθjsÞ� −HðθÞ ð14Þ

between the output of the trainable compression s ≔ SφðxÞ
and the parameters θ is maximized, where DKL is the
Kullback-Leibler (KL) divergence [131] and H the
Shannon entropy [132]. This expression is intractable
because the exact posterior pðθjsÞ is unknown.
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However, there exist a number of tractable lower bounds to
Eq. (14) that can instead serve as optimization targets (see
e.g. [133]). Following [41,48], and based on our empirical
finding that this approach outperforms alternative estima-
tors, we employ the variational lower bound [134]

Iðs; θÞ ≥ Epðs;θÞ½logqðθjs;ϕÞ� −HðθÞ;

where we have introduced the variational distribution
qðθjs;ϕÞ with trainable parameters ϕ to approximate the
unknown true posterior pðθjsÞ. The approximate learning
objective then becomes

arg max
φ;ϕ

Epðs;θÞ½log qðθjs;ϕÞ�;

where we have discarded the constant entropy term. This
yields the loss function

LVMIMðx; θ;φ;ϕÞ ¼ − logqðθjSφðxÞ;ϕÞ; ð15Þ

which we estimate from minibatches following standard
practice.
In our multiprobe setup, the parameter vector θ ¼

ðΩm; σ8; w; AIA; ηAIA
; bTA; b1g − b4gÞ comprises all ten

parameters to be constrained (see the green ellipses in
Fig. 2), while marginalized nuisance parameters do not
enter the loss. For simplicity, we implement the density
estimator qϕ as a Gaussian mixture model.
Note that, after training, we discard the variational

distribution qðθjs;ϕÞ and retain only the compression
network Sφ� with optimal parameters φ�. We discard the
approximate posterior qϕ for two reasons: First, the prior
implicit in the parameter space sampling by the
COSMOGRIDV1 suite consists of a wide and tight Sobol
sequence (see Fig. 3). When learning the posterior qϕ
directly as in Eq. (15) (neural posterior estimation [49,135–
137]), this nonuniform prior enters the posterior implicitly.
Learning the likelihood instead (neural likelihood estima-
tion [52,53,138]) avoids this issue and allows us to use a
simpler uniform prior. Second, dividing the problem into
two consecutive steps by fitting a dedicated density
estimator for a fixed compression network enables more
accurate density estimation in practice. For more details,
see Sec. IV B.

2. Map level

The compression networks operating at the map level
have, in principle, access to the full information content of
the forward-modeled pixelized fields, including non-
Gaussian information absent from two-point statistics.
We therefore expect these networks to capture additional
information beyond what is encoded in the power spec-
trum, leading to tighter posterior constraints. Depending on

the scales considered, this additional information can
potentially break parameter degeneracies (e.g. K22).
The input to the networks consists of partial-sky maps

within the padded footprint shown in Fig. 4. We treat the
two probes and their respective four tomographic redshift
bins analogous to color channels (e.g. RGB) in natural
images. Hence, for the combined-probe analysis, all eight
maps (columns in Fig. 6) are used as input, while probe-
specific analyses use only the corresponding four κ or ng
maps. In this setup, all of the tomographic bins are treated
symmetrically and can interact freely, allowing the network
to capture arbitrary (nonlinear) cross-bin and cross-probe
interactions between any number of bins. This is in contrast
to the two-point-level compression, which by construction
only operates on cross-maps composed of two tomographic
bins at a time [see Eq. (16)].
(a) Architecture: All the map-level networks considered

in this paper share the same basic structure: feature-
extraction layers followed by a regression head, whose
design remains unchanged throughout.
Following F22 and [39], our fiducial choice of archi-

tecture is the TENSORFLOW [139] implementation of the
DEEPSPHERE [140] graph convolutional neural network
developed in [112,113]. In this design, the pixels making
up the intricate footprint in Fig. 4 are represented as the
nodes of a sparse graph that includes edges between a fixed
number of neighbors.
The graph construction avoids projecting the survey

data from the curved sphere onto a flat image, which
invariably introduces distortions that break the symmetry
of the spherical geometry and can hinder the learning of
convolutional filters. For unmasked inputs, that symmetry
is nearly preserved by the DEEPSPHERE graph convolu-
tional layers, which are approximately equivariant under
rotations.
As in F22 and [39] and described in Sec. III C, we pad

the survey footprint with zeros. This is motivated by our use
of the DEEPSPHERE pseudoconvolution layers introduced in
[39], which downsample the nside of the internal feature
maps according to the hierarchy inherent to the HEALPIX

pixelization scheme and require full superpixels.
The feature-extraction part of our fiducial architecture

summarized in Table III is made up of a Gaussian
smoothing layer operating in real space, the aforemen-
tioned pseudoconvolutional layers reducing the nside of the
internal representation, Chebyshev convolutions with
optional residual connections, and layer normalizations
[141]. Throughout, we use the rectified linear unit (ReLU)
activation function.
We opt for a dense regression head of a single layer and

dropout [142] of rate 0.01. We found this to perform better
than an equivariant architecture with a fully convolutional
regression head. We suspect that this is the case because the
masking we apply breaks the spherical symmetry. The
output dimensionality, which is a free choice for the VMIM
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objective, is fixed to twice the length of the parameter
vector θ.
(b) Training: Besides the forward-modeling of the

multiprobe maps, training the map-level compression net-
works is the most computationally demanding step of the
inference pipeline. To address this, we utilize the GPU
nodes of the Perlmutter cluster [143] at National Energy
Research Scientific Computing Center [144], each
equipped with four NVIDIA A100 GPUs connected via
high-speed Nvlink-3.
The individual networks are trained in a fully data-

parallel manner, distributing the global batch across
multiple GPUs as local batches. We fix the local batch
size Nb to 16 unless stated otherwise. Then, the global
batch size is determined by the number of nodes we
utilize. For our testing, we only distribute the training over
a single node’s four GPUs using TENSORFLOW ’s built-in
mirrored strategy. For the main runs, we scale the training
across 4 nodes using HOROVOD [145], yielding a global
batch size of 256.
For our fiducial training scheme, we use the ADAM

optimizer [146] with default momentum parameters and
clip the gradients to a global norm of 1.0 to prevent large
parameter updates that destabilize training.

Our warm-up schedule linearly increases the learning
rate from 10−4 to 10−3 over the first 5000 steps.
Afterward, we keep the learning rate constant as we
have found a cosine decay schedule to lead to over-
fitting. In total, we train the networks for 500 000 steps,
which corresponds to 40 epochs and takes approxi-
mately 24 wall hours.
Our validation set is composed of noise realizations that

are unseen during training and we did not observe any signs
of overfitting in the validation loss. We attribute this to both
the large size of our training set and the addition of white
noise as part of our scale cut implementation, which serves
as a regularizer.

3. Two-point level

In this work, the angular power spectra Cl serve as a
baseline for comparison with the map-level results. As a
second-order or two-point statistic, the power spectra
capture only the Gaussian component of the maps, dis-
carding any additional non-Gaussian content. While the
angular power spectrum is a summary statistic of the
forward-modeled maps, the dimensionality of the resulting
data vector is still too large for direct neural density
estimation in our implementation. Therefore, in analogy
to the map level, we train a neural network to compress the
information on θ contained in the Cl to lower dimension-
ality. In summary, operating on the two-point-level can be
seen as introducing a fixed, intermediate compression step
that lacks trainable parameters and is known to be insuffi-
cient in the sense of Eq. (13).
We define the pseudo-Cl of tomographic bins i and j

using the spherical harmonics coefficients alm from the
map decomposition in Eq. (11) as

Cij
l ¼ 1

2lþ 1

Xl
m¼−l

���� ffiffiffiffiffiffiffiffi
ailm

q ffiffiffiffiffiffiffiffi
ajlm

q ����2; ð16Þ

where cross-probe combinations are included if appli-
cable. We compute the alm coefficients from the forward-
modeled HEALPIX maps using the decomposition imple-
mented in the HEALPY [147] package. Thus, we follow a
simulation-based approach for the Cl too and do not rely
on direct theory predictions, which allows us to easily
include all of the systematics going into the map-level
analysis and ensures direct comparability between the two
approaches.
To form data vectors, we average the Cl within 32

square-root spaced bins between lmin ¼ 0 and
lmax ¼ 3nside. To be consistent with the map level, the
scale cut is applied as a combination of smoothing and
white noise as described in Sec. III F and Appendix A, such
that the signal is suppressed for some l̃max ≤ lmax. The
fiducial smoothing scales in Eq. (10) yield

TABLE III. Architecture of the fiducial DEEPSPHERE graph
convolutional neural network used for map-level compression of
combined probes. Each row shows the layer type, tensor output
shape for a batch of Nb maps, and number of trainable
parameters. The network processes partial-sky HEALPIX maps
of nside ¼ 512 with npix ¼ 458752 pixels and eight feature
channels corresponding to redshift bins. The residual layer is
repeated five times. The model contains 6.87M trainable param-
eters in total, with output dimensionality equal to twice the
number of (potentially weakly) constrained parameters. Net-
works for individual probe compression share this architecture
except for input and output dimensions.

Layer Type Output Shape No. Parameters

Input ðNb; 458 752; 8Þ 0
Smoothing ðNb; 458 752; 8Þ 0
Pseudo convolution ðNb; 114 688; 32Þ 1 056
Pseudo convolution ðNb; 28 672; 64Þ 8 256
Pseudo convolution ðNb; 7 168; 128Þ 32 896
Chebyshev convolution ðNb; 7 168; 256Þ 163 840
Layer-normalization ðNb; 7 168; 256Þ 512
Pseudo convolution ðNb; 1 792; 256Þ 262 400
Chebyshev convolution ðNb; 1 792; 256Þ 327 680
Layer-normalization ðNb; 1 792; 256Þ 512
Pseudo convolution ðNb; 448; 256Þ 262 400
Residual layer ðNb; 448; 256Þ 656 896

..

.

Residual layer ðNb; 448; 256Þ 656 896
Flatten ðNb; 114 688Þ 0
Layer-normalization ðNb; 114 688Þ 229 376
Fully connected ðNb; 20Þ 2 293 780
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R ¼ 8 Mpc=h ⇒ l̃max ¼ ½589; 863; 1159; 1382�;
R ¼ 32 Mpc=h ⇒ l̃max ¼ ½133; 195; 255; 305�

for weak lensing and galaxy clustering, respectively. For
comparison, previous simulation-based DES Y3 weak
lensing analyses using the Gower Street simulation suite
[27] employed a hard cut at lmax ¼ 1024 for all four
METACAL redshift bins [27,30,31,36], while the theory-
based DES Y3 harmonic space analysis [148] used scale
cuts at lmax ¼ ½105; 154; 199; 237� for galaxy clustering
and lmax ¼ ½139; 204; 264; 315� for galaxy-galaxy lensing.
We concatenate the binned Cl along the tomographic

axis including cross-z and potentially cross-probe bins with
i ≠ j, resulting in a (32 × 10)-dimensional data vector for
the single-probe setting and a (32 × 36)-dimensional data
vector for the probe combination.
(a) Architecture: Based on the results in Appendix D of

K22 and our own testing, we implement the compression
using a fully connected network, as this simple architecture
performs on par with more sophisticated ones for this task.
We define the fiducial network as a layer normalization

[141] layer right after the input, followed by two blocks,
each containing a dense layer (1024 units and ReLU
activation) and dropout (rate of 0.1) in that order. Like
for the map-level networks, the final dense output layer has
a dimensionality of 2 dimðθÞ.
(b) Training: Since the data volume is smaller by more

than 3 orders of magnitude, training the compression
networks at the two-point level is far less computationally
demanding than at the map level and can be completed on a
single A100 GPU in under half an hour.
For direct comparability with the map-level analysis, we

employ the same VMIM training objective here. Similarly,
we train the networks with the ADAM optimizer and clip the
global gradient norm to 1.0. We perform 300 000 training
steps at a batch size of 4096, which is feasible due to the
comparatively small size of the binned Cl data vector.
Before feeding the Cl into the networks, we take the

logarithm of their absolute value to reduce their dynamic
range and improve numerical stability.

B. Neural likelihood estimation

The forward model described in Sec. III generates
samples x ∼ pðxjθÞpðθÞ ¼ pðx; θÞ, where the vector θ
consists of the cosmological parameters entering the
N-body simulation, as well as the astrophysical and
nuisance parameters incorporated during postprocessing
(see Table I and Fig. 2).
In the following, we denote by θ the parameters to be

constrained, while the rest of the parameters are margin-
alized. For the grid subset of the COSMOGRIDV1, this yields
pairs fxi; θigNi¼1 with N ¼ 1000 000. As discussed in the
previous section, the high dimensionality of the data x
renders direct density estimation impractical. Therefore, in

the following, we consider D ≔ fsi; θigNi¼1, where si ¼
Sφ� ðxiÞ is the output of the fixed compression function
resulting from training.
The main distinction between different SBI method-

ologies lies in which probability density they approximate
from these samples. In this work, we choose neural
likelihood estimation [52,53,138], which learns the inac-
cessible density pðsjθÞ from the samples D using a density
estimator qðsjθ;ϕÞ with trainable parameters ϕ. This way,
we avoid making assumptions about the specific functional
form of the underlying true likelihood, which is unknown,
and we are free to use a different prior than the one implicit
in the parameter space sampling of the COSMOGRIDV1

simulations.
Code available on GitHub [149].

1. Normalizing flows

We implement the neural density estimators using
normalizing flows (NFs), which model complicated prob-
ability distributions by learning a bijection to a simple, for
example, Gaussian, base distribution. This bijective map-
ping is constructed as the composition of multiple discrete
layers. For a pedagogical introduction to NFs, we refer the
interested reader to [51].
(a) Architecture: We use the FLOWCONDUCTOR [150]

package since it offers a wide selection of conditional
transformations.
Specifically, we compose the learnable bijection in our

NFs from four blocks each made up of a conditional
sum-of-sigmoids layer (introduced in Appendix A.1 of
[151]) and singular value decomposition layer. The
former parametrize a monotonic, elementwise function
as the sum-of-sigmoid activations and apply it autore-
gressively [152], while the latter allow for interactions
between dimensions that are absent from those element-
wise operations.
(b) Training: In our setting, we only have access to the

samples D and not their underlying probability density. To
approximate this unknown true distribution, we minimize
the forward KL divergence between the true and approxi-
mate distributions, which yields the objective

arg min
ϕ

DKLðpðsjθÞkqðsjθ;ϕÞÞ

¼ arg max
ϕ

EpðsjθÞ½log qðsjθ;ϕÞ�; ð17Þ

where qðsjθ;ϕÞ is the NF with trainable parameters ϕ.
By dropping the terms constant with respect to ϕ in the
second line, we see that this objective reduces to
maximum likelihood estimation [51]. This defines the
loss function

LNFðϕÞ ¼ − log qðsjθ;ϕÞ;
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which we estimate from minibatches drawn from D,
thereby obtaining a Monte Carlo approximation of the
expectation in Eq. (17).
Due to the low dimensionality of the compressed data s,

training the NFs is comparatively lightweight and fits on a
single GPU. For our fiducial setup, we use a batch size of
4096, learning rate of 10−4, gradient clipping to 1.0, cosine
decay over 200 epochs, and again the ADAM optimizer.
The quality of the approximation qðsjθ;ϕÞ ≈ pðsjθÞ is

assessed with coverage tests in Sec. VI B.

2. Inference

To obtain the posterior constraints pðθjsobsÞ for an
observation sobs ¼ Sφ� ðxobsÞ, we approximate Eq. (12) as

pðθjsÞ ∝ pðθÞpðsjθÞ
≈ pðθÞqðsjθ;ϕ�Þ;

and sample using the Markov chain Monte Carlo (MCMC)
code EMCEE [153] employing 1024 walkers performing
2000 steps each.

V. MOCK OBSERVATIONS

In this section, we describe the construction and key
characteristics of synthetic observations used to conduct
end-to-end tests of our inference pipeline’s robustness
against differing modeling choices.

A. COSMOGRIDV1

The COSMOGRIDV1 simulation suite includes benchmark
runs using the alternative N-body simulation settings listed
in Table II to assess the adequacy of our fiducial choices for
particle number, redshift shell spacing, and replicated box
size. These tests address concerns raised by studies such as
[154], which demonstrated that varying particle counts can
bias SBI when spurious small-scale information is not
properly discarded. Since benchmark runs share identical
initial conditions with their fiducial counterparts, cosmic
variance is eliminated in direct comparisons at the contour
level, isolating the impact of the different simulation
settings. Furthermore, we use the forward model detailed
in Sec. III to construct the benchmark maps, ensuring that
observed differences are exclusively attributable to varia-
tions in the underlying N-body simulations.
The COSMOGRIDV1 also enables direct comparisons

between mock observations with and without the baryonic
corrections described in Sec. III A 3 and between our
treatment of intrinsic alignment amplitude redshift evolu-
tion in Eq. (8) and the standard NLA model.

B. BUZZARD

Our synthetic BUZZARD [55,155] DES Y3 mock obser-
vations are generated from a separate forward model not

based on the COSMOGRIDV1 that does not follow the data
flow in Fig. 2. Therefore, these mocks probe potential
model misspecification and, as such, play a pivotal role in
validating our pipeline. The primary validation tests we
conduct are cosmological parameter recovery and posterior
predictive checks, which enable us to determine robust
scale cuts for both the weak lensing and galaxy clustering
components of our analysis.
To construct the mocks, we use the BUZZARD V2.0 suite

[55], which consists of 18 synthetic galaxy catalogs cover-
ing the DES Y3 footprint, of which 15 are available to us.
The catalogs are generated from the light cone output of
dark-matter-only simulations with halo masses above ∼5 ×
1012h−1M⊙ at z ≤ 0.32 and ∼1013h−1M⊙ up to z ∼ 2 and
are populated with galaxies using the ADDGALS method
[156]. This results in independent galaxy catalogs with up
to ∼1.5 × 109 galaxies.

ADDGALS employs a hybrid approach combining subhalo
abundance matching (SHAM) [157] and a halo occupation
distribution (HOD) [158] for the galaxy-halo connection. A
machine learning model is trained on a calibrated SHAM
model to assign central galaxies, while a probability
distribution calibrated on SHAM is used to populate the
simulation with subhalos. Hence, the procedure employed
by ADDGALS differs fundamentally from the linear
bias matter-galaxy connection implemented in our
COSMOGRIDV1 forward model, which is key to our vali-
dation tests.
Additionally, the CALCLENS algorithm [159] is used to

compute gravitational shear at the position of each galaxy
in the catalog.
For every catalog, we produce a single self-consistent

tomographic map of synthetic weak lensing and galaxy
clustering observations matching the DES Y3 data in terms
of masking, redshift distribution, and average galaxy
number counts.
Previously, BUZZARDv2.0 catalogs were used to validate

the DES Y3 3 × 2 pt analysis [55], while older versions of
the catalogs [155] have been used to validate cosmological
parameter estimation for DES Y1 [160]. The underlying
cosmological parameters of the BUZZARD simulations
are Ωm ¼ 0.286, σ8 ¼ 0.82, h ¼ 0.7, ns ¼ 0.96, and
Ωb ¼ 0.046. The simulations do not model baryonic
feedback.

1. Synthetic source galaxy catalog

To generate weak lensing mock observations from
BUZZARD galaxy catalogs that resemble the DES Y3 source
galaxy sample introduced in Sec. II B, we assign observa-
tional properties such as signal-to-noise ratio, size, and
observed colors to individual galaxies in the catalogs using
the BALROG framework [161], which matches galaxies
from the DES deep-field catalog to their multiple injections
into the DES wide-field image processing pipeline.
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This process involves three steps: First, we use the
magnitudes of BUZZARD galaxies in the g, r, i, and z bands
to identify their closest counterparts in the DES deep-field
catalog. Second, we randomly select one wide-field
BALROG injection for each matched deep-field galaxy
and assign its METACAL properties to the corresponding
galaxy in the original BUZZARD catalog. Finally, after
applying this procedure to all galaxies in the catalog, we
implement the METACAL selection [61]:

flags == 0
snr > 10
snr < 1000
size_ratio > 0.5
T < 10
not (T > 2 and snr < 30)
not (log10(T) < (22.25 - r)/3.5 and
sqrt(e_1**2 + e_2**2) > 0.8)
18 < I < 23.5
15 < (r,z) < 26
-1.5 < (r-i,z-i) < 4,

where SNR is the signal-to-noise ratio, size_ratio is the
ratio between the size T and the size of the point spread
function (PSF), and e_1, e_2 denote the galaxy ellipticity
components. The cuts yield a larger number of galaxies than
the true source galaxy catalog, providing flexibility for further
subselection. We use this degree of freedom to fine-tune the
mock catalog to more accurately reproduce the original
METACAL redshift distribution by adjusting galaxy counts
within thin redshift intervals dz tomatchexpectedvalueswhile
maintaining a constant total galaxy count per redshift bin.
Based on this processed sample, we can now generate

the mock weak lensing shear maps γWL. For the shape noise
component γSN, we sample the intrinsic ellipticities γj;SN
and weights wj from the DES Y3 shape noise catalog
γ̃METACAL, consistent with the procedure adopted for the
COSMOGRIDV1 in Sec. III D 2. We choose not to include
intrinsic alignment effects into the mocks, equivalent to an
intrinsic alignment amplitude AIA of zero.
The resulting shear values in a given pixel i are weighted

by wj, where j indexes the galaxies falling into pixel i,

γpixi ¼
P

jwjðγj;WL þ γj;SNÞP
jwj

:

To ensure consistency with the COSMOGRIDV1 mocks and
following the procedure outlined in Sec. III D 1, we apply
identical masking, remove B-modes, and convert the shear
maps to convergence maps using the Kaiser-Squires trans-
form, yielding the final tomographic κBUZZARD-maps.
Throughout this paper, we assume the total (per-bin)

responses to equal unity in both the COSMOGRIDV1 forward
model and the construction of the BUZZARD mocks. We
will consider realistic response values in the follow-up
companion paper dedicated to the analysis of the actual
DES Y3 observations.

Table IV summarizes the properties of our synthetic
METACAL catalogs. The column Ng gives the total number
of galaxies in the full sample and each tomographic bin,
while hzi denotes the mean redshift of the source galaxies.
We define the effective number density neff and shape
variance σe following [61]. The overlap metric ∩ nðzÞ
quantifies the similarity between our reconstructed galaxy
redshift distributions and those of the DES Y3 METACAL

sample and is computed as the overlap of the normalized
nðzÞ distributions where 0 indicates completely disjoint
distributions and 1 indicates identical distributions.

2. Synthetic lens galaxy catalog

In the following, we outline how we postprocess the
BUZZARD galaxy catalogs to generate mock observations
resembling the DES Y3 MAGLIM lens galaxy sample
described in Sec. II C.
Starting from the original BUZZARD catalogs, we first

apply the same i-band magnitude cut i < 4zþ 18
employed in the MAGLIM sample, where i-band magnitudes
are available for each galaxy in the BUZZARD catalogs and z
is the photometric redshift estimated using the DNF
algorithm [69,70].
Since only one of the BUZZARD catalogs includes DNF

redshift estimates, we construct the conditional probability
distribution pðzjztrueÞ of DNF redshifts z given the true
redshifts from this catalog ztrue and sample from this
distribution to impute the remaining catalogs. This allows
us to approximately reconstruct the redshift distributions
niMAGLIMðzÞ for each tomographic bin of the MAGLIM

catalog i.
As the last step before binning, we fine-tune our catalog

to reconstruct the nMAGLIMðzÞ distributions more precisely,
following the same approach used for the weak lens-
ing mocks.
Table V presents the basic properties of our synthetic

BUZZARD galaxy clustering maps for comparison with the
original DES Y3 MAGLIM sample. The table shows the total
number of galaxies Ng, redshift ranges and mean redshifts
hzi for each tomographic bin, galaxy number density ng
(per arcmin2), overlap integral hzi between our galaxy
redshift distributions and those of the DES Y3 MAGLIM

catalog, and the maximum multipole l̃max assumed in the
galaxy clustering analysis.

TABLE IV. Selected properties of the synthetic METACAL

sample constructed from a simulated BUZZARD galaxy catalog.

Bin Ng hzi neff σe ∩nðzÞ elmax

Full 100 203 633 0.623 5.545 0.260 � � � � � �
1 24 940 369 0.32 1.463 0.244 0.97 589
2 25 280 310 0.51 1.467 0.262 0.97 863
3 24 891 762 0.74 1.471 0.259 0.97 1159
4 25 091 192 0.93 1.449 0.310 0.97 1382
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For more technical details about the BUZZARD mock
observations, see Ref. [162].

VI. VALIDATION

In this section, we present tests to determine appropriate
scale cuts and validate our inference pipeline at these scales
using the mock observations described in Sec. V. The tests
are performed for the map-level compression networks (see
Sec. IVA 2), which are sensitive to non-Gaussian informa-
tion, thereby providing a more stringent validation setting
than the two-point statistic baseline (see Sec. IVA 3). We
confirmed that the two-point reference satisfies the same
validation criteria.
We define the parameter S8 as

S8 ≔ σ8ðΩm=0.3Þ0.5;

which breaks the degeneracy between Ωm and σ8 that is
inherent to weak lensing measurements.

A. Scale cuts

Particular approximations in the forward model detailed
in Sec. III are expected to fail at sufficiently small scales,
most notably the assumption of linear galaxy biasing in
our galaxy clustering maps. Consequently, implementing
appropriate scale cuts that discard parts of the data is
essential to ensure unbiased parameter inference. This
strategy is consistent with previous DES Y3 analyses,
where small-scale information was excluded (e.g.
[5,20,68,163]) to mitigate potential systematic biases from,
for example, inadequate modeling of baryonic effects.
For this work, we adopt conservative scale cuts that pass

the validation tests presented below. We do not optimize
these cuts to find the least conservative values that would
still pass our tests, deferring such optimization to the
forthcoming companion paper.

1. Recovery of BUZZARD cosmology

As described in Sec. V B, our DES Y3-like BUZZARD

weak lensing and galaxy clustering mocks are constructed
from HOD-modeled galaxy catalogs. This contrasts with
the COSMOGRIDV1 mocks used to train the compression
networks and perform SBI, which are generated directly

from probe maps at the pixel level (see Sec. III B).
Furthermore, the N-body simulations underlying the
BUZZARD catalogs use a different numerical code with
higher-fidelity settings. Therefore, these mocks introduce
systematic modeling discrepancies (of some degree) rela-
tive to the COSMOGRIDV1 mocks, enabling tests of the
inference pipeline’s robustness to such misspecification or,
equivalently, generalization performance under “covariate”
shift. We aim to demonstrate that these differences in input
do not significantly impact the results.
As a first validation, we test whether the pipeline

correctly recovers the known cosmology of the BUZZARD

simulations. Following [160], we evaluate the joint pos-
terior over the ensemble of mocks xi,

pðθjfsðxiÞgNi¼1Þ ∝ pðθÞ
YN
i¼1

pðsðxiÞjθÞ; ð18Þ

where N ¼ 15. This expansion assumes conditional inde-
pendence between the xi given θ and simulates the
constraining power of a survey with N-fold larger area,
thereby reducing the impact of cosmic variance. The
independence assumption is justified because, analogous
to our COSMOGRIDV1 mocks, we remove potential large-
scale correlations between mock observations constructed
from disjoint sky regions of the same underlying N-body
simulation by applying an lmin-cut as detailed in
Sec. III F 2. Furthermore, the respective noise realizations
are independent by construction.
We present the results for weak lensing and galaxy

clustering individually, and their combination, in Fig. 7. For
each configuration, the maximum a posteriori (MAP)
estimates of pðθjfsðxiÞgNi¼1Þ lie within 0.5σ of the true
cosmological parameters θ ¼ fΩm; S8; wg in the two-
dimensional marginals. This demonstrates that potential
systematic biases from the distributional mismatch between
the COSMOGRIDV1 and BUZZARD simulations are subdomi-
nant to statistical uncertainties. We therefore conclude that,
for the considered scale cuts, the inference pipeline passes
the test.

2. Systematic mock contamination

This section presents additional tests designed to validate
the inference pipeline’s robustness to modeling discrepan-
cies using mock observations intentionally contaminated
with systematic errors. Here, the mocks for posterior
inference are generated within the COSMOGRIDV1 forward
model while varying only one selected property at a time.
Shifts in the posterior constraints are therefore directly
attributable to the known modeling difference. We consider
tests successful when shifts remain below 0.3σ in the
Ωm-S8 plane, the standard criterion for DES Y3 (e.g. [5]).
Note that this differs from the previous cosmology recovery

TABLE V. Selected properties of the synthetic MAGLIM sample
constructed from a simulated BUZZARD galaxy catalog.

Bin Ng Redshift range hzi hngi ∩ nðzÞ l̃max

Full 7 700 661 0.20–0.85 0.54 0.512 � � � � � �
1 2 256 056 0.20–0.40 0.30 0.150 1.00 133
2 1 609 242 0.40–0.55 0.46 0.107 1.00 195
3 1 639 381 0.55–0.70 0.62 0.109 1.00 255
4 2 195 982 0.70–0.85 0.77 0.146 1.00 305
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test: here, shifts are measured relative to the result obtained
from the fiducial setup, not the ground truth.
Following [27,30,36], we perform these tests by con-

ditioning on the componentwise mean

s̄j ¼
1

N

XN
i¼1

sðxiÞj ð19Þ

of the compression vector sðxiÞ, where j indexes vector
components and i runs over N ¼ 80 pseudoindependent
realizations. This approach is analogous to standard “noise-
free” inference.
Figure 8 shows the posterior 0.3σ-level contours from

the following systematically contaminated mocks for the
map-level combined-probe analysis:
(a) Simulation settings: The COSMOGRIDV1 benchmark

mocks (see Secs. III A 2 and VA) validate the fiducial
N-body simulation setup by increasing the (i) box size,
(ii) particle counts, and (iii) number of redshift shells.

(b) No baryonification: The baryonification model
strength is varied throughout the COSMOGRIDV1 ac-
cording to Sec. III A 3. Since the associated parame-
tersM0

c and ν are not expected to be well constrained at
our fiducial scale cuts (F22), we marginalize over
them. For this test, we omit baryonification postpro-
cessing from the dark matter light cone, unlike the
fiducial mock observation used as reference.

(c) Intrinsic alignment amplitude: We compare our per-
bin parametrization of AIA redshift evolution in Eq. (8)
with the standard NLA formulation, where the am-
plitude varies per redshift shell.

(d) Source galaxy bias: We test the sensitivity to devia-
tions from the source galaxy bias values introduced
in Sec. III D 2. We consider low and high source
galaxy clustering biases corresponding to �2σ
shifts relative to the distributions in Fig. 5: blowg;s ¼
½1.0; 0.96; 1.0; 1.0� and bhighg;s ¼ ½1.2; 1.2; 1.3; 1.5�.

FIG. 7. Cosmological parameter recovery for individual probes [(a) and (b)] and their (c) combination using an ensemble of N ¼ 15

BUZZARD mocks xi with map-level compression si ≔ sðxiÞ. In all cases, the MAP estimate of the joint posterior pðθjfsigNi¼1Þ defined in
Eq. (18) (solid blue contours) lies within< 0.5σ of a single observation pðθjsiÞ shifted to align with the ground truth (solid red contour).
This result demonstrates that potential systematic biases from modeling differences between the COSMOGRIDV1 and BUZZARD

simulations remain below the statistical uncertainty. Faint red contours show individual realizations xi, contour levels represent 68th and
95th percentiles, and the gray shaded region indicates where the prior pðθÞ is zero.

FIG. 8. Impact of systematic error contamination on cosmo-
logical constraints inferred from map-level probe combination.
The contour lines indicate the 0.3σ tolerance for acceptable shifts
within the Ωm-S8 plane. All configurations remain within this
limit relative to the fiducial MAP (indicated by the cross),
demonstrating robustness to alternative modeling.
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All configurations produce posterior shifts below 0.3σ
relative to the fiducial baseline, passing our robustness
criterion for the combined probes analysis. Individual
probe analyses (not shown) also satisfy this criterion.
The result for the baryonification test indicates that bar-
yonic effects are negligible at our fiducial scale cuts, yet we
retain marginalization over the associated parameters as a
conservative measure.

3. Posterior predictive distribution

The posterior predictive distribution (PPD) [164]

pPPDðx⋆jxobsÞ ¼
Z

pðx⋆jθÞpðθjxobsÞdθ ð20Þ

provides an additional diagnostic for detecting potential
systematic biases in our inference pipeline by comparing
(synthetic) observations xobs with predicted data x⋆

generated from the fitted model. In this validation test,
we employ a BUZZARD mock as xobs while pðx⋆jθÞ
represents our COSMOGRIDV1 forward model, again creat-
ing a scenario where model misspecification may arise.
When the forward model adequately captures the under-
lying data-generating process, samples x⋆ drawn from the
PPD should exhibit statistical properties consistent with
the observation xobs. Systematic discrepancies between
them indicate deficiencies in the forward model, analo-
gous to biased cosmology recovery or significant posterior
shifts due to modeling errors, as examined in previous
sections.
We compare the (tomographic cross-) power spectrum of

one BUZZARD mock with power spectra from the
COSMOGRIDV1 forward model sampled from the PPD using
a posterior pðθjxobsÞ derived from map-level galaxy clus-
tering in Fig. 9. The predicted and observed power spectra
exhibit good agreement with no systematic deviations
exceeding the expected statistical fluctuations. This con-
firms that our COSMOGRIDV1 -based forward model
adequately captures the statistical properties of the
BUZZARD simulations at the relevant scales. For brevity,
we only show the PPD test for map-level galaxy clustering
as it most directly tests the adequacy of our linear galaxy
biasing assumption. However, comparable agreement is
observed for all other probe configurations.

B. Posterior coverage tests

In our SBI framework, we parametrize the intractable
likelihood as a normalizing flow and sample from the
resulting approximate posterior pðθjsðxÞÞ using an MCMC
algorithm, where sðxÞ is the learned compression of a map
x (or power spectrum baseline). For simplicity, we omit s in
the following.
We validate this posterior through empirical coverage

tests that measure the calibration of the distribution
using held-out simulations. Specifically, for a test

observation xtest ∼ pðxjθtestÞ drawn from a known point
in parameter space θtest, a well-calibrated posterior
pðθjxtestÞ should produce nominal ð1 − αÞ∈ ½0; 1� credi-
ble regions containing θtest with frequency (1 − α).
Coverage tests therefore involve repeating the inference
procedure across many test observations xtest to measure
this frequency. Although Bayesian credible regions are
not theoretically required to satisfy frequentist coverage
properties, demonstrating this correspondence empiri-
cally indicates that our inference procedure accurately
quantifies parameter uncertainty.
We employ two distinct diagnostics to assess calibration:

The highest posterior density (HPD) [165] test computes
the posterior density at the true parameter value θtest and
records the fraction f of posterior samples θ̃ ∼ pðθjxtestÞ
with lower density. The true parameter is counted as lying
inside the nominal (1 − α) HPD region whenever
f < 1 − α. Aggregating this indicator over many simula-
tions xtest yields a calibration curve, where deviations below
(above) the diagonal indicate overconfident (conservative)
posteriors.
The tests of accuracy with random points (TARP) [166]

method samples random reference points θref in parameter
space and computes the fraction of posterior samples
falling within a ball centered at θref and extending to the
true value θtest, thereby defining a credible region around
the reference point. Repeating this procedure across a large
number of reference points and observations xtest similarly
yields a calibration curve that can be compared to the ideal

FIG. 9. Comparison between the power spectrum of one
BUZZARD simulation (dashed line) to samples from the PPD
[see Eq. (20)] derived from map-level galaxy clustering analysis.
The solid lines show the mean of the posterior predictive samples,
and the shaded regions indicate the 95% credible interval.
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diagonal. We implement TARP using publicly available
code [167]. While TARP provides both necessary and
sufficient conditions for well-calibrated posteriors, we
include HPD as a complementary diagnostic since we have
found it to be more sensitive in most cases.
We perform both tests in the full ten-dimensional

parameter space encompassing cosmological, intrinsic
alignment and galaxy biasing parameters (see Fig. 2), using
1000 synthetic observations xtest randomly drawn from
held-out COSMOGRIDV1 mocks not seen during training of
the compression network or density estimator. The results,
presented in Fig. 10, demonstrate accurate calibration.

VII. RESULTS ON MOCK
OBSERVATIONS

Having passed extensive validation tests for fiducial
scale cuts, we now forecast the constraining power of
our posterior inference pipeline by conditioning on the
mean compression vector as defined in Eq. (19) over the 15
BUZZARD mocks. Application to the measured DES Y3
METACAL and MAGLIM catalogs, including additional meas-
urement-related systematics modeling and testing, is
deferred to a forthcoming companion paper.
We compare performance along two primary axes: first,

compression networks operating at the map level versus
those using power spectra (our two-point statistic baseline)
as input; second, individual probes of weak lensing and
galaxy clustering versus their combination. We include
additional figures in Appendix B.

A. Map versus two-point level

As explained in Sec. IVA, two-point statistics like the
power spectrum only capture Gaussian information.
However, the forward-modeled weak lensing and galaxy
clustering maps contain additional non-Gaussian informa-
tion, which is only accessible to the map-level compression
networks within our analysis pipeline. Therefore, compar-
ing posterior constraints from map-level and power spec-
trum analyses provides a lower bound on the non-Gaussian
information content of the maps, as extracted by the map-
level compression networks.
We quantify the constraining power in the two-dimen-

sional X-Y parameter plane using the figure of merit (FOM)
of the marginal distribution [1],

FOMX;Y ≔ ðdetðCovX;YÞÞ−0.5: ð21Þ

The results are presented in Table VI and dis-
cussed below.

FIG. 10. Empirical validation of posterior coverage through
HPD [165] and TARP [166] diagnostics. Curves along the
diagonal indicate well-calibrated posteriors where credible re-
gions contain true parameters at their nominal frequencies.
Results shown are for the ten-dimensional posterior from map-
level combined probes; all other configurations considered in this
work perform similarly.

TABLE VI. Marginalized standard deviations σð·Þ and two-parameter figures of merit (FoM, see Eq. (21)) for different analysis
configurations. For map-level statistics, the fractional improvement relative to the power spectrum baseline is shown in parentheses, with
positive percentages indicating tighter constraints.

Probe Statistic σðΩmÞ½×100� σðS8Þ½×100� σðwÞ½×100� σðAIAÞ½×100� σðb1gÞ½×100� FoMΩm;S8 FoMΩm;w

Lensing Cl baseline 5.1 2.9 21 20 � � � 686 92
map-level 3.9 2.2 21 21 � � � 1340 158

ðþ32%Þ ðþ30%Þ ðþ0%Þ ð−4%Þ ðþ95%Þ ðþ71%Þ
Clustering Cl baseline 3.2 16 28 � � � 39 198 121

map-level 2.3 7.9 24 � � � 16 572 186
ðþ35%Þ ðþ105%Þ ðþ17%Þ ðþ147%Þ ðþ189%Þ ðþ54%Þ

Combined Cl baseline 3.1 2.7 24 14 13 1224 142
map-level 2.0 1.8 16 13 6.9 2969 389

ðþ54%Þ ðþ52%Þ ðþ52%Þ ðþ4%Þ ðþ89%Þ ðþ143%Þ ðþ175%Þ
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1. Weak lensing

For weak gravitational lensing as an individual probe, we
compare two-dimensional posterior marginals in Fig. 11(a).
We include the three constrained cosmological parameters
fΩm; S8; wg and the intrinsic alignment amplitude AIA in
the plot, while excluding the weakly constrained ηAIA

and
bTA parameters for clarity; the complete parameter space is
shown in Fig. 19. Map-level networks yield significantly
improved constraints compared to the power spectrum
baseline, with a 95% increase (i.e. 1.95× improvement)
in FOMΩm;S8 . This increase is consistent with previous
simulation-based DES Y3 weak lensing analyses employ-
ing higher-order summary statistics [26,27,31,36].
In contrast, intrinsic alignment constraints show essen-

tially no improvement. This result differs from K22, which
found drastic enhancement in intrinsic alignment con-
straints for deep-learning-based summaries of weak lensing
mass maps compared to conventional two-point statistics.
However, the forward models in K22 and this work differ
substantially. We employ a three-parameter intrinsic align-
ment model compared to the vanilla NLA model assumed
by K22, constrain wCDM instead of ΛCDM cosmology,
and adopt a more realistic stage-III surveylike setup
including additional nuisances like redshift errors, multi-
plicative shear bias, and baryonification. Furthermore, we
apply more conservative scale cuts, which reduces the
expected gain from higher-order relative to Gaussian
statistics.

We demonstrate in Appendix C 1 that the marginal
posterior contours of AIA are not centered on the true
value of zero due to projection effects. In Appendix C 2, we
present posterior results on COSMOGRIDV1 internal mock
observations with AIA ≠ 0 to show accurate parameter
recovery in the presence of intrinsic alignments.

2. Galaxy clustering

Analogously, for stand-alone galaxy clustering, we
compare posterior results for power spectrum and map-
based analyses in Fig. 11(b). For conciseness, we include
only a single representative bias parameter b1g and refer to
Fig. 20 for the complete parameter space.
The map-level approach partially breaks the degeneracy

between linearbiasparametersandclusteringamplitudeσ8 (or
S8), leading to substantially improved constraints on these
parameters despite the conservative scale cuts employed. The
improved constraint on S8 translates to a 189% increase in the
FOM in the Ωm-S8 plane. For one-dimensional marginal
constraints, we find approximately twofold reductions in
uncertainty for bothS8 and theb1g–b4g parameters,withmodest
gains for the dark energy parameter w.
To motivate the observed improvement in S8 and galaxy

bias constraints for the map-level analysis, we draw a
qualitative analogy with spectroscopic galaxy surveys.
Effective field theory (EFT) analyses of the Baryon
Oscillation Spectroscopic Survey [168] and DESI [169]
have demonstrated that combining the bispectrum with the

FIG. 11. Comparison of posterior contours between map-level analysis and power spectrum baseline for fiducial scale cuts. The
posterior is conditioned on the mean compression of the BUZZARD ensemble. For (a) weak lensing, we exclude the weakly constrained
intrinsic alignment parameters ηAIA

and bTA. For (b) galaxy clustering, we show only b1g as the remaining bias parameters b2g–b4g behave
similarly. Complete parameter plots are provided in Appendix B.
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power spectrum significantly improves measurement pre-
cision for EFT galaxy bias parameters relative to power-
spectrum-only analyses, particularly for quadratic terms
[170–172].
Considering the EFT linear galaxy bias b1 (related to but

distinct from our bg parameter), this improvement arises
from different degeneracy directions between the power
spectrum and bispectrum: As derived in [171], the power
spectrum scales quadratically with b1, while the bispectrum
exhibits cubic scaling. These distinct scaling relations
create different degeneracy directions relative to σ8, ena-
bling improved parameter constraints when both statistics
are combined.
Since the bispectrum contribution remains statistically

significant at our fiducial smoothing scale of 32 Mpc=h for
galaxy clustering (Fig. 1 in [171]), and our map-level
compression captures the beyond-Gaussian information con-
tent of the bispectrum, in principle, we hypothesize that a
similar degeneracy-breakingmechanism underlies the impro-
vements observed in our analysis. A quantitative assessment
of this plausible analogy is beyond the scope of this work.

3. Combined probes

The main result of this work is the first forecast within
DES using combined galaxy clustering and weak lensing

maps. For the combined-probe analysis, we compare
contours from two-point and map-level statistics in
Fig. 12 using the same parameters as in Fig. 11. The
complete parameter space is shown in Fig. 21.
Map-based summaries yield significant improvement in

constraints on cosmological parameters, reducing marginal

FIG. 12. Like Fig. 11, but for combined probes of weak lensing and galaxy clustering.

FIG. 13. Comparison of one-dimensional 68% credible inter-
vals for cosmological parameters across different analysis con-
figurations. Dots indicate posterior means.
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standard deviations σð·Þ by approximately 50% for Ωm, S8,
and w. Interestingly, while map-level inference enhances
constraints on linear bias parameters (with nearly twofold
reduction in one-dimensional marginal uncertainties), the
intrinsic alignment constraint remains comparable between
two-point and map-level analyses, consistent with our
weak-lensing-only results. For the overall FOMΩm;S8 , we
forecast a 143% improvement due to the extracted non-
Gaussian information.

We summarize these findings as one-dimensional mar-
ginals in Fig. 13.

B. Probe comparison

In this section, we discuss our map-level results from the
perspective of probe combination. Each probe configura-
tion employs an independent compression network trained
on tomographic weak lensing maps κ, galaxy clustering

FIG. 14. Comparison of posterior distributions resulting from individual or combined probes for map-level analysis using fiducial
scale cuts. The plot shows the full parameter space including cosmological, intrinsic alignment and galaxy biasing parameters. The
synthetic observation is the ensemble mean over the BUZZARD mocks, with ground truth values indicated by dashed lines.

A. THOMSEN et al. PHYS. REV. D 113, 083501 (2026)

083501-26



maps ng, or their joint combination. Figure 14 compares
posterior constraints from individual and combined
probes across the full parameter space, while Fig. 22
presents equivalent results for the two-point statistic
baseline.
As expected, the higher sensitivity of weak lensing to the

clustering parameter S8 helps break the degeneracy
between the clustering bias parameters b1g–b4g and S8,
tightening constraints on these parameters by more than
a factor of 2. Relatedly, galaxy clustering provides addi-
tional information via larger sensitivity to Ωm, yielding
approximately twofold reduction in the FOMΩm;S8 com-
pared to weak lensing alone.
We also find substantial improvements in the Ωm-w

plane due to the different degeneracy directions of these
parameters for weak lensing and galaxy clustering. This
difference is significantly more pronounced for map-level
inference than for the power spectrum baseline: While
FOMΩm;w increases by approximately 17% when combin-
ing galaxy clustering with weak lensing compared to
galaxy clustering alone for power spectra, the correspond-
ing gain for map-based analysis reaches 109%.

VIII. CONCLUSION

In this paper, we present the first pipeline for simulation-
based cosmological inference using neural compressions of
combined weak lensing and galaxy clustering maps for a
realistic stage-III survey setup. We forecast its constraining
power and provide detailed validation on simulations in
preparation for analysis of the observed DES Y3 data in a
forthcoming companion paper.
The main conclusions of this work can be summarized as

follows:
(i) We develop a scalable forward model based on the

COSMOGRIDV1 simulation suite, generating one mil-
lion combined weak lensing and galaxy clustering
DES Y3 mock observations, requiring approxi-
mately 15 TB of storage. Of these maps, 800000
train the neural compression networks and the
remaining 200000 enable neural density estimation
of the unknown likelihood. This framework allows
for robust SBI in a ten-dimensional parameter space.

(ii) In addition to cosmological wCDM parameters, the
forward model varies baryonification, intrinsic
alignment, and linear galaxy biasing parameters.
Furthermore, we marginalize over photometric red-
shift uncertainties and multiplicative source galaxy
shear biases.

(iii) The graph convolutional neural networks we employ
to compress the maps operate on the full survey
footprint in spherical geometry, avoiding patchifi-
cation and projection effects. We train them jointly
on all constrained parameters using a theoretically
motivated mutual information loss.

(iv) As part of the validation effort, we construct 15
independent synthetic observations from BUZZARD

galaxy catalogs. We use these potentially out-of-
distribution mocks to determine appropriate scale
cuts for both galaxy clustering and weak lensing,
ensuring robust cosmology recovery and successful
posterior predictive checks.

(v) We carry out additional systematics checks, includ-
ing tests for alternative source clustering bias values
and underlying N-body simulation settings. For all
of these, we confirm that resulting posterior shifts in
the Ωm-S8 plane remain below 0.3σ.

(vi) Our map-level compression networks are highly
effective at extracting non-Gaussian information from
the weak lensing and galaxy clustering fields for the
validated scale cuts. We report substantial improve-
ments in cosmological parameter constraints com-
pared to our baseline two-point statistics, with
increases in the figure of merit of up to 189% (i.e.
2.89×) depending on the specific probe and param-
eters, corresponding to narrower posteriors. For
galaxy clustering alone, the map-level analysis par-
tially breaks the σ8 linear bias degeneracy, which is
further reduced when combining with weak lensing
as expected. We find no significant gain in constraints
on intrinsic alignment parameters.

In this work, we did not systematically optimize scale
cuts to identify the least conservative configuration satisfy-
ing our validation criteria. Instead, we validated a delib-
erately conservative choice. Consequently, our results
represent a lower bound on the constraining power of
the methodology, with scope for further improvement
through scale optimization in future analyses.
The potential of the inference framework we introduce

extends beyond the implemented forward model. For
example, while we include baryonic effects and marginal-
ize over associated parameters, their impact is negligible at
our current scale cuts. Since the baryonification model
remains valid at smaller scales [173], higher resolution
weak lensing analyses should be feasible with the existing
simulations. For galaxy clustering, our present modeling is
primarily limited by the assumption of simple linear biasing
for the matter-galaxy connection. Although our neural
compression extracts non-Gaussian information from gal-
axy clustering maps even at conservative smoothing scales,
more sophisticated clustering models could further enhance
the results. Possible improvements include incorporating
higher-order bias terms or, given access to higher-fidelity
halo catalogs, a SHAM-like galaxy-halo connection
[174,175] in combination with a galaxy population model
[176]. However, the current COSMOGRIDV1 suite does not
support these approaches, which will be addressed in future
versions.
The stage-IV photometric galaxy surveys LSST [177]

and Euclid [178] have recently entered operations and will
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provide data of substantially higher volume and quality
than stage-III surveys like DES. While significant chal-
lenges in modeling and simulations for stage-IV data
analysis remain, the forward model and inference pipeline
we develop provide a solid foundation for SBI analyses of
next-generation large-scale structure observations.
The following software packages were used in this work:

NUMPY [179], SCIPY [180], TENSORFLOW [181], HOROVOD
[182], PYTORCH [183], FLOWCONDUCTOR [151,184],
WANDB, HEALPY [84,147], EMCEE [153], and H5PY [185].
Job arrays were submitted with ESUB-EPIPE [26,98,99], and
plots were created using MATPLOTLIB [186] and
TRIANGLECHAIN [8,187].
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APPENDIX A: MAP-LEVEL SMOOTHING AND
SCALE CUTS

This appendix describes the implementation of the
small-scale cuts discussed in Sec. III F 1 and presents
validation of the method.

1. Implementation details

We implement the removal of small-scale information in
two subsequent steps.

(a) Gaussian smoothing: Because the survey footprint
depicted in Fig. 4 covers only part of the sky and has a
complicated shape, hard cuts in frequency (or spherical
harmonics) space introduce ringing artifacts in real space
(see Fig. 15), which can hinder the learning of convolu-
tional filters.
Therefore, to remove small scales, we smooth the maps

by convolving them with a Gaussian kernel, which miti-
gates this issue. The smoothing scale is defined by the
kernel’s standard deviation σ or full width at half maxi-
mum (FWHM ¼ 2

ffiffiffiffiffiffiffiffiffiffiffi
2 ln 2

p
σ).

A useful property of Gaussian smoothing is its closed
analytical form in the frequency domain, where smoothing
is accomplished by multiplication of the alm-coefficients
from the harmonic decomposition in Eq. (11) by the factor

clow-passðl; σÞ ¼ exp

�
−
1

2
lðlþ 1Þσ2

�
; ðA1Þ

which depends on the multipole order l∈Z>0. As l
increases, the factor becomes smaller, leading to greater
suppression of higher-order modes. The clow-pass filters
resulting from our fiducial scale cuts in Eq. (10) are plotted
in Fig. 16.
Beyond reducing artifacts, another advantage of our

implementation of Gaussian smoothing over a hard cut in
alm-space is that we can perform the smoothing operation
on the fly, requiring storage of only a single full-resolution
version of the dataset.
(b) White noise: Because the Gaussian smoothing kernel

(in principle) has infinite support in real and spherical
harmonics space, the smoothing operation is theoretically
invertible in frequency space by simply dividing the alm-
coefficients through the factor in Eq. (A1). Thus, math-
ematically there is no loss of information; the small-scale
information is merely suppressed, not removed. While this

FIG. 15. Comparison between the artifacts introduced by a hard
cut in harmonic space and Gaussian smoothing in real space.

FIG. 16. Bandpass filters in alm-space defined by the factor in
Eq. (A1) and a hard lmin ¼ 30 cut for the fiducial smoothing
scales used in this work. Solid and dashed lines correspond to the
redshift bins of the source and lens galaxy sample, respectively.
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is not the case in practice due to the finite precision of
floating point numbers, we choose not to rely on such
numerical noise. Instead, we address the issue by irrevers-
ibly adding white Gaussian noise of a certain scale to the
maps after smoothing.
We determine this noise level separately for each tomo-

graphic bin i with smoothing scale σimin by first finding the
smallest spherical harmonic order l̃i

max for which Eq. (A1)
is below a threshold of 1%. In other words (and omitting
the bin index for improved readability), l̃max is the scale at
which the smoothing reduces the alm-coefficients to 1% of
their original value. Then, we take the mean of the angular
power spectrum Cl (as defined in Sec. IVA 3) over all
realizations at the fiducial cosmology and evaluate the
resulting curve at the given l̃max. The obtained value Cl̃max

defines the level of white noise we apply. The different
power spectra illustrating the steps are plotted in Fig. 17.
We construct white-noise HEALPIX maps by drawing

pixelwise samples from independent scalar Gaussians of
mean zero and shared standard deviation σnoise (not to be
confused with the smoothing scale σmin). The standard
deviation σnoise is chosen such that the approximately
constant power spectrum of the white-noise map matches
the noise level Cl̃max

. The connection between the white-
noise power spectrum and the Gaussian distributions is
given by

Cl̃max
¼ 4πfsky

npix
σ2noise;

where fsky is the fraction of the sky occupied by the survey
footprint and npix is the number of pixels contained in the
full sky at nside [39].

2. Validation

The real-space smoothing procedure detailed in
Appendix A 1 allows different trade-offs between the
Gaussian smoothing kernel size σmin and pixelwise
white-noise amplitude σnoise. The same maximal multipole
l̃max (see Fig. 17) in harmonic space can be achieved by
either increasing the smoothing scale while reducing the
subsequently added white noise, or vice versa.
We test whether different choices yielding approximately

equal multipoles l̃i
max ≈ ½267; 390; 509; 610� significantly

impact posterior contours. Figure 18 shows results for an
example clustering-only analysis evaluated on a fiducial
COSMOGRIDV1 mock. The “more smoothing and less white
noise” configuration is derived from a scale of R ¼
16 Mpc=h with a 1% threshold in Eq. (A1), yielding

σimin ¼ ½27.6; 18.9; 14.5; 12.1� arc min;

σinoise ¼ ½0.52; 0.21; 0.15; 0.14�;

while the “less smoothing and more white noise” setup uses
a 10% threshold, resulting in

σimin ¼ ½19.5; 13.4; 10.2; 8.5� arc min;

σinoise ¼ ½1.61; 0.67; 0.47; 0.43�:

The posterior contours show no significant differences.

FIG. 17. Illustration of the Cl-level definition for the amount of
white noise added after smoothing. Per construction, the
“smoothed” Cl (obtained from convolution with a Gaussian
kernel) are suppressed to 1% of the original values at l̃max. The
“white noise” (generated from independent Gaussian samples) is
calibrated to intersect the smoothed Cl at that value denoted
Cl̃max

. This example depicts the first galaxy clustering redshift
bin, which undergoes the most smoothing.

FIG. 18. Comparison of different trade-offs between Gaussian
smoothing scale σmin and white-noise level σnoise for fixed
multipole l̃max. The marginal contours show no significant
differences.
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APPENDIX B: ADDITIONAL
FIGURES

(a) Map versus two-point level: We present the full
parameter space versions of the posterior results discussed
in Sec. VII A in Figs. 19–21. The intrinsic alignment
parameters ηAIA

, controlling the redshift evolution, and
bTA, coupling intrinsic alignment to the local density field,
are weakly constrained with no significant difference

between the map-level and two-point analyses. This is
expected since the true AIA ¼ 0 for BUZZARD, eliminating
any dependence on ηAIA

and bTA according to Eq. (7). The
galaxy clustering biases b1g–b4g show mild redshift-bin
dependence. In all cases, their degeneracy with the S8
parameter is significantly reduced in the map-level analy-
sis. For the combined probes, adding weak lensing to
galaxy clustering further reduces this degeneracy.

FIG. 19. Like Fig. 11 lensing, but for all parameters.

FIG. 20. Like Fig. 11 clustering, but for all parameters.

FIG. 21. Like Fig. 12 combined, but for all parameters.

FIG. 22. Like Fig. 14, but for power-spectrum instead of map-
level analysis.
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(b) Probe comparison: Figure 22 compares the different
probe configurations for the power spectrum instead of the
map-level analysis in Fig. 14.
(c) Power spectrum: In Fig. 23, we show all auto- and

cross-power spectra for weak lensing and galaxy cluster-
ing used in the analysis. The scale cuts for the power
spectra are implemented consistently with the map-level
approach described in Sec. VI A, yielding suppression to
near zero for scales smaller than the Gaussian smoothing
kernel size.

APPENDIX C: INTRINSIC
ALIGNMENT

This appendix presents additional results regarding the
source galaxy intrinsic alignments modeled according to
Sec. III D 3.

1. Projection effects

Due to projection effects, the posterior contours of
the AIA parameter conditioned on the mean BUZZARD

mock appear to exhibit nontrivial bias in Figs. 11, 12,
and 14.
We show the posterior densities for the per-bin values

Ai
IA computed from Eq. (8) in Fig. 24, where i indexes

the four redshift bins of the METACAL source galaxy
sample. These two-dimensional marginals demonstrate
that the highest posterior probabilities lie close to the
true value of zero, consistent with the absence of
intrinsic alignment modeling in our BUZZARD mocks
(see Sec. V B 1). We therefore conclude that the shift
from zero toward positive AIA values in Figs. 11, 12, and
14 results from a projection effect arising from the
power-law parametrization of Ai

IA in terms of AIA
and ηAIA

.

2. COSMOGRIDV1 internal mocks

Since we do not include intrinsic alignments in our
BUZZARD mocks, we compare different intrinsic alignment
amplitudes AIA using mock observations derived from our
weak lensing COSMOGRIDV1 forward model detailed in
Sec. III D.
We present results for AIA ∈ f−1; 0; 1g, ηAIA

¼ 0, and
bTA ¼ 0 in Fig. 25 and find that our inference pipeline
accurately recovers the ground truth values in all cases. The
parameters ηAIA

and bTA are only weakly constrained and
partially hit the prior boundaries. Everything besides AIA
being fixed, the marginal distributions of the cosmological
parameters are only mildly affected.

FIG. 23. Auto-, cross redshift bin, and cross-probe power spectra. The colored lines correspond to 50 random COSMOGRIDV1 grid
cosmologies, while the black line is obtained from the mean over the 15 BUZZARD realizations.
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