Max E. LEE

DRAFT VERSION SEPTEMBER 9, 2026
Typeset using IATEX twocolumn style in AASTeX7.0.1

BINDing the lightcone: A suite of astrophysical ray-traced weak lensing and SZ maps

;L Suy GeNEL 22 ZorTAN Hamvan 2134 Grec L. Bryan (2,12 AND BORYANA HADZHIYSKA

I Department of Astronomy, Columbia University, MC 5246, 538 West 120th Street, New York, NY 10027, USA
2 Center for Computational Astrophysics, Flatiron Institute, 162 Fifth Ave, New York, NY, 10010, USA
3 Department of Physics, Columbia University, MC 5255, 538 West 120th Street, New York, NY 10027, USA
4 Institute of Science and Technology Austria, Am Campus 1, Klosterneuburg 3400 Austria
5 Institute of Astronomy, Madingley Road, Cambridge, CB3 0HA, UK
6 Kavli Institute for Cosmology, Cambridge, Madingley Road, Cambridge, CB3 0HA, UK

ABSTRACT

Recent multiwavelength observations of galaxy group and cluster gas suggest stronger baryonic
feedback than our best-calibrated hydrodynamical simulations produce, while modeling this feedback
remains a primary source of uncertainty in Stage-IV weak-lensing (WL) analyses. We present a suite of
ray-traced maps generated with BIND (Baryonic INpainting with Deep learning), a conditional flow-
matching model that paints baryonic mass and gas thermodynamics onto the halos of dark-matter-only
simulations, and which was developed in a companion paper. Applied to IllustrisTNG300-Dark and ray-
traced, we generate convergence, optical depth, and Compton-y maps at five source redshifts, each with
1000 pseudo-independent realizations. We build lightcones across a 256-node Sobol sequence spanning
the thirty-dimensional IlustrisTNG galaxy formation prior, with individual parameter variations and
at the fiducial model. In validation, the maps match those built from the IlustrisTNG300 halos to
within LSST-Y10-like precision for a range of WL statistics. Across the prior, the response to feedback
exceeds Stage-1V statistical precision by more than an order of magnitude on small scales, and different
statistics respond to different model sectors: galactic winds control the WL power spectrum and gas
auto- and cross-spectra, while the stellar initial mass function slope and AGN parameters shape the
morphological statistics (PDF, peaks, minima, and Minkowski functionals). Finally, we find that the
response of statistics can be compressed into seven halo properties which linearly predict a range of
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WL and SZ statistics. We publicly release the maps, statistics, and model tables.

Keywords: Galaxies (573) — Cosmology (343)

1. INTRODUCTION

Modeling baryonic feedback is a leading source of sys-
tematic uncertainty in Stage-IV weak lensing analyses
(e.g. A. Amon & G. Efstathiou 2022; C. Preston et al.
2023; A. H. Wright et al. 2025). Unfortunately, the
small scales that drive this uncertainty, where galac-
tic winds and active galactic nuclei (AGN) redistribute
gas, are furthermore the same scales that carry a wealth
of cosmological information. Mismodeling these pro-
cesses therefore has dire consequences for cosmological
analyses. A simulation with AGN feedback tuned to
reproduce the X-ray and optical properties of galaxy
groups induces a ~ 40% bias in wq if that feedback is
left unmodeled (E. Semboloni et al. 2011), and neglect-
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ing baryons biases (2, and og by more than 50 for a
Stage-IV survey (A. Schneider et al. 2020). Avoiding
small scales by removing them from analyses and rely-
ing only on large-scale modes inflates the §2,,—0g contour
area by more than an order of magnitude (A. Schnei-
der et al. 2020). This makes analysis pipeline require-
ments demanding, requiring the matter power spectrum
to be predicted to roughly one percent accuracy out to
k ~ 10 hMpc™* (D. Huterer & M. Takada 2005; A. P.
Hearin et al. 2012; N. E. Chisari et al. 2019), the same
regime where galaxy formation model decisions domi-
nate.

The past decade of multiwavelength observations has
begun to narrow down where the real universe sits in
this vast galaxy formation model space, although con-
sensus on feedback strength remains elusive. Kinetic
Sunyaev-Zel’dovich (kSZ) profiles, on their own and
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jointly with eROSITA X-ray gas masses, suggest that
group-scale halos eject gas more efficiently and to greater
radii than the weakest-feedback state-of-the-art hydro-
dynamical simulations, such as IlustrisTNG, predict (B.
Hadzhiyska et al. 2024, 2025; J. Siegel et al. 2025a). For
example, the fiducial FLAMINGO run, calibrated to pre-
eROSITA X-ray gas fractions, was shown to be > 8¢
discrepant with stacked kSZ profiles of groups, while its
strongest-feedback variant (fgas—8c) agrees to within
~ 20; likewise, eROSITA X-ray gas fractions in groups
are ~ 2 times lower than the fiducial FLAMINGO predicts
(J. Siegel et al. 2025a). By stacking optically selected
groups, recent literature finds that hot gas accounts for
a small fraction (20-40%) of the cosmic baryon bud-
get within Rogg. Every flagship high-resolution, large-
volume hydrodynamical simulation overpredicted this
by up to a factor of three, except MAGNETICUM and
SIMBA (P. Popesso et al. 2026). For weak lensing sur-
veys, semi-analytic baryon correction models can trans-
late these measurements into a matter power-spectrum
suppression, although the translation rests on an as-
sumed gas profile and halo model. Under those assump-
tions, the measurements imply a suppression of 104 2%
at k = 1hMpc™ !, double the ~ 5% that most current
lensing pipelines assume (J. Siegel et al. 2025Db).

For thermal measurements of gas through the thermal
Sunyaev-Zel’dovich (tSZ) effect, joint analyses of DES
Year 3 weak lensing with ACT tSZ detect the shearxtSZ
cross-correlation at 210 and find 2—4o tension with mild-
feedback simulations (S. Pandey et al. 2025). The im-
plication is that group-sized halos (10*® Mg h=! < M <
10* Mg h™1) require significantly reduced thermal gas
pressure (S. Pandey et al. 2022, 2025). The newest and
highest signal-to-noise kSZ measurement, DESI DR2
crossed with ACT DR6, detects the effect at 180 around
luminous red galaxies (F. J. Qu et al. 2026), with com-
panion measurements around bright and emission-line
galaxies (B. Hadzhiyska et al. 2026), and favors gas
ejection from group-scale halos more efficiently than the
standard AGN gas profile (N. Battaglia 2016) predicts.
These results are consistent with earlier weak lensing
plus kSZ constraints, which preferred gas fractions sys-
tematically below simulation predictions (B. Hadzhiyska
et al. 2024, 2025; L. Bigwood et al. 2024), and with the
kSZ benchmark established against DESI+ACT data, in
which the fiducial feedback calibrations of FLAMINGO,
ANTILLES, BAHAMAS, and FABLE appear disfavored at
> 30, while stronger-AGN variants of FLAMINGO and
BAHAMAS, as well as SIMBA, reproduce the measured
signal (L. Bigwood et al. 2025a; I. G. McCarthy et al.
2024). These analyses point to stronger baryonic feed-
back than the weakest-feedback simulations predict, al-

though how strong it is and whether every probe agrees
on a single calibration remain open questions.

Beyond the weak lensing angular power spectrum
analyses, Stage-IV surveys are designed to exploit non-
Gaussian information through statistics such as peak
counts, minimum counts, Minkowski functionals, and
the one-point probability distribution function, each of
which outperforms two-point statistics in forecast pre-
cision (V. Euclid Collaboration: Ajani et al. 2023; D.
Zircher et al. 2021; N. Martinet et al. 2021), and has
now been demonstrated across a wide range of surveys
(J. Liu et al. 2015; T. Kacprzak et al. 2016; N. Mar-
tinet et al. 2018; H. Shan et al. 2018; J. Harnois-Déraps
et al. 2021; M. Gatti et al. 2022; T. Lu et al. 2022, 2023).
Peak counts combined with the angular power spectrum
tighten Sg by 38% over the power spectrum alone in
DES Year 3 (D. Ziircher et al. 2022), and peaks and
minima combined with the power spectrum yield a 35%
improvement in HSC Year 1 (T. Lu et al. 2023; G. A.
Marques et al. 2024). Each of these statistics is affected
by baryonic physics (K. Osato et al. 2021; W. R. Coulton
et al. 2020; T. Lu et al. 2022; J. C. Broxterman et al.
2024; D. Grandén et al. 2024; M. Marinichenko et al.
2025), however, these impacts vary across the statistic
space. Ignoring baryons biases peak-count inference by
~40 while leaving minimum counts nearly unaffected
at ~0.50 (W. R. Coulton et al. 2020). M. E. Lee et al.
(2026b) showed that the effect of baryons on morpholog-
ical statistics, such as peak counts, is sourced primarily
from the cores of massive halos, while the power spec-
trum is sensitive to the baryonic imprint from a broad
range of halo masses and radii, a separation also visi-
ble in M. P. van Daalen et al. (2020); X. Yang et al.
(2011); J. Liu & Z. Haiman (2016); J. C. Broxterman
et al. (2024); M. Marinichenko et al. (2025). A cor-
rection calibrated to reproduce the power spectrum is
therefore not guaranteed to be correct for other statis-
tics, and in practice, it is not. M. E. Lee et al. (2023)
found that baryon correction models (BCMs) tuned on
the power spectrum reproduce the baryonic effects in
peak counts at the percent level only for peaks with
S/N < 4. For larger peak amplitudes, the effects of
baryons are improperly modeled by BCMs, which im-
plies they will become insufficient for use in LSST and
FEuclid WL analyses.

Baryonic modeling approaches fall into three broad
categories.  Full hydrodynamical simulations (e.g.,
FLAMINGO, BAHAMAS, IllustrisTNG, SIMBA) resolve the
complex interplay and physics across scales, but are
computationally prohibitive for the large volumes and
wide parameter-space coverage that inference pipelines
require (J. Schaye et al. 2023; F. Villaescusa-Navarro
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et al. 2021). Semi-analytic baryon correction models
are fast and flexible, providing ~ 2% power-spectrum
accuracy (A. Schneider & R. Teyssier 2015; A. Schnei-
der et al. 2019; G. Arico et al. 2021; S. K. Giri & A.
Schneider 2021; A. Schneider et al. 2025), and have re-
cently been extended to operate directly on maps, where
they have been calibrated against higher-order statis-
tics rather than only against P(k). For example, D.
Anbajagane et al. (2024) jointly fit the second, third,
and fourth moments of the lensing and tSZ fields to
within measurement uncertainties above ~1Mpc, and
A. J. Zhou et al. (2025) fit two-point statistics, wavelet
phase harmonics, scattering coefficients, and the third
and fourth moments to within 2% for ¢ < 2000 using
only three parameters. However, these semi-analytic
models impose spherically symmetric parametric pro-
files and therefore cannot represent aspherical morphol-
ogy or stochasticity in gas properties for a given halo,
to which non-Gaussian statistics are sensitive. Deep-
learning approaches occupy a middle ground, painting
baryonic fields directly onto N-body simulations (T.
Troster et al. 2019; L. Thiele et al. 2020b; B. Dai & U.
Seljak 2021; U. Chadayammuri et al. 2023; D. Sharma
et al. 2025; R. H. Liu et al. 2025), but existing mod-
els are trained on a single galaxy-formation calibration
rather than conditioned on the subgrid parameter space,
or are trained to reproduce the full volume, sacrificing
resolution on small halo scales where the baryonic ef-
fects are sourced. Outside of these three categories, a
model-free calibration of the suppression has recently
been proposed, which cross-correlates shear with direct
tracers of the ionized gas: fast radio burst dispersion
measures (C. Leung et al. 2025) or the kSZ effect (B.
Hadzhiyska 2026; A. Ganguly et al. 2026). While these
do measure the two-point suppression without a galaxy
formation model, they say nothing about non-Gaussian
statistics and how they may respond. Further, none of
the models above allow analysis of the connection be-
tween physics model parameters, their induced effects
on halo populations, and the propagation of these ef-
fects into various weak lensing and CMB statistics.
This is the gap we aim to address in this and our
companion work (M. E. Lee et al. 2026a) by introduc-
ing BIND (Baryonic INpainting with Deep learning).
BIND is a conditional generative model trained via flow
matching to paint baryonic fields onto the halos of dark-
matter-only N-body simulations, conditioned on the full
set of ACDM cosmological and IllustrisTNG galaxy for-
mation parameters (M. E. Lee et al. 2026a). BIND is
halo-centric, allowing for high-resolution emulations of
individual halos, generative so that it can sample from
the distribution of effects for a given halo, and it gen-

erates simultaneous channels so the same structures, at
the same positions, appear in gas, stellar, and dark mat-
ter mass distributions as well as in the resulting gas
temperatures, pressures, and entropies. The companion
paper (M. E. Lee et al. 2026a) introduces the model and
validates it at the halo level, while here, we apply BIND
to the lightcone.

In this paper, we generate ray-traced weak lensing
convergence (k), electron scattering (7), and Compton-
y (y) maps across the IllustrisTNG galaxy formation
parameter space using BIND, and use these maps to
measure how the astrophysical parameters propagate
into weak lensing and SZ summary statistics. We then
use these measurements to build an analytic model of
weak lensing statistics as a function of measurable halo
quantities. Applied to lightcones built from TNG300-
Dark, BIND produces (k,y,7) map triplets at a frac-
tion of the cost of a full hydrodynamical simulation, al-
lowing us to cover the parameter space instead of sam-
pling it at a handful of points. We generate one set
of map triplets by varying the thirty astrophysical pa-
rameters one at a time while keeping all others fixed
to their fiducial values, and a second set by varying all
thirty parameters simultaneously across the full thirty-
dimensional prior volume using a 256-node Sobol se-
quence. At each parameter-space location, we generate
maps for five source redshifts and produce 1000 pseudo-
independent realizations. To our knowledge, this is the
first systematic study of how a full galaxy formation pa-
rameter space propagates into a suite of Stage-IV weak
lensing summary statistics and into the gas auto- and
cross-spectra on a cosmological lightcone.

We demonstrate three principal results.

1. First, at the fiducial IllustrisTNG parameters, the
generated BIND lightcones reproduce every WL
statistic from an analogously constructed lightcone
with hydrodynamical halos to within the statisti-
cal precision of an LSST-Y10-like survey.

2. Second, feedback responses vary by statistic and
feedback type. The projected 2D WL statistics
and every gas spectrum respond primarily to the
galactic-wind sector feedback parameters, while
the WL morphological statistics are more sensi-
tive to the slope of the stellar initial mass function
and AGN feedback parameters.

3. Third, the statistical response to the astrophys-
ical parameters is compressible. A linear model
can be generated from the shapes of parameter ef-
fects on statistics and a handful of measured halo
properties. This implies that the imprint of feed-
back on the maps and statistics is carried by a
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few physical, observable halo properties, and pro-
vides a bridge between the multiwavelength gas
measurements discussed above and Stage-IV cos-
mological inference (J. Siegel et al. 2025a; L. Big-
wood et al. 2025a; M. P. van Daalen et al. 2020;
A. Schneider et al. 2022).

This paper is structured as follows. Section 2 reviews
BIND, the IlustrisTNG-300 simulation, halo condition-
ing and pasting procedure, ray tracing, and introduces
the various lightcone sets to be generated. Section 3 val-
idates the fiducial generation against the hydro-pasted
truth, first at the halo level (scaling relations and radial
profiles) and then at the map level (all WL statistics
and the gas auto- and cross-spectra). § 4 measures the
response of twelve statistics across the 30-dimensional
astrophysical parameter space, identifies the dominant
parameters (§ 4.1), and categorizes their response into
five distinct families (§ 4.2). Section 5 builds an ana-
lytic linear model from the results of § 4. We develop a
physical interpretation for our results in § 6. Sections 7
and 8 catalog the limits of the maps’ construction and
their remedies, and Section 9 summarizes our main con-
clusions. We publicly release the lightcones, measured
statistics, and model tables.

2. METHODS

In this section, we review the BIND methodology, the
simulation suites used, and the procedure for generating
halos, lightcones, and our ray-traced maps.

2.1. BIND

BIND is a conditional generative model for creating
hydrodynamical fields in and around dark-matter-only
halos. More specifically, BIND is a trained conditional
flow model (Y. Lipman et al. 2022, 2024; S. Kannan
et al. 2025), which learns to sample from the posterior

P(F}gdro |nganaZ)v (1)

where F . s a set of hydrodynamical fields such as

hydro
gas, stell:ir, and dark matter densities, pHq is a dark
matter density field from an N-body simulation centered
on a halo H, 6 is a set of cosmological and astrophysical
parameters, and z is the redshift.

BIND was trained on halos with My, >
10" Mg A1 inside the 50 Mpch~! CAMELS suite of
1024 dark-matter-only and hydrodynamical simulation
pairs (S. Genel et al. 2026)7. Each simulation in the

7 Where Magg. is the mass enclosed within a radius inside which
the mean density is 200p., with p. the critical density of the
universe.

suite used random initial phase fluctuations, a set of
five cosmological parameters, and thirty galaxy forma-
tion model subgrid parameters that control astrophysi-
cal effects such as star formation, stellar feedback, and
AGN feedback. For a detailed list of the parameters and
their descriptions, see S. Genel et al. (2026).

In M. E. Lee et al. (2026a), BIND was trained to gen-
erate hydrodynamical density fields such as gas, stellar,
and dark matter masses on 128 x 128 pixel grids cen-
tered on DMO halos with pixel scales of 48 kpc h~! such
that the full patch is 6.25 x 6.25 Mpch~!. In this work,
we retrain the same network with the same map reso-
lution and scale, but also include thermodynamic chan-
nels for gas temperature, T', pressure, P, and entropy K,
such that the total list of fields generated by BIND is
Fkgdro = {pDM7 Pgas, Pstars Lgas> Pgass Kgas}- It is impor-
tant to note that BIND is a 2D model, and as such, it
generates a projected field of 6.25 x 6.25 Mpc h~!, where
each pixel contains the surface density projected over
a 50 Mpch~! depth. This decision naturally followed
from the CAMELS boxes being (50 Mpc A ~1)3 volumes.
However, we will see in § 2.2 that the lightcone gen-
eration requires simulation projections, which actually
turns BIND’s projection mechanisms into an advantage.

For a detailed explanation of the BIND architecture,
training, and validation, see M. E. Lee et al. (2026a).
We verified that the retraining described above produces
analogous results in the mass channels and will validate
the thermodynamic channels in § 3 as well.

2.2. TNG simulations and conditioning generation

The goal of this work is to use BIND to generate
weak lensing, tSZ, and 7 maps with various astrophys-
ical parameter changes, which requires a dark-matter-
only simulation with halos for BIND to paste, and which
is large enough to produce these maps. IlustrisTNG
(R. Weinberger et al. 2017; A. Pillepich et al. 2018; V.
Springel et al. 2018) is the galaxy formation model that
BIND was trained on, and so we use the largest Il-
lustrisTNG dark-matter-only simulation, IllustrisTNG-
300 Dark (henceforth TNG300-Dark) (D. Nelson et al.
2019). We also use the paired hydrodynamical simula-
tion, IustrisTNG300 (henceforth TNG300), to validate
our procedure. Both TNG300 and TNG300-Dark cover
a simulated volume (205Mpch~1)3 with dark matter
resolutions of 4.0 x 10" h~! Mg, and, 4.73 x 107 h=1 Mg,
respectively, and both are generated with the cosmologi-
cal parameters inferred from Planck Collaboration et al.
(2016) (2., = 0.3089, o5 = 0.8158, 2 = 0.0486, and
Hy = 67.74kms~ " Mpc™'). The TNG suite contains
100 simulation snapshots output between redshifts z = 0
and z = 20, each containing halo and subhalo catalogs
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computed on the fly and saved using the FoF/Subfind
algorithms.

This work leverages the TNG300-Dark simulation
suite for pasting, but in § 3, we test our procedure by
comparing maps generated at the fiducial TNG300 pa-
rameter space location with the true TNG300 hydro-
dynamical simulation. Another advantage of using the
MustrisTNG suite is that several previous works have
built and validated ray-tracing pipelines (K. Osato et al.
2021; M. E. Lee et al. 2023, 2026¢,b). We treat TNG300
as the ground-truth simulation; however, TNG300 is
only a single hydrodynamical realization of a field gener-
ated from the fiducial set of 30 astrophysical parameters.
In this work with BIND, we can arbitrarily modify any
of these parameters to generate different hydrodynami-
cal halo realizations, which we then paste back into the
dark-matter-only maps and feed through the ray-tracing
pipeline.

To BIND?® a simulation, one only requires a projec-
tion of a dark-matter-only simulation, a catalog of halo
positions within the projection, the cosmological param-
eters of the simulation, the desired astrophysical sub-
grid parameters, and a random seed from which the
flow matching starts its sampling. As TNG300-Dark
contains the snapshots between z = 0-20, and is a
volume of (205Mpch~1)? per snapshot, we can turn
each snapshot into four slabs projected over a depth
of §x = 51.25Mpch~! and, using Cloud-in-cell (CIC;
R. W. Hockney & J. W. Eastwood 1988) interpolation,
generate dark matter surface density maps for each,
which are 4096 x 4096 pixels. The pixel resolution and
projection depth for each slab then closely match (with
a mere 2.5% offset) those used to train BIND, allowing
it to be used as conditioning in the model. We find that
this small discrepancy doesn’t affect our emulated re-
sults, as we show in our validations in § 3.1. To identify
the halos, once the pixelized slabs are generated, the FoF
catalog positions of halos with Mygp. > 1013 Mg h~1 can
be identified in pixel coordinates, and the conditioning
field, pH\ o, for each halo extracted as a 128 x 128 pix-
elized grid.

In practice, to build a lightcone, we require only 20
snapshots between z = 0 and z = 2.5. From these 20
snapshots, we typically want to reduce repeated struc-
tures along a given line of sight, which can occur when
we naively project along the same axis in each snap-
shot. To avoid this, we follow K. Osato et al. (2021);
M. E. Lee et al. (2026¢), using the simulation’s periodic
boundary conditions and applying random translations

8 We use BIND as a verb frequently throughout the text, as we
believe it is useful and clear.

and rotations to each snapshot before projecting. This
ensures that when the slabs are stacked to perform the
ray tracing described in § 2.4, there are fewer repeated
structures along a line of sight. Each of the 20 snap-
shots used to generate the lightcone receives a unique
rotation, translation, and randomly chosen projection
direction (along x, y, or z axes), from which the cata-
log of halo conditioning grids is extracted and used to
generate with BIND.

Once the full halo conditioning catalog is created,
we can choose a set of astrophysical parameters, the
TNG300 set of cosmological parameters, and the given
redshift of the snapshot and generate each of the halos.
We show this procedure in Fig. 1, where the leftmost
field shows a slab of TNG300-Dark rotated, translated,
and projected over 51.25 Mpc h~! to a 4096 x 4096 grid.
Each small square contains a halo identified by the FoF
catalog, for which a 128 x 128-pixel patch is extracted,
as shown in the center panel. With this conditioning,
we can use BIND to draw from the posterior and gen-
erate density fields such as dark matter, gas, and stellar
density, or thermodynamic fields such as the Compton-y
field, for any chosen parameter combination. We show
each field for low, fiducial, and high values of a single
galaxy formation model parameter?, while keeping all
other parameters fixed to the TNG fiducial. We can
see clear differences right away. The stellar density is
significantly suppressed, and the gas concentration and
Compton-y become more centrally concentrated in the
halo when this parameter is turned up. When the pa-
rameter is turned low, there are more small-scale fea-
tures in all channels, including a dramatic change for
the stellar field; however, in the halo core, the gas and
Compton-y distributions appear to be more diffuse. For
a more detailed exploration of the individual effects of
the parameters on the halos, we refer the reader to M. E.
Lee et al. (2026a).

2.3. Generating halos across the Sobol sequence

After creating the halo catalog for conditioning de-
scribed in the previous section, we can generate halos
for each slab across all 20 snapshots. The generated
halos are then pasted back into the TNG300-Dark sim-
ulation following the pasting scheme outlined in §5 of
M. E. Lee et al. (2026a), where each generated density
field blends into the dark-matter-only density field fol-
lowing a cosine tapering beginning at 3R2gg.. For the

9 While irrelevant for this discussion and Fig. 1, the parame-
ter that is varied is Agny1. We simply wanted to present the
pipeline and qualitative changes for a parameter; a full analysis
of the effects due to parameters can be found in § 4
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Figure 1. The lightcone BINDing pipeline. Left: a 51.25Mpch™! slab of TNG300-Dark at z = 0.0337, rotated, translated,
and projected onto a 4096 x 4096 grid. Squares mark halos with Magg. > 10'3 M h™! identified in the FoF catalog. Center:
the 128 x 128 pixel conditioning field pfiy;o extracted around one halo. Right: fields generated by BIND from this conditioning
(dark matter, gas, and stellar surface masses, and the Compton-y field) for low, fiducial, and high values of a chosen parameter

while all other parameters are fixed to the TNG fiducial values.

thermodynamic fields, the painted halo gas follows the
same tapering. However, because there is no gas outside
the painted halo regions in the TNG300-Dark, for the 7
and Compton-y fields, we approximate the electron den-
sity outside halo regions by multiplying the dark matter
field by the baryon fraction. In this way, we paint each
slab with baryons centered on the halos and stack the
slabs as in K. Osato et al. 2021 to create a lightcone
stretching from z = 0 to z = 2.5. We create five sets of
lightcones for use in this work, which we describe below.

e DMO set: TNG300-Dark is used with no halo
painting to create the lightcone.

e Hydro-pasted set: TNG300-Dark has its halos
replaced with TNG300 halos to create the light-
cone.

e Fiducial set: Each halo is generated with the
fiducial TNG300 parameters to create the light-
cone. This can then be validated against the
hydro-pasted set.

e 1P set: Each halo is generated with all TNG300
parameters at their fiducial values except for one of
the 30 parameters, which is set to one of its prior
bounds from S. Genel et al. (2026). This yields
57 lightcones (rather than 60, as three parameters
have their fiducial values at a prior bound, see S.

Genel et al. (2026) for details) at different loca-
tions in parameter space, allowing us to isolate
the effects of individual parameters.

e Sobol set: Each of the 30 astrophysics parame-
ters is varied simultaneously over a 256-node Sobol
sequence to generate 256 lightcones. This is a
smaller version of the S. Genel et al. (2026) Sobol
sequence, which contains 1024 simulations over a
35-dimensional parameter space.

In all of the sets described above, the cosmological pa-
rameters are fixed to the TNG300 fiducial values, and
only the 30 astrophysical parameters are varied. This is
because generating halos with DMO in a different cos-
mology would be out-of-distribution from the training
set. BIND is not a tool for cosmological rescaling, but
could in the future be used on rescaled cosmological sim-
ulations (R. E. Angulo & S. D. M. White 2010; M. Zen-
naro et al. 2019).

We also generate our lightcones for each set in the
same way. They contain the same rotations, transla-
tions, and projections of the snapshots and the same
set of replaced halos (either with the generative model’s
field or the true hydro field). Further, each halo has a
unique random seed for flow matching, used to generate
it once per parameter-space location, and that seed is
shared across all lightcones, so differences between light-
cones are purely parameter-driven. The result is then
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314 lightcones at different parameter space locations
that use BIND and a single lightcone from the TNG300-
Dark simulation, and a single lightcone that has replaced
the TNG300-Dark halos of Masgg. > 103 A=t Mg with
their true hydrodynamical field counterparts.'®

2.4. Ray tracing and map generation

We follow the procedure of K. Osato et al. (2021),
which uses the multiple lens-plane ray-tracing algorithm
(B. Jain et al. 2000; S. Hilbert et al. 2009; A. Petri 2016)
to account for lensing deflections and generate the con-
vergence k, Compton-y, and 7 maps. We ray-trace each
of the surface density stacks described in the previous
section, where each slab in a stack, projected over a
depth of dx = 51.25 h~! Mpc, has surface density X af-
ter the pasting procedure. From each slab we compute
the lensing potential at plane k via

Vit (8h) = 257(8"), (2)

where 3* is the angular position on the k" plane. At
each plane we then compute the deflection angle «,

Vet (8%) = a®(8"), (3)

which, summed across all planes, gives the final lensed
position of the ray given the original pointing angle on
the sky ¢,

k—1 E_ i ]
ﬁk(qb):d)_zxxikxaz(ﬁZL (k:2735"')5 (4)

where Y’ is the comoving distance at the " lensing
plane, and x* is the comoving distance of the source.
The lensed position at a given pointing angle from the
observer, and out to a comoving distance is then related
to the convergence and shear of the field via the lensing

Jacobian,
aﬁi(¢7 X)
Aij(P,x) = ——, 5
(o0 =757 5)
from which the convergence follows as Kk = 1 —

%(An + Ags) (for the full recursion and higher-order
terms, we refer the reader to K. Osato et al. 2021 and S.
Hilbert et al. 2009). For each surface density stack, we
generate 1000 pseudo-independent lightcones of 25 deg?
by following the same rotation convention as K. Osato
et al. (2021), randomly rotating each slab by 0°, 90°,
180°, or 270° about each of the three axes and translat-
ing the pixels in each direction. This rotation and trans-
lation process allows for a large statistical sample of map

10 For more information on this replacement procedure, see M. E.
Lee et al. (2026b).

realizations, with up to 10,000 pseudo-independent re-
alizations demonstrated in A. Petri et al. (2016). The
resulting x, y, and 7 maps are output on 10242 pixel
grids, downsampled from the 40962 planes following the
same scheme as K. Osato et al. (2021), at five source
redshifts z; = 0.5, 1.0, 1.5, 2.0, and 2.44.

In the ray tracing procedure, the convergence is de-
termined by the weighted deflections accumulated by
a ray along its line of sight. However, we can follow
the same light ray and, instead of computing a lensing
term, simply sum the gas density in each pixel the ray
crosses. Accounting for the ionization state of the gas,
this amounts to an integral of the ionized gas along the
(deflected) path of the ray, the optical depth,

Zs oT X
T(< 25) = O'T/ Ne dlprop = ; = Z Egas, (6)
0 k

p

where XF_ is the gas surface density of plane k evaluated
along the deflected ray, and z. = Xy + Yne/2 = 0.88
electrons per proton mass, assuming fully ionized gas
of primordial composition (Xy = 0.76, Yy, = 0.24).
The end result is a map of the optical depth accumu-
lated to a given source redshift along the same line
of sight, deflected by gravitational lensing. Similarly,
as the Compton-y parameter is the integrated electron
pressure along the line of sight, we follow the same ray
and sum the pressure planes,

oT Zs oT k
P.dlyop = —= >b, 7
meCQ /O prop meCQ Ek: P ( )

y(< zg) =

where Z’lg is the integrated electron pressure of plane k.
In practice, the pipeline evaluates the electron pressure
directly from the generated gas density and temperature
channels, P, = n.kgT,., with the ionization prefactors
given above, i.e. P, = gigﬁﬁ Py, = 0.52 Py, for the total
thermal pressure Py, of a fully ionized primordial gas.

Because &, 7, and y are accumulated along the same
deflected rays and output at the same source redshifts,
every released map triplet of x, 7, and y is mutually
consistent.

Of course, the optical depth 7 and Compton-y maps
suffer from the fact that the box is not entirely filled
with hydrodynamical gas. Only regions centered on the
Mogoe > 1013 M h~! halos contain painted gas tapering
to an approximation of the gas density outside by using
the dark matter field and cosmological baryon fraction,
and a constant temperature approximation of 10*K,
roughly the temperature to which the photoionized in-
tergalactic medium is held by the ultraviolet background
(M. McQuinn 2016), and consistent with the cool diffuse
phase that dominates the gas outside massive halos in
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Figure 2. Example maps from the pipeline described in § 2.4. Top row left to right: a dark-matter-only convergence map,
and a BINDed convergence k, optical depth 7 and Compton-y map generated at the fiducial parameter space location for
TNG300. The halos are consistently traced, with peaks appearing at the same locations across all three observables. Bottom
row: differences between convergence maps with a single parameter set to each of its two prior bounds while all others are fixed
to the TNG300 fiducial, normalized by the fiducial convergence map, with clear differences appearing around the halos. All

maps shown in this plot are at z = 1

TustrisTNG (D. Martizzi et al. 2019). However, each of
the halo regions contains the integrated gas and pressure
across the full 51.25 Mpc h~! slab, allowing a compen-
sated aperture photometry (CAP; E. Schaan et al. 2021;
S. Amodeo et al. 2021) style evaluation of the Compton-
y and 7 signals of halos in the final maps. In future
work, we plan to use these maps to perform CAP-style
measurements of the halos along the lightcone.

We further note that we do not model any velocities.
Our maps are of the optical depth itself, and the trans-
lation to a kSZ observation, or to a dispersion-measure
observation in the case of fast radio bursts, is left to the
observational side, where velocity assumptions or mea-
surements come into play. We return to both modeling
statements and their consequences for which statistics
the maps support in § 7.

In Fig. 2, we show examples of the resulting maps from
the procedure described in this section. The left top

panels show a dark-matter-only convergence map com-
pared to the fiducial BINDed convergence map. The
top right two panels show the BINDed optical depth
and Compton-y maps. The halos are traced consistently
across the maps, with peaks appearing in the conver-
gence, 7, and Compton-y maps at the same locations.
In the bottom two panels, we hint at the effects of chang-
ing the parameters, which are discussed in § 4, by show-
ing the difference between convergence maps where a
single parameter is set to each of its two prior bounds
(all others at the fiducial) and the fiducial convergence
map. Clear differences appear, particularly around the
halos, suggesting that variations in individual parame-
ters propagate to the full weak lensing maps and are
likely observable in the resulting summary statistics.



BINDING THE LIGHTCONE 9

3. VALIDATION

In this section, we perform a series of validations com-
paring the fiducial set to the hydro-pasted set. We begin
with halo-level relations, computed at the snapshot level
before ray tracing, then move to map-level validations.
Because TNG300 is only run at a single parameter space
location, we are limited to comparing our maps at only
this fiducial parameter space location, however, in the
companion paper, M. E. Lee et al. (2026a), we focused
on applying a battery of tests and showed that BIND
accurately captured the effects of IllustrisTNG model
parameters on the generated fields. Ideally, we would
compare against a full suite of parameter-varying, ray-
traced maps, but this is currently computationally in-
feasible.

One subtlety for the following sections is that they
are out-of-distribution tests. The TNG300-Dark pro-
jections are sourced from the TNG300 box, which is
205 Mpc h~!. Breaking this into four surface density
slices following § 2.4 means that each projection is
~ 51 Mpch~! containing an extra ~ 1 Mpch~! of mat-
ter in the projection compared to the training set used
for BIND in M. E. Lee et al. 2026a. Before performing
any ray tracing, we need to be sure that this out-of-
distribution conditioning can still be used with BIND.

3.1. Halo-level validation

We first validate the BINDed halos by comparing var-
ious relations to the true TNG300 hydro halos. We illus-
trate results only at redshift z = 0.0337 for clarity of pre-
sentation, although we have performed the same com-
parisons at higher redshifts and find similar results (we
also explore redshift validation and effects in the com-
panion paper, M. E. Lee et al. 2026a). At z = 0.0337,
we identify 2933 halos with Magg. > 103 M h~1, which
are used in the following analyses.

We first show the Y — M, 7 — M, and M, — M scal-
ing relations for both the BINDed and TNG300 halos
in Fig. 3. Each quantity is computed as a sum over the
projected Raogo. of each halo. Of course, these relations
include foreground and background material generated
in the full projection, making them “contaminated” halo
scaling relations. We paste these patches into the multi-
lensplane algorithm of § 2.4, which is itself a projection,
so we want to validate the full projection; these contam-
inated relations are a useful metric for that validation.

Each panel shows halos in ten bins evenly log-spaced
between the mass threshold of Mgy, = 1013 Mg h~!
and the most massive halo in the sample at Mg, =
1098 M A1, The solid line represents the median in
a given halo mass bin, and the shaded regions, repre-
senting the scatter, are computed as the 1684 per-
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Figure 3. the Y200 — ]\47 Toooc — M, and M*’QOOC - M
relations for the BINDed halos (blue) and the TNG300
halos (black dashed) computed within Rapo. at redshift
z = 0.0337. The lines are computed as the median across
all halos in ten evenly log-spaced halo mass bins; the
shaded bands show the 16'"-84'" percentile halo-to-halo
scatter. Below each panel, we show the relative difference,
A = (BIND — hydro-pasted) /hydro-pasted, with error bars
computed as bootstrap uncertainty on the median. Masses
on the horizontal axis are in Mg h™!, as in the text.
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centiles. Below each scaling relation panel, we show
the relative difference between the BINDed halos and
TNG300 halos A = (BIND — TNG300)/TNG300. Error
bars in the lower panels are computed with bootstrap
resampling to estimate median uncertainty in each bin.

In each panel, we see that the bootstrap uncertainty
increases at the highest masses; however, these bins also
contain few halos: 149 above 10 Mg h~!, 14 above
3 x 10 Mg h~!, and only 6 above 4 x 1014 Mg h~1.
BIND is a generative model that draws from a condi-
tional distribution, and the resulting draw may differ
by up to the scatter associated with a given halo mass.
Most bins show that BIND captures this halo-to-halo
scatter well, with small biases; however, it clearly un-
derpredicts the Compton-y parameter in the highest-
mass bin. We suspect this is a training-set effect
rather than a ray-tracing one. The CAMELS boxes are
(50 Mpc h™1)3, so halos above a few x104 Mg h~1 are
rare in training, and the Y-M relation is the steepest
of the three (Y oc M>/3 for self-similar halos, against
roughly linear for 7 and M, ), so it is the relation where
a draw that leans toward the better-sampled, lower-
mass part of the conditional distribution costs the most.
Fig. 4 shows where in the halo this deficit sits.

In Fig. 4, we turn to halo profiles in four mass bins and
compare them between the BINDed and TNG300 halos.
We compute radial profiles for each halo by integrating
the masses or pressures within fifteen radial bins from
0.1R200c to 3R20p.. Each profile begins at the pixel scale,
so the curves for the different mass bins start at different
fractional Ragg. radii. Each line again is the median in
the mass bin, and the scatter is the 16184t percentiles
for a given quantity.

Similar to Fig. 3, we find a close agreement across
the profile quantities and mass bins. The gas-related
profiles (the top two quantities) agree to within a few
percent inside Ry, in every mass bin. The one excep-
tion is the y profile of the highest-mass bin, which falls
5-10% low between Ragp. and 3Rsgoc.. This is the Y—
M deficit discussed in Fig. 3, where BIND reproduces
the pressure in the cores of the most massive halos and
underproduces it in their outskirts, where the projected
pressure is carried by extended, low-density gas that the
model sees least often in training. The stellar channel
shows a clear bias, particularly at intermediate radii and
out beyond Ragp.. Although its integrated mass is only
~ 6% low for the lowest mass bins, the X, profiles sit
25-40% low in individual annuli, meaning BIND mis-
places stellar mass radially more than it underproduces
it. This is consistent with the stellar channel being the
hardest to reconstruct because of its sparsity (M. E. Lee
et al. 2026a). As stars contribute only a small fraction
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Figure 4. Radial profiles for y, 7, and ¥, for the BINDed
(solid) and TNG300 (dashed) halos at z = 0.0337, in four
mass bins shown as different colors. Similar to Fig. 3, the
bands show the 16*"—84'" percentile halo-to-halo scatter,
and the error bars are computed with bootstrap resampling.
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-matter-only simulation begins (see § 2.3 for more details).
Masses in the legend are in Mg h™!, as in the text.
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of the total projected mass, this does not appreciably
affect the xk maps.

3.2. Map-level validation

We now validate the BINDed fiducial maps against
the hydro-pasted maps. Recall that, as described in
§ 2.4, the fiducial and hydro-pasted sets contain 1000
pseudo-independent maps at five redshifts. For each
map and redshift, we compute several weak-lensing
statistics, including both Gaussian and non-Gaussian
statistics. No smoothing is applied to any map, and all
statistics are computed on the native 10242 pixel grid
(0.293 arcmin pixels).

For each convergence map, we calculate the angular
power spectrum,

C"(4;) = (|k(€) |2>ee[z;nin,z;nax]a (8)

where %(£) is the two-dimensional Fourier transform of
the convergence field x(¢) in the flat-sky approxima-
tion, so that £ is the two-dimensional wavevector conju-
gate to ¢ rather than a spherical-harmonic index (¢, m),
and the angle brackets denote averaging over all Fourier
modes £ within the multipole bin [ /M3X] From the
TNG300-Dark set of maps, we define the power spec-
trum suppression,

KK
5(0 = el Q

DMO
computed realization by realization. Because each map
between simulation sets contains matched rotations,
translations, and generative seeds, the power-spectrum
suppression division cancels realization noise in the ra-
tio.

We use the LensTools package (A. Petri 2016)'! to
compute non-Gaussian statistics from the sets of con-
vergence maps. All are computed as functions of the
signal-to-noise ratio v = k/og, where o¢ is the root-
mean-square convergence of the fiducial map set, held
fixed across all map sets so that bins remain directly
comparable between runs. We use the same set of statis-
tics as in M. E. Lee et al. (2026b),

1. Peak counts Nk (v): The number of local max-
ima in the convergence field, defined as pixels with
greater values than their 8 nearest neighbors (J. M.
Kratochvil et al. 2010; M. Maturi et al. 2010).

2. Minimum counts Ny, (v): The number of local
minima in the convergence field, defined as pixels
with smaller values than their 8 nearest neighbors
(W. R. Coulton et al. 2020).

11 lenstools.readthedocs.io

3. One-point PDF p(v): The probability distribu-
tion of convergence values, representing the full
histogram of v values (L. Thiele et al. 2020a).

4. Minkowski functionals (MFs): Three descrip-
tors of convergence excursion sets (J. M. Kra-
tochvil et al. 2012; A. Petri et al. 2013) (area Vp(v),
boundary length V4 (v), and genus Vz(v)) that en-
code shape information.

For the Compton-y and 7 maps, we compute the two-
point auto- and cross power spectra with the same esti-
mator,

CAP(¢;) = (Re[A(£) B (&)]) g g pm
A7 B G {I{7 y’ T}’

giving C¥Y, C"7, C*Y, C*7, and CY" in addition to C**.

Each /-statistic is computed in log-spaced bins be-
tween ¢ = 102 and 4 x 10*. The Nyquist mode of the
10242 maps is Iny = 7/0pix =~ 3.7 x 10, and we only
present results up to this Nyquist mode. For the non-
Gaussian statistics, we compute all of them in 22 bins
between —2 < v < 8.

Note that the hydro-pasted maps are not the full
TNG300 hydro ray-traced maps. Instead, they are
TNG300-Dark maps where each halo with Msgg. >
10'3 Mg A1 has been replaced exactly with the dark
matter, stellar, and gas particles of the TNG300 simu-
lation. This is the same procedure that was followed in
M. E. Lee et al. (2026b), where the authors found that
replacing halos of 103 Mg h~! and above accounts for
~ 60-65% of the response between dark-matter-only and
hydrodynamical simulations at the level of the power
spectrum, but virtually all of the response for peak
counts and Minkowski functionals. We return to the
consequences of this construction in § 7. The compari-
son here is also noiseless, meaning no shape noise, beam,
or survey systematics enter at any stage. By comparing
BINDed with the hydro-pasted maps, we are able to di-
rectly observe this halo-centric and field-level generative
model approach in an apples-to-apples comparison.

In Fig. 5, we compare the weak lensing statistics be-
tween the hydro-pasted and BIND maps at source red-
shift z; = 1.0. We generate maps at all five source red-
shifts but limit the comparison to z; = 1 for clarity.
However, the results are comparable at the other red-
shifts. Each figure shows the given statistic in the top
panels, while the bottom panels show the residual at
zs = 1.

In the bottom panels, we assess the statistical distin-
guishability of the statistics given an LSST-like covari-
ance matrix. To compute this, we follow a similar proce-
dure to M. E. Lee et al. (2023), and use the hydro-pasted

(10)
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Figure 5. Weak lensing statistics for the BINDed (solid) and hydro-pasted (dashed) maps at source redshift z; = 1. The weak
lensing angular power spectrum (a), the power spectrum suppression S(¢) (b), the one-point convergence PDF (c), weak lensing
peak counts (d), minimum counts (e), and the three Minkowski functionals (f-h). Panels (a, b) are functions of multipole
¢; panels (c-h) are functions of the signal-to-noise v = k/op. Bottom panels show the mean residual between BIND and
hydro-pasted at the same £ or v, with error bars scaled to an LSST-Y10-like survey area of ~ 18,000deg? following Eq. 13.

convergence maps to estimate, for a given statistic,

1 (k)
_ (k) _
Ci ’N—lz(”l

k=1

) (nf? = ). (D)

where ngk) is the statistic measured in the k*" hydro-

pasted realization, the sum runs over the N = 1000
pseudo-independent realizations, and the subscripts re-
fer to the £ or v bins of the data vector. When a precision
matrix is required, we debias it as

A N—-d-2
Cl=—r-—_—"-

N -1
where d is the length of the data vector (J. Hartlap et al.
2007). The lightcones are limited to 25 deg?, but we can

c, (12)

test statistical distinguishability for LSST-like areas A
by scaling the covariance matrix as

A —1

with A = 18,000 deg? for LSST-Y10. This should not be
read as a realistic prediction for LSST, which would re-
quire super-sample covariance and the inclusion of many
other systematics; however, it is a good test of statistical
distinguishability against the hydro-pasted model with
an LSST-like covariance.

The bottom panels of each plot show the mean resid-
ual with error bars associated with an LSST-Y10-like
survey, with Poisson error bars for the number counts

(13)
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in a given bin. We can read off by eye the statisti-
cal distinguishability relative to an LSST-like survey by
comparing the residual lines to the error contours in
the bottom panels, and we clearly see that the BINDed
statistics match the hydro-pasted maps to within LSST-
like precision for all weak lensing statistics.

Beyond weak lensing statistics, we are interested in
the trend in baryon correction models used to generate
thermodynamic predictions on the lightcone, as in D.
Anbajagane et al. (2024) and A. Schneider et al. (2025).
We compare our generated 7 and Compton-y maps with
respect to the hydro-pasted set at z; = 1 in Fig. 6.
We follow the same format as above and show BINDed
maps at each source redshift, with comparisons at z, = 1
to the hydro-pasted maps. The top panels show the
three auto power spectra, while the bottom three panels
show the cross spectra. In the absence of an LSST-like
analog for distinguishability, we show the percent error
of the prediction relative to the truth in the bottom
panels, with the standard error on the median curve.
Unlike the weak lensing statistics, the thermodynamic
spectra, both auto and cross, are more biased. The yy
spectrum is the worst case: it sits ~ 20% low at £ ~ 102,
crosses zero near £ ~ 5 x 103, and rises to ~ 20% high at
the Nyquist scale. The tSZ power at low ¢ is dominated
by the most massive halos, and CY¥ scales as Y2, so the
10-15% underprediction of Y in the highest-mass bin,
concentrated in the halo outskirts, is enough to account
for the ~ 20% deficit. The T spectra trace gas mass
rather than pressure and have no such deficit at the
halo level, and are correspondingly less biased.

Given these biases, it is fair to ask what the 7 and
Compton-y maps are useful for. We are primarily inter-
ested in how the statistics respond to parameter varia-
tions, and the results in §§ 4-5 are largely insensitive to
these offsets. The rank correlations of § 4.1 are invari-
ant to any bin-wise bias constant across the parameters.
Moreover, the biases are an order of magnitude below
the actual feedback response found in § 4, so the maps
resolve feedback responses at high contrast. However,
predictions of the absolute C}¥ or the mean Compton-y
inherit these offsets, as well as the approximated diffuse
gas discussed in § 7.

Finally, we emphasize again that the validation above
is performed only at the fiducial parameters because
TNG300 provides the only available hydrodynamical
truth and is available only at this parameter-space loca-
tion. The parameter response of BIND itself, that the
generated halos move correctly as the parameters vary,
was validated against the CAMELS simulations in M. E.
Lee et al. (2026a), where held-out parameter locations
were recovered across the prior volume, and correlations

between generated quantities and the parameters were
matched almost perfectly. Validation in both this sec-
tion and the companion paper supports the validity of
the parameter variations we now turn to. In the follow-
ing section, we use the Sobol and 1P sets to measure
how weak lensing and gas statistics respond across the
full 30-dimensional astrophysical parameter space.

4. ASTROPHYSICAL EFFECTS

In the previous sections, we showed that BIND gen-
erates lightcones comparable to TNG300 at the fiducial
parameter-space location; we now turn to the effects on
weak lensing and CMB statistics as functions of Illus-
trisTNG galaxy formation model parameters.

In this work, we do not explore varying cosmologies
or correlations between astrophysics and cosmological
parameters. TNG300-Dark was run with a single set
of cosmological parameters, so we only explore astro-
physical parameter variations independently of cosmol-
ogy here. In future work, we will consider the effect of
cosmology by applying cosmological rescaling methods
or by running additional dark matter simulations with
varying cosmologies to use as conditioning.

Our first question is whether, at a fixed cosmology,
the IustrisTNG galaxy formation model parameters in-
duce statistically distinguishable effects for an LSST-
like survey. Current gas and lensing data already prefer
stronger feedback than the TNG300 fiducial calibration
(L. Bigwood et al. 2024; B. Hadzhiyska et al. 2024; J.
Siegel et al. 2025a; L. Bigwood et al. 2025b), but with
the generated Sobol set of lensing maps we can directly
test whether parameter changes induce a detectable shift
in weak lensing statistics given LSST-like uncertainty.
As a reminder, the amplitude of the power spectrum
suppression is limited by the incomplete pasting, which
only includes more massive halos of M > 103 Mg A1,
but the relative variation of statistics with respect to the
parameters is accurate.

For this measurement, we assume that the TNG300
fiducial parameter-space location is the “true” observed
data, and we build the survey precision exactly as in
§ 3.2 with the covariance of Cj" measured across the
1,000 hydro-pasted realizations and scaled to the area
of an LSST-like survey (exactly as in Eq. 13).

Fig. 7 panel (a) shows the extent of the power spec-
trum suppressions from the entire Sobol set in gray, the
fiducial suppression in black, and the two survey pre-
cisions as envelopes drawn on the fiducial. Panel (b)
shows the same information but rewritten as a detec-
tion significance per band-power for each of the Sobol
nodes, |Shode—Sad|/o. We take the uncertainty, o, to be
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Figure 6. Auto and cross power spectra of the BINDed maps at all five source redshifts (colors), compared with the hydro-pasted
maps at zs = 1 (black dashed), though each panel shows all five source redshifts. The kx (a), yy (b), and 77 (¢) auto spectra,
and the ky (d), 7 (e), and y7 (f) cross spectra. Residual panels show the z; = 1 comparison. Unlike Fig. 5, no survey scaling
is applied, as no LSST-like covariance analog exists for the gas observables.

the square root of the diagonal of the covariance matrix the range of 300 < ¢ < 0.8¢ny, and 84% (73%) of the
(Eq. 11). prior is statistically distinguishable by more than 50 for

Over ¢ ~ 2.2 x 103-1.8 x 10%, the Sobol set prior LSST-Y10 (Euclid). Ultimately, this plot shows that
spread exceeds the LSST-Y10 precision by more than the galaxy formation model parameter space yields two-
100, peaking at 220 near ¢ ~ 5 x 103. For Euclid point statistics that are distinguishable from the ground
the window is narrower owing to the smaller area of truth for an LSST- or Euclid-like survey. This holds be-
the survey, with £ ~ 3 x 103>-1.3 x 10* and a peak of yond power-spectrum suppression; in fact, we find the
170. All 256 parameter space locations of the Sobol set same for all statistics we study in this work. We show

vary from the fiducial by more than 1o somewhere in the power-spectrum suppression to connect with previ-
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Figure 7. The power spectrum suppression, S({), across
256 IllustrisTNG model parameter space locations at red-
shift z; = 1 with respect to LSST-Y10-like uncertainty. (a)
The 5-95% spread of S(¢) for the Sobol sequence (gray), the
fiducial (black), and the £10 LSST-Y10 and Fuclid-like pre-
cisions drawn on the fiducial. (b) The same Sobol sequence
spread, but shown as a measure of significance of statistical
distinguishability |Snode — Sad|/o. The bands are the 5-95%
range across nodes, while the lines represent the medians.

ous literature (M. P. van Daalen et al. 2011; M. L. van
Loon & M. P. van Daalen 2024; M. P. van Daalen et al.
2025).

In the following sections, we examine which TNG300
parameters drive the effects we see in the various weak
lensing statistics. We start by looking for correlations
between the statistics and parameter changes, as in
M. E. Lee et al. (2026a). We then consider if indi-
vidual parameter variations fall into similar families of
effects and hypothesize about the physical reasoning be-
hind this.

4.1. Correlations across the Sobol set

Our goal is to address a few concrete questions: which
galaxy model parameters impact which statistics? Is
this consistent across all statistics, or does each have
unique sensitivities? For hypotheses on the physical ori-
gins of these effects, see § 6.

Following a similar routine to M. E. Lee et al.
(2026a), we compute the signed Spearman rank corre-
lation p[f;,n;] between each of the 30 parameters and
each bin of each measured statistic across the 256 Sobol
nodes, at z; = 1. For each (statistic, parameter) pair,

we then extract the peak |p| across that statistic’s bins,
restricted to the trusted scale range. Fig. 8 shows this
construction for the power spectrum suppression alone.
Each column is one of the thirty parameters, each row
an £ bin, and the circles mark the bin with the strongest
correlation for each parameter. Some parameters clearly
induce effects more prominently on smaller scales, while
others on larger angular scales. Some parameters also
appear to have little to no effect across the full spectrum.

However, we now want to consider the 12 commonly
explored statistics'? introduced in § 3.2, each with its
own bins in £ or v, its own noisiness, and its own cor-
relations across bins. One could imagine eleven more
versions of Fig. 6, each for a different statistic.

A maximum as represented by the open circles in
Fig. 8 taken over many bins is biased high. Even a
parameter that affects nothing still draws one chance
correlation per bin, and by taking the peak, we report
its luckiest. A search of this size can therefore be fooled
by peaks produced by random fluctuations or a shared
systematic effect. What we are really after is a map of
parameters against statistics in which a peak correlation
appears only if chance alone would not have produced
it. To this end, we subject the peak correlations to three
levels of statistical rigor.

1. Tile level, from the scatter across Sobol modes.
With N = 256 nodes, a single pre-chosen bin
of a statistic that responds to nothing still shows
chance correlations of order 1/ V'N. We take the
20 level, |p| = 2/1/256 = 0.125. This level applies
before any bin search.

2. Row level, from the look-elsewhere across a statis-
tic’s own bins. Neighboring bins in either ¢ or v for
a statistic are correlated, so the number of effec-
tively independent bins matters when considering
the bin with peak correlation. We measure this
empirically by randomly assigning the Sobol pa-
rameter vectors to the measured statistics, break-
ing the connection between parameters and statis-
tics while preserving correlations among bins. Any
peak correlation in these shuffled sets arises solely
from bin covariance and noise. We set each statis-
tic’s threshold at the 95th percentile of its shuffled
peaks, with |p| ranging from 0.14 to 0.182 across
the twelve statistics.

12 Note that we show S(£), which has an identical response to
C". Hence, the 12 statistics are the auto-correlations in Fig. 6,
and the weak lensing statistics in Fig. 5
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Figure 8. The peak-correlation construction of § 4.1 for the power spectrum suppression alone. Each column is one of the thirty
galaxy formation parameters, each row an £ bin, and the color shows the signed Spearman rank correlation p[f;, S(¢)] measured
across the 256 Sobol nodes at z; = 1. Circles mark the bin with the strongest correlation for each parameter, whose peak-|p|
values are the entries that feed the statistic-parameter grid of Fig. 9. Dashed lines on the colorbar mark the chance-correlation
level for a single pre-chosen bin, |p| = 2/v/256 = 0.125 (§ 4.1). The wind sector (VarWindVelFactor, WindFreeTravelDens)

drives the strongest and most scale-coherent responses.

3. Column level, from the look-elsewhere across all
statistics. The full grid of twelve statistics and
thirty parameters shares the same random assign-
ments as in the row level, so correlations are shared
not only across a statistic’s bins but between the
statistics themselves. From this, we obtain the
per-parameter threshold across statistics at the
95th percentile, |p| = 0.200, and the whole-grid
null, |p| = 0.253, which is the level the single
largest cell of a pure-noise grid would reach only
5% of the time.

A larger search always yields a luckier peak, so a param-
eter matters for a statistic only when it clears the level
appropriate to the claim being made.

In Fig. 9 we show the peak correlations for each of the
12 statistics across all 30 parameters, with parameters

sorted by their strongest effect on any statistic. Each
cell shows the signed correlation at the peak-|p| bin for
that pair. A parameter matters for a statistic only when
it crosses the appropriate threshold. We find 11 parame-
ters to the left of the dashed line clear the per-parameter
look-elsewhere null (0.200) for at least one statistic. Of
these, a few contain at least one cell beyond the whole-
grid null (0.253), an effect stronger than 5% of the entire
null space. Cells marked x fall below their statistic’s
individual null and are consistent with bin covariance
rather than parameter influence, and blank cells with-
out numerals lie between their own-statistic null and the
whole-grid level.

Fig. 9 compresses all statistics and parameter effects
into a concise image. A handful of parameters dominate
the correlations across every statistic, while the major-
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Figure 9. The signed Spearman correlation p evaluated at each pair’s peak-|p| bin, for the 12 statistics (rows) against the 30
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cells lie between the two. The vertical dashed line marks the per-parameter look-elsewhere null (0.200) such that parameters to

its right never clear it for any statistic.

ity never clear their look-elsewhere null (19/30 deemed
insignificant with |p| < 0.2).

The row structure provides more insight into the con-
nection between the galaxy formation model and the
statistics. The ¢-domain statistics and every gas spec-
trum appear to be dominated by the wind parameters,
while the v-domain morphological statistics (peaks, min-
ima, and Minkowski functionals) are sourced primarily
by the IMF slope biyr and the black hole radiative ef-
ficiency €,. Different statistic families listen to different
feedback channels, and in § 6, we theorize more about
the physical causes.

4.2. Response families

In the previous section, we saw that 11 parameters
(those to the left of the dashed line in Fig. 9) control
the effects on the statistics, based on peak correlations
across bins, and that the wind parameters dominate
the ¢-domain statistics while the v-domain statistics are
shaped primarily by the AGN parameters and the IMF
slope. Here, instead of the amplitude of the parame-
ter effects, we explore their scale dependence. Our goal

is to determine whether the parameters act in distinct
ways or whether separate families of parameters drive
the statistics to respond similarly.

We start with the ¢-domain lensing power spectrum
Cp*, computed across the 57 1P lightcones at zs = 1.
For each parameter, we compute the fractional response
of the statistic,

KK

oi,max - [

KK
CZ

o
R;i(f) =

ei,min ) (14)

|9ﬁd
where, for the three parameters whose fiducial value sits
at a prior bound, the response is one-sided, (C¢lo,,..q —
Ctloga)/Crlogqa- We compute this for each of the 50 re-
alizations of every 1P lightcone and take the median.
Since we are interested here in the shape of each pa-
rameter’s effect rather than its amplitude, we normalize
every curve by its extremal value,

A R;(¢
Ry =0
maxy [R;(£)]
Finally, to identify connections between the responses,
we compute the correlation between each normalized

(15)
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Solid lines mark parameters passing the statistic-level noise floor of Fig. 9, while dotted lines do not.

curve and every other curve, and consider curves with
r > 0.85 to belong to the same family.

In Fig. 10, we show the resulting four distinct families.
Each panel shows all thirty normalized response curves,
with the panel’s family members colored by their astro-
physical sector, taken exactly from Table 1 of S. Genel
et al. (2026): gravity, background radiation, star forma-
tion, ISM, stellar evolution, galactic winds, black hole
growth, and AGN feedback. Solid lines mark parame-
ters that pass the statistical noise floor of Fig. 9, and
dotted lines do not. Because Eq. 15 normalizes each
curve by its value at the scale of its largest difference,
every curve reaches +1 at that scale regardless of the
sign of the underlying response, so the families group
parameters by the shape of their scale dependence and
not by its sign. The signs and amplitudes are those of
the S(¢) row of Fig. 9.

The four families sort the galaxy formation parame-
ters by the radius at which they act, which we discuss
in more detail in § 6. C1 controls clustering on the core
scales, C2 on the halo volume, C3 on the halo radius
scale, and C4 on both the core and halo radius scales.
The unique responses of the families are the structure
that the analytic model will exploit in S 5, and it is
also why a single suppression amplitude cannot describe
the parameter space. Two parameters can produce the
same suppression at £ ~ 6 x 10> while moving the core in
opposite directions, and the peaks and Minkowski func-
tionals, which M. E. Lee et al. (2026b) showed baryonic
effects are dominated by the cores of massive halos, will
tell them apart where the power spectrum cannot.

5. AN ANALYTIC MODEL OF THE STATISTICS

Fig. 10 showed that the full IllustrisTNG parame-
ter space affects the power spectrum with roughly four
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the correlation-weighted mean of each family’s 1P responses
shown in Fig. 10 with weights computed from Fig. 9.

unique shapes as a function of ¢. Low-dimensional de-
scriptions of baryonic effects have precedent, such as in
previous works that investigated principal-component-
based compressions of feedback’s imprint on shear data
vectors (T. Eifler et al. 2015; H.-J. Huang et al. 2019),
and single-amplitude models that capture much of the
two-point response (A. J. Mead et al. 2021; A. Amon
& G. Efstathiou 2022; C. Preston et al. 2023). Here,
the basis instead emerges from the measured parameter-
response families and extends to every statistic consid-
ered. With that knowledge, we can build a simple linear
model by expanding these families as basis functions,

Cpr =T + 3 a Bulh), (16)
k

with the k = 1-4 shape families as basis functions By, (¢),
an amplitude ay for each, and a reference power spec-
trum C, " which we describe below.

We are not limited to the power spectrum here. In
fact, in Appendix A we show that the parameter effects
on the convergence PDF also decompose into correlated
families from the 1P set, in the same way as in § 4.2. In
general, then, for each statistic we can define

S(z) =S(z) + > ax Bi(w), (17)
k

where x denotes the statistic’s bin coordinate (¢ or v).
Moving forward requires three choices to define in Eq. 17
— the reference statistic S(z), the combination of a fam-
ily’s individual parameter responses into its basis By (z),
and the amplitudes ay.

5.1. Computing the basis functions

The basis functions are computed from the individual
parameter responses of the 1P set as the weighted mean

over a family’s members, normalized as in Eq. 15:

> jer, Wi (@) - By ()

Bufa) = SIELIE Bue) =

max,, [By ()]’

(18)
where Fj is the member set of the family k£ and the
weights are the peak correlation magnitudes of § 4.1,
w; = |p;|, evaluated for the statistic being modeled.
This lets the family’s basis be shaped most by its statisti-
cally strongest members, while low-amplitude members
are naturally down-weighted. One can simply compute
a weighted mean for each panel of Fig. 10.

We show in Fig. 11 the resulting basis functions for the
power spectrum obtained from the same lines in Fig. 10.
From the curves in Fig. 11, we argue that we can gen-
erate any weak lensing power spectrum (or power spec-
trum suppression, or any other statistic for that matter,
as long as we have computed the basis functions from
the 1P set) in the entire Sobol set given the correct set
of amplitude factors and reference suppression.

The reference statistic we take to be the mean over
the full Sobol set of N = 256 runs,

8(r) = > 5. (a), (19)

though the choice is somewhat arbitrary, as any refer-
ence within the suite, such as the fiducial or an arbitrary
prior point, would only shift the amplitudes and be ab-
sorbed.

For the amplitudes, we consider the deviation of each
Sobol run’s statistic from the reference, d, = S, — S,
written as a vector over the statistic’s bins, and solve
the ordinary least squares problem per run,

2
a, = argminH d, — Zakbk H = (BTB)_lBTdr,
“ k

(20)
with B = [by - - - by ] the basis matrix.

Solving for the amplitudes at all Sobol points gives a
matrix of 256 fitted vectors a,, from which any Sobol-
set statistic can be regenerated. In Fig. 12 we show the
power spectrum suppression for a set of Sobol lightcones
along with the fit model of Eq. 17. With the above lin-
ear prescription, we achieve sub-percent-level accuracy
at the tested locations, a trend that holds across the
entire Sobol set. This is in and of itself a non-trivial
result. We computed the basis vectors from parameter
variations in the 1P set, while the amplitudes came from
the Sobol set. Recovering the statistics here means the
statistic can be written as a linear decomposition of in-
dividual parameter variations, with an amplitude factor.
We caution, though, that this does not imply a linear
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Figure 12. Top: the measured suppression S(¢) (solid) for
a set of Sobol nodes spanning the parameter priors, against
the linear model S+ >k ax By, (dashed), with the amplitudes
fit to each run directly via Eq. 20. Bottom: the fractional
residual, with the shaded band marking £0.5%.

mapping between the model parameters and the statis-
tics themselves. If this were the case, then there would
be a perfect mapping between the thirty model param-
eters and the amplitudes which were fit in the above
ordinary least squares. We do not find this to be the
case. Instead, the resulting field statistics, which arise
from nonlinear effects induced by the parameters, can
be written as a linear model.

To generalize the model across the entire prior, how-
ever, we want the amplitudes as functions of measurable
quantities or simulation parameters rather than a lookup
table. To do this, we need a transformation that con-
verts simulation information into amplitude factors. A
neural network is one option; however, here we opt for
the simpler and more interpretable approach of a linear
model

ar(X) = My - (A= X), (21)

where A is a latent vector of simulation-level properties
extracted from each simulation in the Sobol set (dis-
cussed in depth in § 5.2), A is the Sobol-mean latent
vector of A, and M, is a transformation matrix. where
k indexes the components of the latent vector to be dis-
cussed in the following section. For M, we stack all
latent vectors A and fitted amplitudes a, from each sim-
ulation to generate A and A, respectively, and again use
least squares to solve for the linear transformation,

M= (ATA)"IATA. (22)

The full model is then a three-stage chain. We first
extract latent quantities from each simulation (see the
following sections for details). We then use these latents
to find amplitude values, which we multiply into our
basis vectors to obtain our statistics.

5.2. Searching for the latents

Now the question becomes, what properties should
we extract from each simulation to form the A vector?
The argument above rests on the idea that there exists
some linear mapping between the simulations and the
resulting statistics we care about. In M. P. van Daalen
et al. (2020), the authors find strong correlations be-
tween power-spectrum suppression and the baryon frac-
tion of group-scale halos, and the trend in weak-lensing
two-point statistics also suggests a potential linear map-
ping between halo quantities and weak-lensing statistics.
Subsequent work has made this mapping quantitative,
either by predicting the suppression directly from mea-
sured baryon fractions and cluster gas properties (J. Sal-
cido et al. 2023; M. L. van Loon & M. P. van Daalen
2024; S. Grandis et al. 2024; M. P. van Daalen et al.
2025) or by learning it from halo gas observables in the
CAMELS suites (A. M. Delgado et al. 2023; S. Pandey
et al. 2023).

Because of this, we explore whether a linear mapping
exists between some set of halo-level quantities and our
weak lensing statistics. However, instead of looking only
for the set of quantities that work for the power spec-
trum, we aim to find the full set that works for all statis-
tics. In our suite, we have access to various halo-level
observable proxies. For example, X-ray and tSZ/kSZ
campaigns can provide access to halo group and cluster
temperatures, pressures, Compton Y—M relations, gas
masses, and baryon fractions, and photometric surveys
can probe stellar masses for massive halos. We then seek
the best combination of observable halo-level properties
to define each simulation’s A.

Rather than cherry-picking halo properties and poten-
tially introducing selection bias, we let the data from
the generated halos choose. From each simulation’s
halo catalog, we build a library of candidate summaries,
listed in Table 1. The library covers the gas budget
(the baryon, stellar, and gas fractions), its arrangement
(the gas concentration), its thermal state (temperature,
entropy, pressure, and integrated Compton parameter,
each also in self-similar-scaled form), and its halo-to-
halo scatter, every one measured in seven evenly log-
spaced mass bins from groups to clusters, together with
the cross-bin mass-trend slopes of the fractions and of
T, P., and Y, for ninety candidates in total.
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Table 1. The candidate library used for connecting amplitudes in Eq. 17 to halo quantities
measured from generated halos. Twelve quantities are measured within Rsoo. for every
halo in seven bins of log,, Ms00c/Mg from 13.0 to 14.9, and six cross-bin slopes. The first
four groups are computed as the median over halos in a mass bin, the scatter group as the
16th—84th percentile half-width across halos in the mass bin, and the slopes as linear fits
of the bin medians against log;, Msooc across the seven bins. Subscripts mw denote mass
weighting within the aperture, and Y is integrated within it. The last column gives the bin
at which the search of § 5.2 selected the quantity (Fig. 13).

Symbol Quantity Definition Picked
Mass fractions
far baryon fraction (Myar/Miot)/(Q/Qm) (13.0]
Fe stellar fraction (M /Mot ) /(2 /Qm) -
fe gas fraction (Mgas/Miot)/ (2% /m) -
Structure
Cgas gas concentration Mgas,500¢/Mgas,200¢ -
Thermodynamics
T temperature logg Tmw [13.2]
K entropy logio Kmw —
P electron pressure log o Pe,mw [14.0]
Y Compton parameter log1g Y -
Self-similar scaled
Tss scaled temperature logq (me/Mgégc) -
Yss scaled Compton parameter logg (Y/Mgégc) [13.4]
Scatter
o(fpar) scatter of baryon fraction half-width of fpar [13.2], [14.0]
oY) scatter of Compton parameter half-width of log;o Y’ -
Cross-bin slopes
dfpar/dlog M slope of baryon fraction dfpar/dlogg Mso0c -
dfs/dlog M slope of stellar fraction df«/dlogqg Msooc yes
dfg/dlog M slope of gas fraction dfg/dlog,o Msooc -
dlogT/dlog M slope of temperature dlogg Tmw/dlog;g Ms00c -
dlog P./dlog M slope of electron pressure dlog g Pe,mw/dlog g Mso0c —
dlogY/dlog M slope of Compton parameter dlog;o Y/dlog o Msooc -

We then try to build the candidate set of latents from
this catalog. To determine whether a set of latents is
actually good, we need a test set the model has not seen
during training. We randomly assign the 256 Sobol sim-
ulations to five groups (five-fold cross-validation). For
each group in turn, the latent map M of Eq. 22 is fit
on the other four groups’ latent vectors, and the held-
out group’s statistics are predicted from its measured
latents alone. (The basis and the per-run amplitude fits
of Eq. 20 involve no latents, so only M needs to be held
out.) The score of a candidate set is then built from
these held-out predictions via an R? per statistic. The
set’s total score is the average R? over all statistics.

This procedure produces a noisy score because it de-
pends on how the simulations were assigned to the five
groups. We measure that noise by re-drawing the ran-
dom fold partition twenty times and recomputing the
score each time. We find that the resulting scatter in
the score is 6 x 10™%, which we treat as one standard
deviation (). We use this level to set the acceptance
criterion for our search, admitting a candidate latent
into the group only if it raises the pooled score by more
than roughly 30, or 2 x 1073. An accepted candidate
then confidently increases the group score beyond what
chance would expect at the 3o level.

We start the latent search with an empty set, which
grows one candidate at a time. At each step, we try
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Figure 13. The path taken by the search to find halo quan-
tities in Table 1 that map to the amplitudes of Eq. 17. The
x-axis is the search step, and the y-axis is the mean value of
R? over all WL statistics after adding a given member to the
set. These members are listed next to the points along the
lines. The search terminates at the dotted horizontal line,
where the best remaining candidate would improve the R?
below the 30 acceptance threshold of 2 x 1073,

every remaining candidate, score it as a trial addition,
and keep the best candidate if it clears the acceptance
criterion. After each addition, we also allow the reverse
move. If later picks make an earlier pick redundant (the
group without it outscores the best group of that size
found so far), we kick it out. This removal can temporar-
ily lower the score, but it allows the search to grow from
a better base. The search ends when no remaining candi-
date clears the threshold. We score it on its own five-fold
grouping of simulations, independent of the folds used
for every accuracy we report. This search score covers all
the statistics we wish to emulate, namely, all the weak
lensing statistics in § 3.2. So, latents accepted into the
group must truly influence all associated statistics.

After this procedure, we find a set of seven accepted
latent halo quantities (Fig. 13). In order, their choices
tell a physical story in concordance with §§ 4.1-4.2.
The first pick is the baryon fraction of low-mass groups
(13.0 < logyg M < 13.2). With no guidance and ninety
candidates, the search rediscovers the same variable as
M. P. van Daalen et al. (2020) as the single most in-
formative halo property for the lensing statistics. This
mass budget controls how much gas feedback has left
Rs00c at the group scale. This is also in agreement with
where the redistribution families C3 and C4 move gas
across and where the halo family C2 acts, as discussed
in § 4.2 and in Fig. 10.

The second pick is the stellar fraction mass-trend
slope, df,/dlog M. This quantity records whether feed-
back has preferentially stripped low-mass halos or high-

mass ones, which makes sense, as the shape of the
stellar-to-halo mass function is controlled by how well
stellar winds quench the lower mass range and the AGN
sector the higher masses. Between these two numbers,
foar and df,/dlog M capture 0.90 of the variance in ev-
ery weak lensing statistic.

The next three picks are thermodynamic quantities
at increasing masses. The group temperature (13.2 <
logg M < 13.4), the self-similar-scaled Compton Y
one mass bin higher, and the cluster electron pressure
(14.0 < logyo M < 14.3) together add only 40.03 to the
R?. Once the baryon fraction and the stellar partition
are determined, the gas temperature remains, and these
three thermodynamic quantities sample it from groups
to clusters. Yy = Y500¢/M55£c is the informative form
here rather than Y itself, because dividing out the self-
similar mass scaling leaves only the departure from grav-
itational heating, which is more reflective of the thermal
energy that feedback has added.

The final two picks are the halo-to-halo scatter of the
baryon fraction at fixed mass, o(fpar), at the group
scale and the cluster scale, each adding an even smaller
+0.003 to the R? score. The median gas content of halos
does not capture the full picture, and apparently, how
these quantities vary halo to halo at fixed mass also con-
trols the suppression.

The final set (rightmost column of Table 1) then spans
four physical axes, in order of importance: the baryon
budget, the stellar partition across halo mass, the ther-
mal state from groups to clusters, and the halo-to-halo
scatter.

5.3. Halo properties, not parameters

At this point, it is fair to ask why we went through
the latent search at all and why we have not just built
a mapping between the 30 [llustrisTNG parameters and
the amplitude vectors a,. Nothing in the math prevents
this, as Eq. 22 could take in the 30 simulation parame-
ters for the latents (such that A becomes the 256 x 30
design matrix) and the model would become an emula-
tor that goes from parameters as input to the statistics
as an output.

We avoid this for a few reasons. First, the 30 parame-
ters used in this work exist only inside IllustrisTNG. So a
model that requires the user to define 30 subgrid param-
eters to generate a weak lensing statistic is a statement
about one code and offers little physical insight, whereas
halo quantities can be measured in any simulation and,
in principle, in data. So, from the physical reasoning in-
troduced with the family basis functions to the measured
halo quantities for the amplitudes, the model presented
here is directly connected to the physics driving changes
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in the lensing statistics, rather than statements about
the MustrisTNG subgrid prescription (see § 6 for more
details on our hypotheses of the underlying physics).
The second, more pragmatic reason is that using the
30 parameters as latents will not work, and we tested
this. A linear map from the parameters to the ampli-
tudes following Eq. 21 reaches only R? ~ 0.6 for S(/),
and replacing the least squares approach with progres-
sively more flexible regressions (gradient-boosted trees,
Gaussian processes, deep-network ensembles) moves it
no further. In comparison, as shown in § 5.2 the map-
ping from the seven measured halo numbers to the am-
plitudes with least squares reaches R? = 0.96 under a
purely linear map.

It is worth considering why we can achieve this re-
sult. The linear map between parameters and the am-
plitudes fails because the mapping between the 30 pa-
rameters and the statistics is non-linear. The attempt
at building flexible regressions fails because training on
256 parameter locations in a 30-dimensional parameter
space provides too few samples to learn a non-linear
map. BIND is the tool that was created to capture this
mapping, and it can do so because it learns it at the halo
level, from roughly 3.6 x 10° projected halo maps drawn
from over the set of SB35 simulations (M. E. Lee et al.
2026a), rather than from 256 lightcone summaries. The
halo quantities are the output of that non-linear step,
and what remains between them and the statistics is
a seven-dimensional linear map, which is why ordinary
least squares works at such high fidelity. Because A is
measured rather than looked up, the model carries no
reference to the simulation parameters. Measure seven
numbers in any simulation (or observations!) whose ha-
los fall inside the design, and Eqgs. 21-22 return every
statistic. Constraining the same seven numbers from X-
ray and SZ or other multiwavelength observations is a
natural application (cf. A. Schneider et al. 2022; S. Gran-
dis et al. 2024; S. Pandey et al. 2025), and we believe
this is a promising direction, though real data would
add hydrostatic mass bias, projection effects, and many
other considerations that we save for future work.

5.4. Accuracy and validation

Table 2 collects the model’s accuracy for the twelve
statistics, the seven weak-lensing statistics, and the five
gas auto- and cross-spectra. The ceiling R? is the accu-
racy ceiling indicating how much of the 256-simulation
variation the basis can absorb when Eq. 20 fits each run’s
amplitudes freely. At 0.86-0.9997 for the weak-lensing
statistics, the handful of family shapes is not the lim-
itation for S(¢), the PDF, or the Minkowski function-
als. The end-to-end CV R? corresponds to the models

Table 2. Family-basis model accuracy per statistic. K is the
number of basis families and ceiling R? is the free-amplitude
ceiling. The last two columns are end-to-end five-fold cross—
validated accuracies, with the seven measured halo latents A
and, on the same folds, with the 30 simulation parameters 6
in their place. Each statistic uses its own family basis, so K
varies across statistics. The pooled rows are computed over
all bins of the statistics in the block at once.

ceiling  end-to-end CV R?
statistic | K R? A 0

weak lensing

S(0) 4 0.9997 0.963 0.528
PDF 4 0985 0.939 0.498
peaks 5 0.857 0.787 0.385
minima | 4  0.908 0.838 0.415
Vo 3 0.9994 0.960 0.535
i 2 0986 0.946 0.457
Va 1 0985 0.964 0.481
pooled 0.914 0.471

gas auto- and cross-spectra
cy 2 0991 0.862 0.494

cy 3 0.997 0.907 0.564
cp 2 0.996 0.946 0.551
(o 3 0990 0.936 0.535
cyr 2 0.992 0.865 0.526
pooled 0.903 0.534

where the amplitudes are computed by fitting to the
latents following Eq. 22. This procedure involves mea-
suring A from the halos themselves, applying the A — a
map fit with Eq. 22, and comparing the predicted curve
to the held-out test set of Sobol nodes. For the weak-
lensing statistics, this reaches 0.79-0.96, or 92-98% of
each statistic’s ceiling, so the gap between those two
columns corresponding to the information the A — a
map fails to capture is small everywhere. The count
statistics sit at the bottom of both columns, so their
limitation lies in the family basis itself: some residual
nonlinearity or rare-pixel sensitivity that the basis does
not span. The latents are not the bottleneck there. The
last column repeats the end-to-end fit with the 30 sim-
ulation parameters in place of the halo quantity latents.
It reaches R? = 0.39-0.54 for the weak-lensing statistics,
roughly half of the halo quantity latent column for every
statistic, and peaks and minima sit at the bottom of it
as well.

Fig. 14 shows the model directly against held-out mea-
surements for all twelve statistics. For seven Sobol
simulations spanning the design space, including the
strongest suppression and strongest enhancement, we
refit the A — a map excluding the shown simulations
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Figure 14. The linear model of Eq. 17 with halo quantities of Table 1 (rightmost column) used to compute the linear amplitudes
for all twelve statistics. We compare the model predictions against a set of seven held-out simulations normalized by the mean
to highlight typical deviations for a given statistic. Thin lines are the individual held-out nodes (gray, measured; blue dashed,
model), heavy lines are the median over the seven nodes (black, measured; blue dashed, model), and the shaded band in each
strip is the 16th-84th percentile range of the per-node model residuals. (a) S(£); (b)-(f) the gas auto- and cross-spectra C},
C7T, CpY, CFT, and C}7; (g) the convergence PDF; (h) peak counts; (i) minimum counts; (j)-(1) the Minkowski functionals V5,
Vi, and V5.
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and predict every statistic using only their measured
halo numbers. Because the raw statistics span several
decades and a few-percent feedback response would be
invisible, every panel divides both the measurement and
the prediction by a common reference, the Sobol design
mean, so the panels display the response each node car-
ries and the residual strips read in the same units. The
thin lines are the individual held-out nodes, the heavy
lines are the median over the seven, and the band in
each residual strip is the 16th—84th percentile range of
the per-node residuals. The five gas spectra were not
part of the search objective in § 5.2, so their panels are
truly a test of the latents rather than a fit to them.

Fig. 14 shows that the model tracks the sign, the
shape, and the ordering of the held-out responses in
every panel. For the weak-lensing statistics, the resid-
ual band sits within £1-3% wherever the reference is
well measured, against node responses of up to 10-50%,
and grows only at the edges: to about 5% for S(¢) at
¢ > 10%, to a few percent at v > 5 for the PDF and the
Minkowski functionals, and at v < —2 for V3 and V5,
where the reference itself is small. The minima are the
one place the comparison breaks down, beyond v ~ 2.5,
where the reference falls to a handful of counts per map
and the ratio stops being meaningful. The growth of
the S(¢) residual at ¢ > 10* is where bg and by finally
separate (Fig. 11); over the rest of the range the two
are nearly degenerate, so the combination of amplitudes
that distinguishes them is set by a handful of small-scale
bins and is the hardest thing in the model to predict.

The gas spectra are a harder test. Their responses
across the design are of order unity rather than tens of
percent (§ 4), and the residual band is correspondingly
two to three times wider, £2-5% at £ < 3 x 103 and £5-
10% at ¢ > 10*, widest for the three y spectra (C}Y, C;”,
C}") that the rarest, most massive halos dominate. The
optical-depth spectra carry the most scale structure in
the set, with a rise to the one-halo peak near ¢ ~ 10* and
the return to the mean beyond it, and the model repro-
duces that shape in C77 and C;7 with the peak height
recovered to within 2-5%. Across all twelve panels, the
largest residuals occur at the most extreme nodes, and
in nearly every case the model pulls the extreme node
toward the design mean.

The model mapping is linear, and the design is the
SB35 astrophysical prior (the CAMELS-TllustrisTNG
prior of S. Genel et al. 2026, for which we vary the 30
galaxy formation parameters), so A values far outside
the design ranges extrapolate unphysically. The cosmol-
ogy is fixed to that of TNG300, and the basis inherits
the noise of the 1P suite from which it is built. We ship
the model as a single table of curves and matrices (S,

Bk, M, X, and the per-bin predictive scatter Opred) With
a numpy-only loader.'?

6. THE STORY OF THE STATISTICS AS TOLD
BY THE PARAMETERS

The preceding sections presented three distinct de-
scriptions of the lensing and CMB maps, along with
their dependence on the IllustrisTNG model parame-
ters, by posing three questions.

1. § 4.1 asked which parameters move which statis-
tics. The peak-correlation grid in Fig. 9 answered
that the (-domain statistics are more sensitive to
the wind parameters, while the v-domain morpho-
logical statistics are more sensitive to the IMF
slope and the AGN parameters.

2. § 4.2 asked what shape each statistic’s response to
the parameters takes, and found four families of
shapes describing these responses in Fig. 10.

3. § 5.2 asked which halo properties carry the ampli-
tudes of the response, and found that seven halo
quantities, chosen by a search that knew nothing
about the parameters, suffice.

In this section, we attempt to tell a cohesive story that
ties these three descriptions together and propose a
physical narrative to connect them.

We want to be upfront about these next sections. The
physics of galaxy formation, and the IllustrisTNG model
used in this work, is complex, and its effects on the sum-
mary statistics are nonlinear and coupled (as shown by
the R? score in the rightmost column of Table 2). A
complete account of the physical effects and statistical
intricacies lies beyond the scope of this work and will re-
quire targeted investigation. But the three constructions
above provide empirical constraints on which physical
processes could drive the effects. The following subsec-
tions present a physical narrative we have found that
satisfies these empirical constraints.

6.1. A gas budget and a thermal state

We start by examining the gas fields, 7 and Compton-
y, because they respond differently to gas density. 7
maps are formed simply by the electron density traced
along the line of sight (Eq. 6), but pixels in the
Compton-y maps are proportional to the temperature-
weighted density (the integrated pressure, Eq. 7).
Therefore, a parameter that changes only the amount
of gas would shift the two spectra in the same direction
by moving the density up or down.

13 Release DOI to be inserted at acceptance; see § 9.
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In Fig. 9, many parameters do exactly this. For exam-
ple, the wind energy €,, (WindEnergyInle5lerg) moves
both spectra in the same direction and with roughly the
same magnitude, p = +0.54 and p = +0.42. The wind
velocity factor k,, (VarWindVelFactor) does not. In-
stead, it produces the strongest peak correlation in the
grid, p = —0.68 for €7, and a nearly equal and opposite
peak correlation for C¥, p = 40.60. The only thermo-
dynamic quantity that can separate a density-weighted
field from a pressure-weighted one is the temperature,
so we take this to mean that €, sets how much gas the
halo holds while ., sets how hot that gas is.

This is what we would expect from the IllustrisTNG
wind model, in which the mass loading factor scales as
(A. Pillepich et al. 2018)

The OC éw/nfu. (23)

So the two wind parameters change the mass loading in
different ways. Raising é,, loads more gas into winds at
the same speed, lifting gas out of the galaxy but not out
of the halo. As a result, the reservoir feeding the central
black hole shrinks, so the black hole never grows large
enough to drive feedback that escapes the halo, and the
halo keeps its gas. Both 7 and y grow, which is reflected
in the pair of positive correlation cells in Fig. 9.

Raising k., instead lowers the mass loading and makes
the winds faster and lighter. What they launch is car-
ried out of the halo core to large radii, and when the
wind recouples to the gas, it thermalizes. The density-
weighted 7 loses power where the gas used to be, while
the pressure-weighted y, which is also sensitive to the
thermal state of the gas, gains power wherever the gas
ends up. The gas-spectrum families in Appendix A show
the same thing as a function of ¢: the Compton-y re-
sponse to kK, is effectively scale-independent, because
the gas moved out of the core has been balanced by
heating (Fig. 16).

The recoupling density ny rec (WindFreeTravelDens)
offers a similar story. A wind particle recouples with
the medium once the gas density falls below the thresh-
old set by 74 rec, SO raising it makes the wind recou-
ple sooner and deposit its mass closer to where it was
launched. Every peak correlation between the statistics
and 7y rec in Fig. 9 is positive, indicating that gas is
retained as the recoupling density is raised.

In this interpretation, the halo properties needed
to predict all the statistics should include quantities
that reflect the gas budget and thermal state of ha-
los. Indeed, this is exactly what the search in § 5.2
chooses. The first pick was the baryon fraction of low-
mass groups, the gas budget, which alone accounts for
R? = 0.79 of the pooled variance of the statistics and

rediscovers the quantity M. P. van Daalen et al. (2020)
identified for the power spectrum. The search’s third,
fourth, and fifth picks were thermal-state quantities: the
group temperature, the self-similar-scaled Compton Y,
and the cluster electron pressure.

6.2. Where the gas ends up

The gas budget and its thermal state tell us how much
gas there is and how hot it is, but the response families
in Fig. 10 show where this gas has been redistributed.
Viewed this way, the wind-sector parameters split into
three families.

The wind energy e,, and every parameter that mod-
ulates it (the specific momentum and the three energy-
reduction parameters) form C3 by themselves. C3 peaks
at the halo scale, crosses zero near ¢ ~ 1.5 x 10%, and is
negative at the smallest scales. With p = +0.32 for e,
on S(¢) in Fig. 9, we read this to mean that gas is lifted
out of the galaxy and deposited in the circumgalactic
medium, and the zero crossing in the C3 panel marks
the radius that separates where the gas is taken from
and where it is put.

The recoupling density 7 rec sits in C4 with the
thermal wind fraction 7, and the SNII minimum mass
MgnNit, min. C4 is nearly the inverse of C3: its peak is
at the smallest scales rather than the halo scale, and
it crosses zero near ¢ ~ 10*. Winds that recouple at
higher density deposit their mass closer to where they
were launched, so power moves from the halo scale back
toward the core. A larger thermal fraction makes the
wind slower and more extended, so it recouples sooner;
a higher SNIT minimum mass means fewer supernovae
per unit stellar mass and less wind energy, the inverse of
raising é,. So C3 acts mainly on the halo scale with a
smaller, opposite effect in the core, while C4 acts mainly
on the core with a smaller, opposite effect at the halo
scale.

The wind velocity factor belongs to C1, whose re-
sponse vanishes at ¢ < 103, grows through the halo
scales, and continues to grow up to the Nyquist limit. So
the three wind mechanisms are: how much gas is moved
(C3), how far it gets (C4), and how fast it leaves the
core (C1). Each has its own characteristic shape, and
the family that sets the thermal state shares its shape
with the sector that heats the same gas from the in-
side. That is the family-space version of what the (y, 7)
pair showed in the grid. The winds are not the full story,
however; next, we turn to the AGN parameters and how
they fit into this interpretation.

6.3. The engine in the core

We find that the AGN parameters act on the core in
two distinct ways. The first is the quasar-mode thresh-
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old & (QuasarThreshold), which moves the peaks and
the Minkowski functionals in Fig. 9 at p ~ —0.3 and
S(€) at —0.26 and —0.28, while sitting at or below the
null for every gas spectrum. In IllustrisTNG, this pa-
rameter sets the Eddington ratio below which a black
hole switches from the thermal quasar mode to the ki-
netic mode, Xinresh = min[&y (Mpp/10% Mg)#x,0.1] (R.
Weinberger et al. 2017), and it is the kinetic mode that
quenches star formation and ejects gas from halo centers
(E. Zinger et al. 2020). Raising the threshold shifts the
transition to kinetic-mode feedback to lower black hole
masses, allowing more efficient feedback from a halo core
at any given time. The expectation is that the stronger
feedback suppresses power, peaks, and the other statis-
tics, which is what the negative peak correlations in
Fig. 9 show.

The second lever is black hole growth, for example
through the radiative efficiency ¢,, which lowers the Ed-
dington limit and slows black hole mass growth. The
upper bound of €, corresponds to smaller black holes
in massive halos and weaker integrated AGN feedback.
The & threshold and the e, efficiency therefore have
nearly opposite effects on the feedback, and they corre-
late in opposite directions with the statistics in Fig. 9.

The families do not show the sign of the effects, be-
cause in defining them in § 4.2, each response is normal-
ized by its extremal value so that every curve reaches
+1 at its peak regardless of sign (Eq. 15), and the
opposite effects of & and €, have the same shape in
Fig. 10. Both, together with 8x, reside in C1 alongside
K, with the black hole growth and SNIa parameters as
low-amplitude companions. So all four significant mem-
bers of the C1 core family affect clustering only on the
smallest scales, not outside the halo regions.

The two radio-mode AGN parameters, Axgni and fre,
land in C2, the halo family, to which the clustering re-
sponds most strongly at the halo scale and at a some-
what lower level toward smaller scales.

Parameters that determine whether and how strongly
the kinetic mode fires act on the core in C1, while the
mode itself reshapes the gas out to larger scales in C2.
We think this is also why the thermal latents of § 5.2
climb the mass range, from the group temperature at
10132 Mg, to the cluster electron pressure at 1014 Mg:
winds set the thermal state of the groups, and black
holes set it for the clusters. The same mass split is, we
believe, what separates the rows of Fig. 9. The /-domain
statistics integrate over every halo above 103 Mg h~!
and are dominated by the numerous groups just above
that threshold, where the winds set the budget. The
high-v peaks and the deepest minima are produced by
rare massive halos, whose cores, as M. E. Lee et al. 2026b

showed, source the baryonic response in the morpholog-
ical statistics, and those cores are where the black hole
engine acts. Different statistics listen to different sectors
because different sectors act on different halos. The one
parameter that shares the radio-mode shape but is not
an AGN parameter is the IMF slope, which we discuss
next.

6.4. The stellar mass

The IustrisTNG model citep Lee-2024 has previ-
ously shown that the IMF slope behaves like an AGN
parameter (M. E. Lee et al. 2024). The IMF slope con-
trols the number of massive stars, such that a shallower
IMF contains more massive stars and produces more
supernovae, and one might expect it to act as another
wind parameter, excising the core or redistributing mat-
ter out to the halo scale. While this is partly true, the
IMF slope is not just another wind-energy dial, because
it also sets the metallicity of the halo gas, which, through
enrichment and cooling, drives the growth of the central
black holes (A. Pillepich et al. 2018; M. E. Lee et al.
2024).

The grid hints at the same thing with the peak corre-
lations of bpyr with the WL peak and minimum counts
carrying opposite signs, —0.53 and +0.35, both above
the whole-grid null, whereas the wind parameters move
the two counts together, though the minima are the nois-
iest statistic in the suite, and we do not rest the argu-
ment on this.

The C2 family in Fig. 10 agrees that the IMF slope
acts like the radio-mode AGN parameters, on the halo
scale and inward, while staying responsive at the small-
est scales like the wind parameters. Ahead of every ther-
modynamic quantity, the latent search of § 5.2 chose
the slope of the stellar fraction across halo mass, which
records whether feedback has quenched the low-mass ha-
los or the high-mass ones. A parameter that moves the
stellar mass of cores through a channel that switches on
with black hole mass would show up first in exactly this
quantity.

6.5. What this interpretation explains

Taken together, the four families in Fig. 10 sort the
galaxy formation parameters by the radius at which they
act: the core (C1), the halo (C2), and the two directions
of transfer between them, outward from the core to the
halo scale (C3) and back from the halo scale toward the
core (C4).

The wind sector supplies one family that determines
how much gas moves and one that sets how far it travels
before it stops. The AGN sector sets when its engine
switches on and how large it grows, and the IMF slope
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reaches the same core through stellar mass. This is the
same structure the analytic model of § 5 exploits, and it
is why the seven halo-quantity latents in Table 2 present
themselves as four physical axes, a baryon budget, a stel-
lar partition across mass, a thermal state, and a scatter,
rather than as an arbitrary list.

We emphasize that this reading is a hypothesis about
MustrisTNG, assembled from rank correlations, re-
sponse shapes, and a halo-variable search, and that we
have not traced any of its mechanisms in the simulations
themselves; doing so is a natural next step. This inter-
pretation explains why a single suppression amplitude
cannot describe the parameter space. Two parameters
can produce the same suppression while moving the core
in opposite directions, and the peaks and Minkowski
functionals, whose baryonic response M. E. Lee et al.
(2026b) showed is dominated by the cores of massive
halos, tell them apart where the power spectrum can-
not.

7. CAVEATS

Throughout this manuscript, we make several approx-
imations, which we state explicitly here. We group these
approximations and caveats by whether they concern
what the maps physically contain, what the training
covers, or what the validation actually establishes.

7.1. What the maps contain

The most important approximation is that we re-
place halos via our generated model rather than an en-
tire volume. So only regions centered on halos with
Moo > 10'3 M h™! carry generated baryonic fields,
and below that threshold, and in the space between ha-
los, the matter field is dark-matter-only from TNG300-
Dark. The construction also omits the back-reaction of
baryons on the dark matter outside of the painted re-
gions, which can alter the dark matter power spectrum
by up to tens of percent at k ~ 10hMpc™" in extreme
feedback models (M. Gebhardt et al. 2026). As noted in
§ 3.2, M. E. Lee et al. (2026b) found that replacing ha-
los at and above our threshold of 1013 M h~! accounts
for roughly 60-65% of the power-spectrum response and
for virtually all of the response in the peak counts and
Minkowski functionals. By construction, our maps lack
the missing ~ 35-40% of the two-point response carried
by halos below the threshold and by the diffuse field.
This is why we compare every claim in this paper against
the hydro-pasted control rather than a hydrodynamical
simulation. The control shares the same missing physics,
so the comparison isolates the generative model’s error
rather than the architecture’s. It is also why the 7 and
y maps should be used for responses and aperture mea-
surements centered on halos, rather than for absolute

amplitudes on large scales, where the diffuse component
we do not model contributes a significant fraction of the
signal.

Two smaller geometric approximations follow from
the same architecture. Halos whose centers fall near
a slab boundary are, in essence, cut off, so part of their
gas is assigned to the neighboring shell. This affects a
small fraction of halos and enters as noise, since the as-
signment is uncorrelated with the parameters. Second,
BIND is trained on projections of depth 50 Mpch™!
while the TNG300-Dark slabs are 51.25 Mpch~1, so the
conditioning fields carry about 1 Mpch~! more line-of-
sight material than the model saw in training. We show
in § 3.1 that this does not measurably degrade the gen-
erated halos, but it is a mismatch and implies an out-
of-distribution usage in this paper.

Finally, we model no velocities. The maps are of
the optical depth itself, not of the kinematic Sunyaev-
Zel’dovich signal, and converting between the two re-
quires a peculiar velocity field that our pipeline does not
supply. Users who need either must supply the velocity
assumptions when reducing their data.

7.2. What the training covers

This paper only uses the IlustrisTNG galaxy forma-
tion model and its parameter space. The four response
families, the seven latents, and the linear map between
them are properties of that TNG model. A different
subgrid family, such as sSIMBA (R. Davé et al. 2019) or
ASTRID, can potentially have a completely different re-
sponse family and different latents (A. M. Delgado et al.
2023; Y. Yang et al. 2026). We are not claiming a uni-
versal law, but instead a model for IlustrisTNG. Ex-
panding BIND to other subgrid parameterizations is an
interesting open question, because a compression that
survives changes in subgrid prescriptions would be a
statement about feedback, whereas in this work we can
only make a statement about HlustrisTNG.

The cosmology is also fixed at cosmological parame-
ter constraints from Planck Collaboration et al. 2016.
BIND itself is conditioned on cosmological parameters
through the SB35 training suite, but every lightcone
here is built on TNG300-Dark, which was run at a single
cosmology. This is what makes the responses in § 4 in-
dependent of cosmology and unambiguous, but we can-
not say anything about degeneracies between feedback
and cosmological parameters. Those degeneracies are
the reason feedback is a systematic in the first place,
and quantifying them requires painting across a suite of
cosmologies rather than one.

The analytic model inherits a related limit. The map
from latents to amplitudes is linear and is fit to the
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SB35 design, so it is valid only within the prior bounds
and nowhere else. A simulation whose measured A falls
outside the design ranges will extrapolate out of dis-
tribution. However, since the Sobol sequence used in
this work extends over the full reasonable prior space
of IllustrisTNG’s model parameter space, we believe ex-
trapolation is already unphysical.

7.3. What the validation establishes

Our fiducial validation in § 3 compares generated ha-
los with hydro-pasted halos and ray-traced maps, mea-
suring BIND’s error rather than the halo-replacement
architecture itself, which we characterize separately in
M. E. Lee et al. 2026b. A full-hydro anchor, in which the
same rays are traced through the full TNG300 hydrody-
namical simulation, would fold in the halo-replacement
error as well. M. E. Lee et al. 2026b characterized that
error, so we omit the full-hydro comparison here.

Finally, the validation and the detectability compar-
ison in § 3.2 are noiseless. We apply no shape noise,
survey mask, photometric redshift uncertainty, or in-
trinsic alignment contamination, and we measure the
covariance across realizations that are rotations and
translations of a single lightcone rather than indepen-
dent volumes. The precision envelopes of § 4 are then
statements about statistical power, not forecasts from a
systematics-marginalized analysis.

8. FUTURE OUTLOOK

The limits above sort naturally into three groups, dis-
tinguished by whether they require new analysis, a new
model, or new science.

The first group needs neither a new model nor new sci-
ence. We can add survey realism to the maps we have al-
ready released by drawing shape-noise realizations onto
the convergence maps, applying a mask, and repeating
the detectability comparison in § 4 under tomography.
This would convert the statistical-power statement into
a forecast, which is a plan for upcoming work.

The second group requires retraining BIND. The
most important next step for BIND is to allow lower
masses, which M. E. Lee et al. (2026b) show are rele-
vant for power spectrum measurements. Lowering the
mass threshold toward 10'2 M h~! would recover most
of the suppression that our maps currently miss, but
requires thought on how to apply this to N-body sim-
ulations, since the halo mass function requires a signif-
icantly larger population of halos to be generated per
snapshot. We envision BIND applied to lower-mass ha-
los as the next iteration. Training the model on al-
ternative subgrid parameter sets individually, such as
those from SIMBA or ASTRID, would test whether the

family decomposition and the seven latents are prop-
erties of feedback in general or are just specific to II-
lustrisTNG. This requires a training set of halos from
CAMELS at the 50 Mpch~! resolution for these sub-
grid prescriptions. Once available, we will use them to
train BIND in this way. Painting onto dark-matter-only
simulations run at varied cosmologies would open the
feedback-cosmology degeneracies that this work holds
fixed and allow for use in cosmological parameter anal-
yses. Finally, moving from projected patches to three-
dimensional volumes would remove the projection ap-
proximation entirely, allowing for 3D halo shapes, cap-
turing the anisotropic ejection of matter around halos,
and enabling a higher-fidelity model, but at a cost of
memory and generation time.

The third group is the science the maps were built
for. The compression result of § 5.2 identifies seven halo
properties that carry feedback’s imprint on the lensing
sky, and each of them is a measurable quantity from X-
ray, SZ, and spectroscopic campaigns. The natural next
step is to try to constrain those halo measurables from
the existing multiwavelength observations of gas, and
propagate them through the analytic model into a pre-
diction for weak lensing statistics (for steps in this direc-
tion, see A. Schneider et al. 2022; S. Pandey et al. 2023;
A. Ganguly et al. 2026). Doing this correctly requires
many observational considerations, such as hydrostatic
mass bias, projection effects, and the possibility that
the real universe’s subgrid calibration does not match
TNG’s. For these reasons, we believe this is out of the
scope of the current work. However, the machinery is in
place, and the maps, statistics, and model tables have
been released, so it can be attempted.

9. CONCLUSIONS

We set out to ask what a full galaxy formation pa-
rameter space does to the Stage-IV weak lensing and
SZ statistics, and if that response could be compressed
into measurable quantities. Using BIND, we gener-
ated 314 lightcones spanning the 30-dimensional Illus-
trisTNG astrophysical prior, comprising the 256-node
Sobol sequence, the 57-run 1P atlas, and the fiducial,
alongside the DMO and hydro-pasted references. Ev-
ery lightcone carries k, Compton-y, and 7 maps at five
source redshifts, built from the same halos with the same
flow-matching seeds, so that any difference between two
lightcones is driven by the parameters alone. To our
knowledge, this is the first set of lightcones in which the
lensing and the gas observables of every halo respond
consistently to a full galaxy formation parameter space,
and it is what lets us study feedback effects in a con-
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trolled way, and with respect to observational quantities
such as lensing power spectra and peak counts.

At the fiducial parameters, the BINDed maps repro-
duce the hydro-pasted control set to within the statisti-
cal precision of an LSST-Y10-like survey for every weak
lensing statistic we measure. The gas spectra are more
biased. The optical-depth spectra agree with the con-
trol to within about 5%, while the spectra that involve
Compton-y run from 5-20% low at ¢ < 10 to about
25% high at the smallest scales. The weak lensing maps
are therefore usable as they stand, and the gas maps are
usable for responses rather than for absolute amplitudes.

Across the prior, Stage-IV surveys can detect feed-
back, but only on small scales. Over ¢ ~ 2.2 x 103—
1.8 x 10* the spread in S(¢) across the Sobol nodes
exceeds the noiseless LSST-Y10 statistical precision by
more than 100, peaking at 220 near £ ~ 5x 103, and 84%
of nodes depart from the fiducial by more than 50 (73%
for Euclid). We also find that the statistics do not all
respond in the same ways to the same galaxy formation
model parameters. Eleven of the thirty parameters clear
their look-elsewhere null for at least one statistic, and
the row structure separates, with the /-domain statistics
and every gas spectrum dominated by the galactic wind
parameters, while the v-domain morphological statistics
respond instead to the IMF slope and the AGN parame-
ters. Within the wind sector, the wind velocity sets the
thermal state of the gas and moves 7 and y in opposite
directions, while the wind energy sets the gas budget and
moves them together. The thirty 1P response curves of
the power spectrum collapse into four families, sorted
by the radius at which they act: a core family, a halo
family, and two redistribution families that move gas
outward or inward across the halo scale.

The central result of this work is that the response is
compressible. Each statistic can be modeled as a linear
combination of its response families, and a data-driven
search over ninety candidate halo summaries then selects
seven measured halo properties as the latent variables
that set the amplitudes. They sort into four physical
categories in order of importance: the baryon fraction
of low-mass groups, its partition across halo mass, the
thermal state of the gas from groups to clusters, and its
halo-to-halo scatter. The search was unguided, and its
first pick, the baryon fraction of low-mass groups, essen-
tially rediscovers the M. P. van Daalen et al. (2020) con-
clusion, which also anchors observationally calibrated

suppression models (J. Salcido et al. 2023; M. L. van
Loon & M. P. van Daalen 2024; M. P. van Daalen et al.
2025). Under a purely linear map, these seven num-
bers predict every held-out statistic — the seven weak
lensing statistics and the five gas spectra alike — at
CV R? = 0.79-0.96 (Table 2). The same linear map
from the thirty IlustrisTNG parameters reaches only
0.39-0.56, and more flexible regressions do no better,
because 256 nodes in thirty dimensions cannot resolve
a non-linear map. BIND is what absorbs that non-
linearity, and once it has, what remains is linear in quan-
tities that X-ray and SZ campaigns already measure.

We publicly release the lightcones, the measured
statistics, and the model tables, the latter as a single
set of curves and matrices (S, By, M, X, and the per-
bin predictive scatter opreq) with a numpy-only loader.
We intend for them to be used to test gas-calibrated
baryon corrections against a field-level reference, to fore-
cast joint lensing and SZ analyses, and to ask, for any
weak lensing statistic, which halo property it is really
measuring.
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Figure 15. Response families of the convergence PDF, constructed exactly as in § 4.2, where the thirty normalized 1P responses
Rppr(v) (gray in every panel), clustered at 7 > 0.85, with each panel’s family members colored by their astrophysical sector
and solid lines marking parameters that pass the statistic-level noise floor of Fig. 9. The PDF collapses into two families
and four singletons. C1 gathers sixteen parameters spanning AGN feedback, black hole growth, the IMF slope, and the wind
energy-reduction sector into a single shape, which provides a sharpening of the peak just below v = 0 fed by a deficit near
v ~ —1.3, and C2, containing VarWindVelFactor among four members, carries a variant with a second node in the underdense
wing. The singletons are the momentum-driven wind parameters and SNII_MinMass_Msun, neither of which clears its noise
floor with a coherent shape. That thirty-parameter responses reduce to essentially two shapes is what makes the K = 4 PDF
basis of Table 2 sufficient.

A. PER-STATISTIC RESPONSE FAMILIES AND MODEL OVERLAYS

The main text develops the response-family construction for Cf* (§ 4.2) and validates model in Fig. 14. This appendix
shows alternative per-statistic counterparts for completeness. Showing all for each statistic would be overwhelming for
the text, but are available upon request.

Here we show the family decomposition of the convergence PDF and the response families of the gas spectra, which
provide the basis for the model of § 5 and the held-out model overlays for the six /-spectra.

Fig. 15 shows the families of the convergence PDF. The procedure is identical to that of Fig. 10 where the responses
of Eq. 14 on the 1P set, normalized through Eq. 15 and clustered at r > 0.85. The only difference here is the change in
statistics. The membership rearranges relative to the power spectrum in the way Fig. 9 anticipates. The AGN, black
hole growth, and IMF-slope parameters, which dominate the v-domain rows of the correlation grid, merge into one large
family rather than splitting across several, and the wind sector contributes the second family and the singletons. The
shapes say that essentially all of the effective parameters act on the PDF the same way, by narrowing the distribution
about its peak, and differ mainly in where in the underdense wing the compensating probability is drawn from.

Fig. 16 shows the response families of the two gas auto-spectra that enter the model of § 5. Unlike the lensing
statistics, these are built in the log, since the responses are multiplicative and of order unity. In all other ways,
the construction is that of § 4.2. The family structure again follows the correlation grid, with the optical-depth
spectrum cleanly separating into an AGN family and two wind families, while the Compton-y spectrum promotes the
wind-velocity pair that dominates its correlations into a family of its own.
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