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Abstract

Accurate modeling of baryonic physics remains a major challenge for precision
cosmology due to our incomplete understanding of complex subgrid processes, like
star formation and feedback from supernovae and active galactic nuclei below 10
Mpc scales. This uncertainty leads to different hydrodynamical simulation suites
to implement fundamentally different prescriptions for these unresolved physics.
Current simulation-based inference approaches rely therefore on discrete sets of
simulators, each encoding specific physical assumptions, making it difficult to
robustly quantify theoretical uncertainties and learn about the underlying physics
from observations. We introduce a machine learning framework that learns con-
tinuous representations of baryonic feedback across multiple simulation suites, to
enable interpolation between different physical implementations while providing
robust uncertainty quantification. Our approach addresses the key challenge of
marginalizing over theoretical uncertainties represented by various simulators while
simultaneously constraining the underlying baryonic physics from observations.
We frame this as learning a shared continuous latent representation of the physics
implemented across different simulators, allowing us to both marginalize over and
constrain a continuous baryonic parameter space. Using the CAMELS simulation
suite, we demonstrate our method on several baryonic fields including stellar mass,
gas density, temperature, and pressure fields. This framework provides a path
toward more robust cosmological inference by properly accounting for theoretical
uncertainties in baryonic modeling while extracting maximum information about
the underlying physical processes from current and future surveys.

1 Introduction

Understanding how matter is distributed over small scales in the Universe is crucial for extracting
cosmological information from current and future surveys, yet it remains one of the most challenging
aspects of precision cosmology [4, 23]. While the large-scale distribution of dark matter is well-
described by gravity alone, complex baryonic physics—including star formation, and feedback
from supernovae and active galactic nuclei—significantly alters the distribution of matter below
∼ 10 Mpc [20]. Currently, we rely on hydrodynamical simulations for accurate predictions of
baryonic physics, [5–7, 14, 16] but these must make unresolved assumptions about subgrid processes,
with different simulation suites implementing fundamentally different prescriptions for feedback
mechanisms. It remains unclear which approaches best capture the true underlying physics, and
likely none of the existing suites fully captures the reality, making empirical approaches to modeling
baryons interesting for robust inference.

In this work, we introduce a machine learning framework to learn a continuous representation of
baryonic physics from multiple simulation suites, enabling both interpolation between different
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Figure 1: Reconstruction of baryonic maps from dark matter fields on two different simulation suites
starting from the same initial conditions, IllustrisTNG (used for training) and Magneticum (used
for testing). On the top panel, we show the dark matter fields used for conditioning the model and
both true and generated baryonic maps for {M∗, δgas, T, P}. On the middle panel, we compare true
and predicted power spectra for each field and simulation suite. On the bottom panel, we show the
cross-correlation coefficient as a function of scale computed between the true and reconstructed maps
across simulations. In general, we find the reconstruction accuracy on the test Magneticum suite to
be comparable to that of the in distribution IllustrisTNG.

baryonic implementations and robust uncertainty quantification. This addresses the more general
challenge [9, 11] in simulation-based inference of working with a discrete set of simulators, where
each parametrises different physical assumptions. Here, we assume one wishes to also marginalise
over a more general parameter space that would allow us to interpolate in between these assumptions.

We frame this problem as learning a shared continuous representation [2] of the underlying physics
implemented across different simulators. Our goal is two-fold: we wish to robustly marginalize over
the theoretical uncertainties represented by the various simulators (i.e., marginalize over zbaryons)
while simultaneously learning about the underlying physical processes from observations of the
real Universe (i.e., constrain zbaryons via observations). We demonstrate this approach using the
CAMELS simulation suite, focusing on key baryonic observables including stellar mass, gas density,
temperature, and pressure fields.

2 Learning a representation for baryonic physics

We aim to learn a low dimensional representation for baryonic physics, zbaryons, that allows us to
constrain the mapping between the dark matter distribution, δdm, whose evolution is dominated by
gravity, and the baryons δbaryons, whose evolution is impacted by baryonic feedback,

p(δbaryons|δdm, C, zbaryons) (1)

where δbaryons is a diverse set of baryonic fields, and C are the cosmological ΛCDM parameters that
determine the composition of the Universe, Ωm and σ8. In this paper, the δbaryons we use includes
the distribution of stars, M⋆, the gas density distribution, δgas, the gas temperature distribution, T ,
and the gas pressure distribution, P .
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Architecture. To model the probability distribution in Equation (1), we use flow matching
[1, 10, 12, 13], a continuous normalizing flow that learns velocity fields vθ(x, t) that trans-
form the source distribution (dark matter density δdm) to target distributions (baryonic fields
, {M∗, δgas, T, P}) along time-dependent paths xt = (1 − t)x0 + tx1. The loss we minimize
is L = Et,x0,x1 [∥vθ(xt, t, δdm, C, zbaryon)− (x1 − x0)∥2], enabling both target fields reconstruction
and new data generation.

We jointly learn the parameters of a ResNet encoder [8] that compresses multi-channel baryonic
inputs {M∗, δgas, T, P} into an 8-dimensional bottleneck representation zbaryon that captures shared
and simulation-specific variations in baryonic feedback prescriptions.

We parametrize the learned velocity field, vθ(x, t), with a UNet [18], featuring an encoder-decoder
structure and skip connections for multi-scale feature learning, modified with Feature-wise Linear
Modulation (FiLM) [17] layers in each block that condition the network through affine transformations
γ(c)⊙ h+ β(c), where c represents a unified conditioning embedding. This conditioning vector
concatenates four complementary sources: (i) a time embedding from the flow-matching timestep
t, (ii) a parameter embedding from cosmological parameters (Ωm, σ8) processed through a small
MLP, (iii) a spatial embedding from a CNN applied to the input dark matter density field, and (iv)
a baryonic physics embedding zbaryon extracted from the ResNet bottleneck applied to stacked
baryonic reference maps.

CAMELS Simulation. The CAMELS Multifield Dataset [26] comprises hydrodynamical sim-
ulations with varied cosmological parameters C = {Ωm, σ8} and distinct baryonic feedback
implementations across simulation suites. We partition the dataset using four simulations for
training–Astrid [3, 15, 16], IllustrisTNG [14], SIMBA [6], and EAGLE [5, 19]–while reserving
Magneticum [7] as a held-out test set to evaluate cross-simulation generalization. Each simulation
generates projected 2D density fields over (25 h−1Mpc)2 areas at redshift z = 0, with spatial
resolution of 2562 pixels. The only varying cosmological parameters are: Ωm (the matter density
parameter), ranging from 0.1 to 0.5 and σ8 (the amplitude of matter fluctuation), ranging from 0.6
to 1.0. All other cosmological parameters are held constant across the simulations. The training is
completed using the Latin hypercube (LH) and Sobol sequence (SBn) sets where available. Each
simulation suites implements distinct baryonic feedbacks and subgrid physics that manifests in
baryonic fields captured by our learned zbaryon embedding. See Ref. [27] for more details on the
simulation suites.

3 Results

3.1 Reconstructing the baryonic fields

In Fig. 1, we demonstrate that the model successfully reconstructs four key baryonic observ-
ables—stellar mass (M∗), gas density (δgas), temperature (T ), and pressure (P )—from an 8-
dimensional baryonic latent representation. Fig. 1 presents the pixel-wise reconstruction of the
different fields together with reconstruction quality metrics, the power spectrum and cross-correlation
between true and predicted fields, calculated using Pylians [25]. Both statistics were evaluated
on in-distribution IllustrisTNG samples and a held-out Magneticum test set, simulated from the
same initial conditions. The model exhibits strong performance at large scales (k < 1hMpc−1),
where cross-correlations exceed > 0.9 for all baryonic channels, but shows degraded fidelity at small
scales (k > 5hMpc−1) where nonlinear baryonic processes create complex, localized features that
deviate significantly from the dark matter distribution. To compute the power spectrum and cross
correlations, we generate five independent samples from the learned flow and ensemble average to
reduce stochastic variance.

In particular, we find similar cross-correlation coefficients for the IllustrisTNG and Magneticum suites.
This generalization to the unseen Magneticum physics demonstrates the robustness of the learned
zbaryon embedding, though with modestly reduced performance relative to training simulations.
Stellar mass and gas density reconstructions maintain high fidelity due to their strong correlations
with underlying dark matter structure, while temperature field exhibit larger reconstruction errors
reflecting its weaker coupling to gravitational potentials and stronger dependence on simulation-
specific feedback prescriptions. This performance hierarchy aligns with the physical expectation that
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Figure 2: Two-dimensional t-SNE projection of the eight-dimensional Latent space zbaryon, colored
by hydrodynamic simulation suite. Note that IllustrisTNG, EAGLE, SIMBA and Astrid were used
for training, whereas Magneticum is a held-out test suite.

observables more sensitive to subgrid modeling choices than purely gravitational tracers are more
difficult to predict from dark matter alone.

3.2 The structure of the latent space

We show a two dimensional t-SNE projection [24] of the 8-dimensional zbaryon embedding in Fig. 2.
The learned manifold clusters samples from the same simulation suites while positioning the held-out
Magneticum mostly within samples of EAGLE and Astrid. The latent geometry encodes simulation
relationships: IllustrisTNG and Astrid exhibit nearby embeddings consistent with similar feedback
implementations, while SIMBA occupies a distant manifold region reflecting its distinct prescriptions
of AGN feedback. This clustering demonstrates successful disentanglement of simulation-specific
systematics from shared features.

The interpolation property is important for robust downstream inference by enabling marginalization
over simulation-specific features. The learned embedding enables the possibility of marginalization
over simulation space, isolating cosmological signals from simulation systematics. This marginaliza-
tion framework addresses a fundamental challenge in simulation-based inference where systematic
uncertainties from subgrid physics can dominate statistical errors, providing a pathway toward
cosmological parameter estimation robust to hydrodynamical modeling assumptions.

4 Conclusions and Future Work

We present a flow-matching framework that learns the probability distribution
p(δbaryons|δdm, C, zbaryons) to reconstruct four key baryonic observables—stellar mass, gas
density, temperature, and pressure—from dark matter density fields. We jointly learn a ResNet
encoder to extract an 8-dimensional zbaryons embedding that captures variations across hydrody-
namical simulation codes in a continuous space. This space, in principle, enables marginalization
p(δbaryons|δdm, C) =

∫
p(δbaryons|δdm, C, zbaryons)p(zbaryons) dzbaryons over simulation systemat-

ics, given a prior over p(zbaryons), potentially yielding robust inference invariant to hydrodynamical
simulator choice and addressing challenging biases introduced by subgrid physics disparities across
simulations.

Future extensions will incorporate an application to galaxy clustering and Sunyaev-Zel’dovich
observables [21, 22] to enhance constraining power through multi-probe analysis. Additionally, we
plan to develop a gravitational physics embedding disentangled from zbaryons to detect gravitational
anomalies while maintaining robustness to baryonic uncertainties—a capability particularly valuable
for constraining alternative dark matter models by isolating gravitational signatures from confounding
baryonic feedback effects. Our framework demonstrates that flow-matching can effectively separate
cosmological signals from simulation-specific systematics, providing a pathway toward unbiased
inference in the era of precision cosmology.
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