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The Dark Matter Inference Problem
FIREbox 3833 

MNRAS 522, 3831–3860 (2023) 
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Figure 1. Visualization of the matter distribution in FIREbox. (Top row) 3D rendering of the DM (blue) and stars (white) in the simulation volume at z = 4, 
z = 2, and z = 0 (from left to right). DM forms a cosmic web of filamentary structures, o v erdensities, and v oids, which ev olves with redshift. Stars form at the 
centres of collapsed DM haloes. (Middle row) Visualization of the gas distribution that mirrors the cosmic network of DM. (Bottom row) Column density maps 
of the gas projected along the ∼22.1 cMpc depth of the box at z = 1. Starting from a view of the gas distribution on cosmological scales, the panels zoom into 
the ISM of one of many simulated galaxies, illustrating the high dynamic range of FIREbox. 
exploring rare galaxy populations, such as low-mass, DM-deficient 
galaxies (Moreno et al. 2022 ) or starburst galaxies (Cenci et al. in 
preparation) and to quantifying the properties of the circumgalactic 
and intergalactic medium. Furthermore, it can be used as a training set 
for machine learning-based emulators, e.g. to predict the distribution 
of atomic hydrogen on large scales (Bernardini et al. 2022 ). 

We highlight the high dynamic range of the simulation in the 
bottom row of Fig. 1 . FIREbox can model both structures on 
cosmological scales as well as hydrodynamical processes within the 
dense ISM. Fig. 1 also visualizes the distribution of the various matter 
components in FIREbox. The top row shows the distribution of DM 
and star particles in the simulation volume at different redshifts, 
highlighting the formation and subsequent growth of large-scale 
structure. This cosmic web consists of o v erdense clusters of DM 
as well as filaments, sheets, and voids arranged in a complex pattern 
(e.g. Peebles 1980 ; Klypin & Shandarin 1983 ; Davis et al. 1985 ). 
Much of the DM in the cosmic web gravitationally collapses into 

virialized DM haloes, which then attract gas from their cosmic 
environments (middle row). Subsequently, stars and galaxies form at 
the halo centres (White & Rees 1978 ). 

A particular feature of the physics-based approach that we follow 
in this paper is that we intentionally exclude feedback from active 
galactic nuclei (AGNs) given the large uncertainties involved in 
its physical modelling. The FIREbox simulation should thus be 
understood as providing baseline predictions in the absence of 
AGN feedback. A comparison between simulation predictions and 
observations can then be used to make inferences about the role 
of this feedback channel in galaxy theory. For instance, the low 
fraction of massive, quiescent galaxies in FIREbox, compared with 
observations, supports the notion that AGN feedback plays indeed a 
critical role in galaxy quenching (Springel, Di Matteo & Hernquist 
2005 ; Croton et al. 2006 ; Hopkins et al. 2006 ; Cattaneo et al. 2009 ). 
In contrast, star-forming galaxies in FIREbox follow many of their 
observed global scaling relations, indicating that AGN feedback does 
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FIREbox (RF et al. 2023, arXiv:2205.15325)

• Growth of structure in the Universe mainly 
driven by dark matter (DM) 

• DM is fundamental but invisible

How well can we infer the distribution of dark matter from baryonic tracers (especially from HI)?

• Can learn about DM from baryonic 
tracers: Galaxies, stars, cosmic gas 

• Challenge: Tracers are biased and 
subject to complex physical processes

http://arxiv.org/abs/2205.15325
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Why atomic hydrogen is special

Atomic hydrogen (HI)

• traces gas in various environments: in/around galaxies but also in/between halos 

• 21 cm line encodes redshift and dynamical information (radial velocity) 

• observational target of SKA and other radio surveys (intensity mapping, resolved galaxies)

➜ Accurate mapping requires spatially aware modeling

Link between HI – DM is non-linear and environment-dependent

• E.g., reduced HI – DM cross-correlation 

• Baryonic Processes: Gas cooling, feedback, ram-pressure stripping, etc 

• Challenges increase with decreasing spatial scale

1204 M. Bernardini et al. 
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Figure 1. Overview figure showcasing simulated and emulated baryon fields at z = 1 . 8. Each pair of panels shows the simulated and emulated fields from 
the FB30 simulation and the EMBER-2 model, respectively using the same colour scale. The direct comparison showcases the ability of the model to produce 
realistic predictions on the field level for the gas and H I surface densities, radial gas velocities, and temperatures. A video version across cosmic time of the 
abo v e comparison can be found at the official EMBER-2 website . 

Figure 2. Cross-correlation coefficients r( k) between simulated dark matter 
and total gas density in the FB30 simulation. r( k) measures how decoupled 
the fields are at different scales and redshifts (bottom left corners). With 
decreasing redshift the decoupling scale shifts from ∼1 cMpc h −1 at z = 6 
to ∼5 cMpc h −1 at z = 0. 
indicates how correlated two fields are. It is defined through the 
power spectra of dark matter ( P d ) and gas ( P g ) density and their 
corresponding cross-power spectrum P ×d,g , i.e. 
r( k) = P ×d,g √ 

P d P g . (3) 
If r( k) = 1 then the two fields are perfectly correlated at scale k. In 
Fig. 2 , we show r( k) for different redshifts in the FB30 simulation. 
With decreasing redshift the scale of decoupling shifts to smaller k, 
due to feedback from galaxies that impact the matter distribution at 
Mpc scales. This behaviour indicates that the information about the 
spatial distribution of gas that is stored in the dark matter, decreases 
with redshift. Thus, we expect that learning the mapping f at higher 
redshifts to be substantially easier compared to later times. 

To further simplify the problem, we define f such that it can be 
written with two functions g and w that split the dependency of the 
input variables, i.e. 
f ( x, z) = g( x) · w( z) , (4) 
where in practice, both g and w are represented by NNs. The idea 
behind this representation is that x can be understood as a local 
variable whereas z describes the global context independent of x as 
it is shared throughout all samples x at fixed redshift. Hence, at a 
fixed z, the mapping f can only depend on the local dark matter field 
x, since the global context is factored out. 

In order to build a memory efficient emulator learning across 
redshifts, we follow the Modulated Con volution (ModCon v) ap- 
proach first introduced by Karras, Laine & Aila ( 2018 ). We factorize 
the convolution kernels of the NNs rendering them adaptive to the 
global context information. Similar approaches have been used by 
Horowitz et al. ( 2022 ), Jamieson et al. ( 2023 ), and Zhang et al. 
( 2024 ). ModConvs modulate each base convolution kernel with 
an external style vector w, which is learned from a set of input 
variables, in our case the redshift input z , i.e. w = w( z ). This change 
in architecture extends the power of a single convolution kernel, as it 
can be modulated to operate on a variety of different redshifts. In the 
following, we will describe the individual architecture components 
of EMBER-2 representing the function f . 

3.2 Network ar chitectur e 
3.2.1 Generative adversarial networks 
Building upon the NN model introduced in Bernardini et al. ( 2022 ), 
we use conditional GANs (cGANs) as our model framework. Here, 
we primarily discuss the impro v ed building blocks and refer the 
interested reader to Bernardini et al. ( 2022 ) for a more detailed 
discussion of GANs. Briefly, cGANs are comprised of two sub- 
networks called the generator G and discriminator D that compete 
in an adversarial game. While G is trained to generate samples close 
to the true data distribution, D is trained to distinguish between real 
and f ak e samples, corresponding to a min–max algorithm where both 
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Cross-correlation between DM and total gas density 
at z=0-6 (Bernardini, RF, et al. 2025)
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HI observations and their modeling

• Halo-based models: HI – halo mass relations (+ HI radial profiles) 

• Hydrodynamical & semi-analytic models: principled but expensive, model-degeneracy 

• Perturbative approaches: bias-expansion, valid on large & mildly non-linear scales 

• Machine Learning methods

• Low-dimensional summary statistics of the HI – DM connection 

• Information of spatial & kinematic structure reduced or lost

Limitations of traditional approaches

Standard approach is to forward-model from the underlying DM to HI

➜ Modeling on the field level

• Minimize information loss: use all spatial and kinematic information simultaneously 

• Deep Learning well suited
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EMBER 

EMulating Baryonic EnRichment Network (Bernardini, RF, et al. 2022) 

• Deep learning framework to sample “realistic” baryon maps for given DM maps (2d) p(Σgas |ΣDM)

• Trained on cosmological hydrodynamical simulations from the FIRE project (FIREbox, MassiveFIRE)

Bernardini, RF, et al. 2022, arXiv:2110.11970

DM Gas

• Fully Convolutional Neural Network (CNN) + conditional Generative Adversarial Network (cGAN)

• Generator with U-Net (encoder/decoder) architecture, Wasserstein metric as adversarial loss

https://arxiv.org/abs/2110.11970
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HI CDDF

 PowerspectrumΣHI
 BispectrumΣHI

Sim
EMBER dmo
EMBER dmh

• Predicts CDDF, PS, and Bispectrum to within 
10-20% down to galactic scales!

• Reproduces (projected) HI masses in halos 
and its scatter!

EMBERSim

How well does it work?

• Trained at one specific redshift (z=2)!
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EMBER-2 
Designed to mitigate some of the short-comings of EMBER v1

136 7 EMBER-2 multi-field: extending to multiple baryon fields

Figure 7.1: Overview figure showcasing the target fields for the multi-field approach (the data shown is extracted from the FIREbox
simulation at ! = 1.76). Each pair of panels shows the simulated and emulated fields from the FIREbox simulation and the EMBER-2
model respectively. A video version of the above comparison can be found at the official EMBER-2 website.

7.1 Introduction

In section 3.3.2 we reviewed key aspects of how different baryon channels
are used in observations to improve our knowledge about galaxies and
cosmic gas. Observational efforts, such as the upcoming SKA, use e.g. the
distribution of the cold gas phase in the radio regime to decipher the for-
mation mechanisms of galaxies. These mechanisms include environmental
effects inferred from kinematic studies as well fundamental astrophysics
such as the feedback from AGNs. Building emulators that can quickly
produce mock maps of many baryon channels, such as e.g. radial velocity
or HI density fields, will play an important role for connecting observations
with theoretical predictions from simulations.

In previous chapters, we argued that DL, with its remarkable capacity to
learn intricate patterns from large datasets, can provide a bridge between
raw data and the hidden relations governing galaxy formation. In this
chapter, we expand our DL methodology to learn more complex corre-
lations between the dark matter and the baryon sector. Concretely, we
create a model that encapsulates many aspects of cosmic and galactic
dynamics by learning the relation between the (projected) dark matter
phase space and multiple baryon channels including different gas phases,
the temperature field and kinematics through the velocity field. These
fields all play a vital role in observations, such as the SKA, which is the
main motivation for this approach. A model that is capable of learning how
the concentration of dark matter influences the density of neutral hydrogen
and how gas temperature responds to local gravitational perturbations is
much harder to train, since individual synthesized baryon channels must
be synchronized.

Sim EMBER-2 Sim EMBER-2 Sim EMBER-2 Sim EMBER-2

Bernardini, RF, et al. 2025,  
arXiv:2502.15875 

• Multi-redshift predictions: Combines data from continuous range of redshifts (e.g., z=0-6) 
• Leaner architecture ➜ easier to train, faster predictions 
• Multi-field predictions: allows both multiple input and output fields ➜ consistent predicted T – density fields

(ΣDM, vlos
DM) → (Σgas, vlos

gas, Tgas, ΣHI)

https://arxiv.org/abs/2502.15875
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EMBER-2 Results 
Bernardini, RF, et al. 2025,  
arXiv:2502.15875 

Emulating baryons across cosmic time 1215 

MNRAS 538, 1201–1215 (2025) 

Figure A1. Cross-correlation errors ! r across scales and redshifts (indicated 
in the upper left corners) between the emulated fields from EMBER-2 and 
simulated fields. Shown are three cross-correlations between the input dark 
matter field and the output gas and H I surface densities, as well as the cross- 
correlation between the gas and H I surface density fields in green. The solid 
and dashed curves indicate whether the FB30 or FB15 input was used in 
the emulation. For the FB30 case, the shaded area and solid lines represent 
the median and 16th to 84th percentile at each k-scale, while the grey band 
indicates the 10 per cent error. For better visibility, we do not show additional 
percentiles for the FB15 case. 

Figure A2. Cross-correlation errors ! r across scales and redshifts (indicated 
in the upper left corners) between the emulated fields from EMBER-2 and 
simulated fields. Shown are the cross-correlation errors for the kinetic and 
thermal surface energy densities ε g and τg . The solid and dashed curves 
indicate whether the FB30 or FB15 input was used in the emulation. The 
shaded area and solid lines represent the median and 16th to 84th percentile 
at each k-scale, while the grey band indicates the 10 per cent error. For better 
visibility, we do not show additional percentiles for the dmo case. 

APPENDI X  B:  I MPLEMENTATION  DETAILS  
We use pytorch 7 for the implementation and training of the NNs. 
We use a fixed batch size of 4 and the Adam optimizer (Kingma & Ba 
2017 ) with β1 = 0 . 5, β2 = 0 . 9, and learning rate of 10 −4 . The loss 
functions we used for the generator and discriminator are the ones 
presented in equations ( 6 ) and ( 7 ), with no additional regularization 
techniques. Similar to StyleGAN2 (Karras et al. 2018 ), we adopt 
the Exponential-Moving Average (EMA) method to ensure model 
convergence. In EMA, the model parameters are updated using a 
weighted average of the current parameters and the previous EMA 
parameters. This helps stabilize the training process by smoothing 
out the fluctuations that can occur during optimization. The EMA 
update rule can be expressed mathematically as: 
θEMA ← α · θEMA + (1 − α) · θcurrent , (B1) 
where θEMA denotes the parameters of the EMA model, θcurrent 
represents the current model parameters, and α is a decay factor fixed 
to 0.995. Using EMA allows us to retain a model that has averaged 
o v er sev eral training iterations, which is used as the fiducial model in 
this paper. We train for 5 × 10 6 iterations, i.e. at the end of training 
a single network has processed 20 × 10 6 samples. The training was 
performed on a single Tesla V-100 GPU card and took exactly one 
week per model, due to wallclock time limitations related to the local 
compute facilities. 

7 https://pytorch.org 
This paper has been typeset from a T E X/L A T E X file prepared by the author. 

© 2025 The Author(s). 
Published by Oxford University Press on behalf of Royal Astronomical Society. This is an Open Access article distributed under the terms of the Creative Commons Attribution License 
( https://cr eativecommons.or g/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited. 
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testing on 22 Mpc box
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Figure 9. Comparison of the density–temperature diagram for total gas 
surface density in FB30 (solid contours) and emulated (shaded contours) 
counterparts by EMBER-2 . The different redshifts are indicated in the top 
right corner of each panel. For the simulation the figure represents the median 
histogram of all slices in the FB30 volume. For the emulation, we show the 
median of all slices of the 128 test boxes. 
higher densities by ∼0.5 dex. Similarly, at z = 0, q H I is systemat- 
ically underpredicted by ∼0.5 dex for ! g " 10 7 h −1 M $ ckpc −2 . 
Ho we ver, we emphasize that by taking into consideration the gas 
pdf shown in Fig. 6 , this behaviour of the model only affects an 
order of ∼100 pixels. These pixels represent halo centers with large 
reservoirs of H I , which are especially interesting in the context of 
galaxy formation and their accuracy should be weighted more in the 
emulation process. Future refinements of the model will be geared 
towards reproducing the H I fractions in these extreme cases with 
higher accuracy. Similarly to the results presented in Fig. 6 , the 
networks predictions are nearly insensitive to whether the dmh or 
dmo inputs were used in the emulation, since the median relation 
for the dmo emulation falls inside the percentiles region of the dmh 
emulation for all redshifts. Hence, the robustness of EMBER-2 with 
respect to dmo or dmh inputs is valid even for the emulated H I 
channel. 

Density–temperature diagrams: The mass conservation and H I 
fraction analysis revealed that the model o v erall reproduces realistic 
H I distributions. In addition, we can add the temperature information 
to test how well different gas-temperature phases are emulated across 
the redshift range. Fig. 9 shows the phase diagrams of simulated and 
emulated total gas surface density as a function of temperature where 
the colors indicate the discrete height of the histograms for better 
comparison. 

Generally, the model predictions are in very good agreement 
with the simulation across the entire redshift range. An example 
of that is the excellent reproduction of the sharp cut-offs at lower 
temperatures of T ! 10 4 K, i.e. there is only little contamination in 
the emulated fields and the lower thresholds is sharply reproduced 
across redshifts and temperatures for all gas densities ranging from 
the diffuse IGM to the denser and colder halo gas ( T ! 10 4 K and 
! gas " 10 6 h −1 M $ ckpc −2 ). We emphasize that due to projection 
effects in the maps, hot outflows can o v erlap with halo centres, 
i.e. some pixels show large total gas surface densities with high 
temperatures. 

A minor discrepancy between simulation and emulation is 
the region of the hot medium (HM) with T > 10 7 K and the 
cooler but denser warm CGM (WCGM) with densities ! g " 

10 6 h −1 M $ ckpc −2 . In these parts of the phase–space diagram the 
model predicts that parts of the distribution reach high temperatures 
" 10 7 K. We have investigated the origin of these gas cells, and 
found that they correspond to gas cells in extreme outflows in and 
around gaseous haloes where gas is compressed and heated. In rare 
occasions the model o v erestimates the abundance of these dense, high 
temperature gas pixels in the HM. Furthermore, the contamination in 
this regime is primarily a temperature related issue, i.e. the predicted 
density is correct but the temperature is too high resulting in cells 
that are shifted to the top in the distribution. We emphasize ho we ver 
that on the field level this is a small effect, since the fraction of these 
pixels is less than 1 per cent of the entire distribution. 

Cr oss-corr elations: a robust spectral metric for the presented 
machine learning application is a fundamental tool to measure the 
capabilities of the NN. Similar works (e.g. Tr ̈oster et al. 2019 ; 
Wadekar et al. 2021 ) that train emulators on the field level adopt the 
spatial density power spectrum as a fundamental metric to analyse 
higher-order moments of predicted and true fields. Due to the small 
boxsize of the simulations in our training set, it turns out that, for 
example the power spectrum is not a good metric, since for small 
cosmological volumes it is disproportionally sensitive to individual 
high density pixels in the simulation. van Daalen, McCarthy & 
Schaye ( 2019 ) found that massive haloes significantly contribute 
to the power spectrum on scales k ≥ 10 h cMpc −1 . This was also 
observed by Chisari et al. ( 2018 ) by comparing power spectra from 
sub-volumes drawn from a 100 cMpc h −1 simulation. The same effect 
is also present in smaller cosmological volumes of 25 cMpc h −1 
boxes (Nicola et al. 2022 ; Delgado et al. 2023 ; Gebhardt et al. 
2024 ). Depending on whether a massive object is present in a given 
sub-volume or not, the power spectrum varies significantly between 
samples. Ho we ver, it is a priori not clear whether other quantities 
like the spatial cross-power spectrum (here between dark matter and 
total gas and H I densities) and the cross-correlation coefficient are 
equally affected. To clarify this aspect, we design the following test 
to quantify how suitable the power spectrum P , the cross-power 
spectrum P × and the cross-correlation coefficient r are as spectral 
metrics for our approach. 

We take the two-dimensional slices from the FB30 simulation and 
identify the five (out of 1024 2 ) largest gas mass pixels (hereafter 
denoted as ‘modified’ pixels). The total gas mass of the modified 
pixels is then manually changed via 
m g → m g × 0 . 9 , (17) 
i.e. we remo v e 10 per cent of the pixels gas mass. Since the hot pixels 
are representing galaxies located at the centres of haloes, 10 per cent 
deviation in mass lies within the intrinsic scatter of the halo–mass to 
gas–mass relation, see e.g. Bernardini et al. ( 2022 ) for the FIREbox 
simulation or Stiskalek et al. ( 2022 ) for the IllustrisTNG simulation. 
This is why we chose a value of 10 per cent for this test. We then 
compute P , P ×, and r for the simulated as well as for the modified 
slices and measure the fractional percentage error 
" s = median ( s mod 

s sim − 1 ) , (18) 
where s = P , P ×, r . The result is shown for z = 0 in Fig. 10 . The 
po wer and cross-po wer spectra are heavily af fected with de viations 
reaching up to 10 per cent and 4 per cent, respectiv ely. Moreo v er, 
modifying the maps is not just affecting the smallest pixel scale, 
but changes the spectra down to scales of several hundred ckpc 
h −1 reaching the physical scale of the largest halo in the FB30 
simulation. Power and cross-power spectra might be suitable metrics 
for larger simulation boxes or other field-level applications, but 
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• Recovers well correlations between different baryonic fields, e.g. density and temperature

• Prediction performance for CDDF and PS on par with or better than EMBER-1 

• Useful metric: Cross-correlation coefficient between  and :ΣHI Σdm r(k) =
P×

dm,HI

PdmPHI

https://arxiv.org/abs/2502.15875


R. Feldmann, University of Zurich, SKACH Winter Meeting 2026, Jan 26 9

DM HI

The inverted problem: Predicting DM field from HI

Method:

• EMBER-2 w/ , multi-z (z=0-6)(ΣHI, vlos
HI ) → (ΣDM, vlos

DM)

Training
• 44 cMpc volume divided into 20 slabs (10242 pixels) 
• each slab split randomly into 1282 pixel tiles, augmented 
• field data scaled with modified logarithmic functions 
• same hyper-parameters and training strategy as default 

EMBER-2

• tiles from 22 cMpc volume (all axes) and/or unused 
projections from 44 cMpc (for 3-fold CV)

Testing:

• 22 + 44 cMpc cosmological hydrodynamic simulations 
• mb ~ 5 x 105 M☉, mDM ~ 2.7 x 106 M☉ 
• Planck-15 cosmological parameters 
• FIRE-2 baryonic physics

Simulations:
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Reconstructing DM from HI: Visual impression

• Good reconstruction of DM field both for larger scales (~10 Mpc) and on scales of individual halos (< 1 Mpc)
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Reconstructing DM from HI: Properties of structures

• Structures are defined as peaks in HI field above some threshold HI column NHI
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Dark matter to HI mass ratio

• Each such structure has: 
• an associate HI and DM mass: projected mass within fixed aperture radius of 150 ckpc 

• a peak HI column NHI

Structure mass function = 
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Bernardini, RF, et al. submitted, 
arXiv:2507.05339
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Reconstructing DM from HI: Cross-correlation

• Between surface density ( ) 
• Between kinetic surface energy density 

( , where ) 

• As before, calculate the difference  of 
cross-correlation coefficient between 
simulation and reconstruction

ΣHI & Σdm

πHI & πdm π = v2Σ/2
Δr

Cross-correlation coefficient
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DM — HI correlation reconstructed to better 
than 20% over z=0-6 and k up to ~100 h/Mpc.

Good reconstruction deep into the highly 
non-linear regime!
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Strengths & Limitations

Limitations 
• Trained on a single galaxy-formation model (baryonic physics not yet marginalized) 
•Proof-of-concept study: assumes idealized HI maps (no noise, beam, or limited coverage)

Strengths of the approach 
• Field-level inference 
• Fast inference 
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Summary

EMBER-2 source code:   
https://maurbe.github.io/ember-2

• Large HI surveys will provide field-level information that encodes the underlying 
dark matter distribution

• EMBER-2 is a deep-learning (CNN-GAN) based approach that enables direct field-level 
inference of dark matter from HI (and vice versa) 

• Structure based measures (e.g., structure mass functions) are reconstructed extremely 
well over z=0-6 

• HI — DM cross-correlations of surface density and surface energy density recovered to 
~20% accuracy out to k ~ 100 h/cMpc 

• Proof-of-concept: to be adapted and integrated into future HI analysis pipelines

Thank you!
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