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Abstract

Strong gravitational lensing provides a powerful
tool to directly infer the dark matter (DM) subhalo
mass function (SHMF) in lens galaxies. However,
comparing observationally inferred SHMFs to the-
oretical predictions remains challenging, as the
predicted SHMF can vary significantly between
galaxies — even within the same cosmological
model — due to differences in the properties and
environment of individual galaxies. We present a
machine learning framework to infer the galaxy-
specific SHMF from galaxy images, conditioned
on the assumed inverse warm DM particle mass
Mgl\l/[. To train the model, we use 1024 high-
resolution hydrodynamical zoom-in simulations
from the DREAMS suite. Mock observations are
generated using Synthesizer, excluding gas
particle contributions, and SHMFs are computed
with the Rockstar halo finder. Our neural net-
work takes as input both the galaxy images and the
inverse DM mass. This method enables scalable,
image-based predictions for the theoretical DM
SHMFs of individual galaxies, facilitating a direct
comparisons with observational measurements.

1. Introduction

One of the most striking open questions in modern astro-
physics is the nature of dark matter (DM), which constitutes
approximately 80% of the universe’s matter content (e.g.,
Hinshaw et al., 2013; Planck Collaboration et al., 2020).
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While its presence is inferred from gravitational phenomena
across a wide range of cosmic scales, from galaxy clusters
to large-scale structure, DM has yet to be detected through
any non-gravitational interactions, and its fundamental prop-
erties remain unknown.

Different models predict distinct clustering behaviors for
DM, especially on small, sub-galactic scales. On these
scales, the distribution of dark matter — quantified by the
subhalo mass function (SHMF) — is highly sensitive to its
particle nature, making it a powerful discriminator between
DM models (e.g., Ferreira, 2021). In warm DM (WDM)
scenarios, for example, smaller particle masses correspond
to higher thermal velocities, which suppress the formation of
low-mass halos below the free-streaming scale (e.g., Colin
et al., 2000; Gilman et al., 2020; Loudas et al., 2022).

Strong gravitational lensing offers a unique way to probe
the distribution of matter on these small scales. Unlike
methods that rely on luminous tracers, lensing is sensitive
to all matter — luminous or dark — making it a powerful
observational tool to constrain the SHMF. Traditional analy-
ses infer the presence of individual subhalos by evaluating
whether introducing localized perturbers to a smooth lens
model leads to a statistically significant improvement in the
fit to the observed lensed images (e.g., Vegetti et al., 2010;
Hezaveh et al., 2016b). More recently, simulation-based
studies have demonstrated that machine learning approaches
could enable population-level inference of the SHMF by
combining data across ensembles of lensing systems (e.g.,
Brehmer et al., 2020; 2019; Coogan et al., 2022; Zhang
et al., 2022; Wagner-Carena et al., 2023; 2024; Zhang et al.,
2024; Filipp et al., 2024).

However, connecting these observational constraints to theo-
retical predictions remains challenging. Even within a fixed
cosmology, the SHMF depends on properties of individual
galaxies, including, for example, total mass, morphology,
merger history, and local environment (e.g., Hezaveh et al.,
2016a), leading to significant system-to-system variation.

In this work, we introduce a machine learning framework
to predict theoretical SHMFs directly from galaxy images,
conditioned on an assumed WDM mass. This framework is
used to place constraints on the possibilities of theoretically
predicted SHMFs and aims to constrain theoretical predic-
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tions specific to galaxies that have observational constraints
on the SHMF from strong gravitational lensing. This is not
a stand-alone method, but needs constrains through other
methods, since we predict the galaxy-specific SHMF given
a specific WDM model. To make these predictions, we use
the DREAMS simulation suite (Rose et al., 2025), as well
as Synthesizer (Vijayan et al., 2020) to create realis-
tic galaxy images. Our method accounts for inter-galaxy
variability and enables scalable, image-based inference of
theoretical predictions. This approach provides a new path-
way to compare dark matter models with forthcoming lens-
ing observations, enabling more precise, per-galaxy tests of
DM’s small-scale gravitational effects.

The paper is structured as follows: In Section 2, we describe
the hydrodynamical simulation suite used in this work. Sec-
tion 3 begins with an overview of how we created the galaxy
images from the hydrodynamical simulations, then provides
the assumed SHMF profile and the correlation with different
DM models, as well as the neural network architecture used
to make predictions. Section 4 presents our results, and we
conclude in Section 5.

2. DREAMS Simulations

The DREAMS simulation suite contains, among other prod-
ucts, a set of high-resolution cosmological zoom-in hydro-
dynamic simulations designed to explore galaxy formation
under varying DM and baryonic physics. Each zoom-in
simulation is run using the AREPO code (Springel, 2010;
Springel et al., 2019; Weinberger et al., 2020), enabling ac-
curate modeling of complex baryonic processes such as gas
cooling, star formation, and feedback. The initial conditions
for each zoom-in are constructed by selecting a random,
isolated Milky Way—mass halo from a low-resolution vol-
ume, then iteratively refining its Lagrangian region using
intermediate- and high-resolution particle resampling to de-
fine the zoom-in domain (see Rose et al., 2025).

These zoom-in simulations are performed across a range
of different WDM models in the range Mpy €
[1.8,30.3] keV, sampled uniformly in the inverse Mp,);.
Further, the supernova (SN) wind, SN energy, and active
galactic nuclei (AGN) parameters vary between each zoom-
in simulation (Rose et al., 2025). The simulations are mod-
eled using the IllustrisTNG baryonic physics prescriptions.

By varying both the DM physics and feedback parame-
ters, the DREAMS simulations allow us to marginalize over
baryonic uncertainties and learn a mapping from observ-
able galaxy properties and WDM masses to the underlying
SHMF. This marginalization ensures that our model gener-
alizes across different astrophysical scenarios.

The DM sub-halos in the WDM zoom-in simulations are
identified using the Rockstar halo finder (Behroozi et al.,
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Figure 1. A flowchart showing the training procedure, label
generation, and inference.
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2013). At the time of submitting this work, Rock star halo
catalogs were made available for 815 of the 1024 DREAMS
zoom-in simulations. These constitute the labeled dataset
used for supervised training of the SHMF inference model.

3. Methods

3.1. Image Generation with Synthesizer

Creating realistic galaxy images from hydrodynamic simula-
tions typically requires computationally expensive radiative
transfer simulations. As an efficient alternative, we use
Synthesizer (Wilkins et al., 2020; Vijayan et al., 2020)
to generate realistic observational mock images from simu-
lated galaxies.

For each of the 815 zoom-in galaxies with available
Rockstar-catalog, we generate 12 different projections
by varying the line-of-sight orientation of the particles.
Synthesizer produces galaxy images by generating spa-
tially resolved spectral energy distributions (SEDs) and ap-
plying instrument-specific wavelength filters from the Span-
ish Virtual Observatory (SVO) filter service' (Rodrigo et al.,
2012; Rodrigo & Solano, 2020; Rodrigo et al., 2024).

A detailed description of the image creation process can be
found in Appendix A. Examples of the generated galaxy
images are shown in Figure 2, alongside their corresponding
galaxy-specific SHMFs.

'https://svo2.cab.inta-csic.es/theory/
fps/
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3.2. Dark Matter Subhalo Mass Function

We assume the functional form of the DM SHMFs to be
a power-law with a slope of —0.9, as an approximation to
theoretical predictions of cold DM (CDM) (e.g., Kuhlen
et al., 2007; Diemand et al., 2007; Springel et al., 2008;
Hiroshima et al., 2018). To model the subhalo mass function
of WDM, we add to the power-law form of CDM a low-mass
cutoff (e.g., Gilman et al., 2020):

dN dN Meywdm \\ 13
— |wdm = 5=—|cpw™m - (1 + (7))
dm dm m

= A-m99. (1+ (m‘::m)>f1.3

ey

where my,qm 18 the cutoff mass, a characteristic of WDM
scenarios, and the parameter A is the normalization.

We fit the parameterized WDM SHMF form to the data of
the simulated galaxies, with the subhalos of the individual
galaxies identified by Rockstar. We bin the identified
subhalos in 15 mass bins, linearly spaced in logarithmic 10
base from log,,(M/Mg) = 7.75 to 11. The uncertainties
in the observed subhalo counts n; are dominated by Poisson
noise, see Appendix B. To fit the parameters of 1, we use
the likelihood defined in eqn (9) in Appendix B:

-

g

where the index 4 runs over the mass bins, n;(6) is the model

prediction of eqn (1), given the parameters 8 = (A, Mydm)-

We use the emcee package (Foreman-Mackey et al., 2013)
to perform Markov Chain Monte Carlo (MCMC) sampling
over this likelihood. This yields posterior samples for the
amplitude A and the WDM cutoff mass m.q,,. We then
use the samples (A, mydm) Obtained in this way to train
a normalizing flow (NF), which allows us to account for
correlations between A and myqm. We have access to the
MCMC samples, because we know the underlying truth
from the DREAMS simulations; performing the MCMC fits
from observational data is not possible.

For each zoom-in galaxy, we use 100 posterior samples
from the fitted distribution of (A, mqm) as training labels
for the NF. This ensures that the NF learns the continuous
distribution of plausible parameters for A and m.,q.,, rather
than a single point estimate. As the flowchart of in Figure 1
illustrates, the MCMC samples are only used during training
to help the NF learn the continuous distributions of A and

Mwdm conditioned on the galaxy morphologies and Mpy;.

The framework is not aimed to be used on survey wide
data, but to compare observational determined SHMFs from
strong lenses with theoretical predictions of the SHMF of
the lens galaxy.

3.3. Network Architecture and Training

Our architecture consists of two main components: a convo-
lutional neural network (CNN) to process the image of the
galaxy and a conditional NF.

Within the same cosmological model the predicted SHMF
depends on the properties of each individual galaxy. Our
architecture infers the relation between the observable prop-
erties of the galaxies and their SHMF, given the WDM mass.
Figure 1 shows a flowchart of the training and inference
scheme we used. We first pre-train a ResNet-18 with a two
layer multi-layer perceptron (MLP) to predict the number of
subhalos in the galaxy images, with the inverse WDM mass
Mp3; concatenated to the first of the two MLP layers, using
a mean squared error (MSE) loss. Our pretraining ensures a
meaningful embedding space for the images, before using
the output of the pretrained CNN as a condition for the NF.

The embedded image and the inverse of the WDM mass
Mg, are used as condition for a neural spline flow (NSF)
to predict the parameters A and mwpy. We use the zuko
library to implement the NSF (Rozet et al., 2022). We use
730 of the zoom-in galaxies as training data and keep 85 as
validation data, for both - the pretraining of the CNN and
the training of the NSF - the same sets.

To train the full model all the weights of the ResNet are
allowed to update, enabling end-to-end optimization of the
feature extractor and density estimator. This allows us to
efficiently model the posterior over the SHMF fit parameters
conditioned on both the image and the WDM mass.

4. Results

Figure 2 shows galaxy-specific SHMFs with the correspond-
ing galaxy image. We compare the NF conditioned on
the galaxy images and Mpyr, and a NF conditioned only
on Mpy;. This gives an estimate how including the mor-
phological information of the galaxy improves the SHMF
prediction in comparison pure theoretical predictions. The
network is used for galaxy-specific predictions of the SHMF
under the assumption of different WDM masses, therefore
we only show galaxy specific results. For each shown galaxy
we only have access to the SHMF under one specific WDM
temperature, therefore we cannot probe the same galaxy
under different WDM temperatures against the ground truth.
We achieve an improvement in constraints on the SHMF by
including information about the galaxy morphology. The
displayed galaxies come from three different WDM mass
regions. The examples on the left come from higher WDM
masses, the one in the middle from medium masses, and
the right side from low WDM masses. The black dots are
the subhalo counts from the DREAMS simulations with
Poisson uncertainties. The red and blue solid lines shows
the 50th percentile fit of the NF samples conditioned on the
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Figure 2. The galaxy specific halo mass functions under different cosmologies. The figure shows the galaxy specific halo mass
functions for different WDM masses, with the corresponding galaxy image in the plot. The displayed galaxies come from three different
WDM mass regions. The black dots are the counts of subhalos from the DREAMS simulation with Poisson uncertainties. The blue
contours show the samples of the NF conditioned only on Mpw, and the red contours the samples of the NF conditioned on both - Mpwm

and the galaxy image. The NF conditioned only on Mpn shows a broader posterior range and bigger uncertainties on the fit.

Table 1. PQMass-x> and RSME values. The table shows the
mean x? values obtained with PQMass, as well as the median
RSME, for the NF conditioned on images and Mpw, and a NF
conditioned only on Mpw for the entire validation set. The com-
parison is made between the MCMC samples and the different NF
samples for A and Mwdm-

NF with image | NF without image
PQM 2 343.7£92.5 385.8 £121.7
Median RMSE 0.26 £ 0.20 0.55+0.17

image and the samples of the NF only conditioned on Mpy
respectively. The shaded regions show the 1o and 20 fits of
the SHMF from eqn 1 using the sampled parameters. The
displayed contours show the 1o, 20, and 30 contours of
the parameter samples (A, myqm ). The titles indicate the
WDM mass range, which is passed along with the image to
the neural network. For each range of Mpy; we show two
examples in the same column. The NF conditioned only on
Mnpy shows broader posteriors and bigger uncertainties on
the parameters of the SHMF. Including the image informa-
tion allows tighter constraints on both parameters, A and
Mwdm, and highlights their correlations, resulting in tighter
constraints of the SHMF. This supports the conclusion that
incorporating galaxy images enables more precise predic-
tions of the SHMF fit parameters than using the WDM mass
Mpy alone.

Further, we test the NF conditioned on the galaxy images
and Mpy; against the NF only conditioned on Mpy; qual-

itatively, to show that the inclusion of the galaxy images
leads to a better performance of the NF. In Table 1 we re-
port the mean and standard deviation of the PQMass-y>
values (Lemos et al., 2024) for the entire validation set for
the NF conditioned on images and Mpy, and the NF only
conditioned on Mpy;. We also report the median root mean
squared error (RMSE) and its standard deviation of the en-
tire validation set for both network cases. For that we use for
each condition the MCMC samples of the SHMF fit as target
distribution and compare those against the NF samples of
A and my,qm. The closer the distributions are, the lower is
the PQMass-x2 value. We do not expect the NF samples to
fit the MCMC fits perfectly, because each individual galaxy
samples a distribution of possible SHMF for a given WDM
model, making the inference under-specified without addi-
tional information. Providing additionally galaxy images
leads to a more informative inference of the possible SHMF,
since they provide more constraining information. The
lower RMSE value for the normalizing flow with access to
the morphological information shows that the performance
of the architecture improves and has tighter constraints on
the SHMF. Additionally, we compare the MCMC fits of the
SHMFs and the NF samples of the NF with image condi-
tioning in Figure 3 in Appendix C. We do not compare the
NF samples here with the MCMC samples, because the goal
is to show that the NF with access to the image data does
outperform the pure theoretical NF predictions based on the
WDM only without image access.
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The current sample size of the simulation is too small to
have a separate test set, therefore we show the performance
for the validation set. The provided examples show that the
network is able to learn the galaxy specific fit parameters
within the predicted uncertainties.

5. Discussion

Future iterations of this work will focus on increasing the
realism of the input images and expanding the training
dataset. The current images do not include the effects of
dust attenuation, assume only Gaussian noise, and use a
simplified Gaussian point spread function (PSF). Addition-
ally, the images are expressed in flux units (erg,s~!, Hz~!)
rather than in instrument-specific units. We plan to con-
vert them to the native units of the Hubble Space Tele-
scope (HST), i.e.,e™, s~! and to incorporate non-Gaussian,
instrument-specific noise using SLIC (Legin et al., 2023),
along with more realistic PSF models. These improvements
will be accompanied by the inclusion of the full set of
Rockstar halo catalogs, including those for the remaining
209 DREAMS zoom-in simulations, to expand the training
and validation sets and enable evaluation on an independent
test set.

The results demonstrate strong performance and highlight
the potential of applying this architecture to more realistic
simulations. However, there are important limitations to
note regarding the training data. All galaxies used during
training and validation are Milky Way-mass halos in iso-
lated systems. This constraint is due to the availability of
high-resolution DM zoom-in simulations, which currently
exist only for these galaxy types, since running such detailed
zoom-ins on cluster galaxies is computationally too expen-
sive. Whilst the masses of the galaxies are for all galaxies in
the order of the Milky Way, they are approximately equally
distributed between spiral and elliptical galaxies. In contrast,
strong gravitational lenses are more commonly observed to
be massive galaxies in dense environments - often the cen-
tral galaxies of clusters. These systems are not represented
in the necessary mass resolutions in current hydrodynamical
simulations. For these purposes the subhalos should be re-
solved down to masses of log,,(M/Mg) = 7.75 and below
to be able to resolve small subhalos and confidentially infer
the SHMF.

We expect that future high-resolution hydrodynamical sim-
ulations will model the relevant environments in greater
detail, allowing us to extend the training set and improve
generalization to observed lensing galaxies. Until then, our
results should be interpreted within this limitation.
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A. Image Generation with Synthesizer

Synthesizer produces galaxy images by generating spatially resolved spectral energy distributions (SEDs) and applying
instrument-specific wavelength filters from the Spanish Virtual Observatory (SVO) filter service? (Rodrigo et al., 2012;
Rodrigo & Solano, 2020; Rodrigo et al., 2024). We use the Hubble Space Telescope Wide Field Camera (HST/WFC)
F105W filter to simulate realistic near-infrared observations.

The synthetic images are constructed with only taking stellar particles into account. We neglect the contributions of dust and
gas particles, which are expected to have a relatively minor impact on the morphological features relevant to our analysis. In
future steps, we will include the effects of dust and interstellar gas. As first step of the image creation we use an incident
emission model and place the galaxies at redshift z = 0.

The particles are convolved with a smoothing filter for optical more appealing visualization. The smoothing length of the
individual stellar particles are taken for each particle from the simulation data directly, which means that any artifacts of
isolated particles in the imaging are originating from the simulation. The smoothing length is the co-moving radius of the
sphere centered on the particle enclosing the 32 + 1 nearest particles of this same type.

To ensure image fidelity, we first generate high-resolution images and convolve them at the high resolution with a Gaussian
point spread function (PSF) to approximate observational effects. The PSF has a full width half maximum of 3 pixels. The
resulting images are then downsampled to a target resolution of 0.78125 kpc/pixel. We add gaussian noise of 1023%. We
do not yet include instrument specific observational noise or Poisson noise. Examples of the generated galaxy images are
shown in Figure 2, alongside the corresponding galaxy-specific SHMFs.

B. Poisson Noise from Samples

To compute the Poisson noise of the counts of each bin of the SHMF we get using the Rockstar catalogs, we follow
the prescription in Tanabashi et al. (2018); Chang & Necib (2021). We compute the confidence intervals using the inverse
cumulative distribution function of the x? distribution:

1yl o

frower = 5 P (%1 20) 3
. :

pigner = 5 Fal(1— 33 20+ 1)) )

with FXQI the inverse of the x? cumulative distribution and 7 the number of counts. The confidence level is given by
100(1 — «). From these intervals, we define the asymmetric error bars and variances with:

Olower,i = ’sz — Hlower,i (5)
Ohigher,i = Mhigher,s — 7¢L1 (6)
Vi= Olower,i Ohigher,i @)
Vvi/ = Ohigher,i — Olower,i (8)

We use the variances and uncertainties on the counts per bin to compute the likelihood of our fits to the data.

The likelihood function to fit the SHMF (eqn 1) is defined by:

NN (s —n:(9))”
mL(7|0) = =5 2 Vi — V! (i —ni(0)) v

i

where n;(0) is the model prediction of eqn (1), given the parameters § = (A, myqam ). We use the likelihood function to fit
the Rockstar-catalog data with an MCMC.

C. Comparison of Normalizing Flow Samples with MCMC Fits

In Figure 3 we show galaxy-specific SHMFs obtained by NF samples and MCMC fits along with the corresponding galaxy
image. The figure is structured as Figure 2. We use the same galaxies as before, but under different projections. We do not

2https ://svo2.cab.inta-csic.es/theory/fps/
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expect to perfectly recreate the MCMC fits. Our method serves as a tool to get the theoretical predictions on the SHMF given
a WDM theory. This does not serve as constraints on the SHMF, but is rather to be used to compare theoretical predictions
with observational constraints that can be achieved with strong lensing results. This is not a stand alone method to learn
about dark matter in observational surveys, but needs a comparison counterpart that constrained the SHMF. The blue and
red solid contours show the samples of the MCMC fit and of the NF samples respectively. The dark and light shaded areas
are the 10 and 20 regions of the fits. The displayed contours show the 1o, 20, and 30 contours of the MCMC fits and NF
samples of (A, Mmyam ), defining the SHMF.

The sampled parameters of the NF represent the fits obtained directly through the likelihood and cover the full range of the
parameters sampled with MCMC.

SHMF Fit and NF Fit, Mpy > 20.0 keV SHMF Fit and NF Fit, 8.0 keV > Mpy > 6.0 keV SHMF Fit and NF Fit, Mpy < 1.85 keV
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Figure 3. Similar to Figure 2. The shown galaxies are the same as in Figure 3, but the orientation of the galaxy images is different. The
blue contours show the samples of the MCMC fit, and the red contours the samples of the NF conditioned on Mpw and the galaxy image.
Overall, the sampled parameters of the NF represent the fits obtained directly through the likelihood and cover the full range of MCMC
sampled parameters.
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