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Understanding the impact of neutrino masses on the evolution of Universe is a crucial aspect of
modern cosmology. Due to their large free streaming lengths, neutrinos significantly influence the
formation of cosmic structures at non-linear scales. To maximize the information yield from current
and future galaxy surveys, it is essential to generate precise theoretical predictions of structure
formation. One approach to achieve this is by running large sets of cosmological numerical
simulations, which is a computationally intensive process. In this study, we propose a deep learning-
based generative adversarial network (GAN) model to emulate the Universe for a variety of neutrino
masses. Our model called »GAN (for neutrino GAN) is able to generate 2D cosmic webs of the Universe
for a number of neutrino masses ranging from 0.0 eV to 0.4 eV. The generated maps exhibit statistical
independence, lack correlations with training data, and very closely resemble the distribution of
matter in true maps. We assess the accuracy of our results both visually and through key statistics
used in cosmology and computer vision analyses. Our results indicate that samples generated by v
GAN are accurate within a 5% error on power spectrum between k = 0.01 to k£ = 0.5hMpc . Although
this accuracy covers the mildly non-linear scales, consistent with other works and observations,
achieving higher accuracy at fully non-linear scales requires more sophisticated models, such as
diffusion models. Nevertheless, our work opens up new avenues for building emulators to generate
fast and massive neutrino simulations, potentially revolutionizing cosmological predictions and
analyses. This work serves as a proof-of-concept, paving the way for future extensions with higher-

resolution 3D data and advanced generative models.
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1. Introduction

Neutrinos are among the most abundant particles in the Universe, with number densities only slightly
lower than those of photons. In the early Universe, neutrinos were relativistic, contributing to the
radiation energy density during that epoch. Unlike photons, neutrinos have now become non-relativistic
and possess rest mass, thereby contributing to the total matter density of the Universe. This indicates
that relic neutrinos can have significant effects on cosmological observables, particularly influencing the
background evolution, the spectra of matter perturbations, and the anisotropies in the Cosmic

Microwave Background (CMB).

Next-generation large-scale structure (LSS) surveys, including Dark Energy Spectroscopic Instrument
(DESI) Lll, eROSITA Ql, Euclid B], Nancy Grace Roman Space Telescope (WFIRST) [‘—*1, and Rubin
Observatory’s Legacy Survey of Space and Time (LSST)L2L will map vast cosmological volumes with high
precision, producing datasets that span a wide range of redshifts and cosmic epochs. These surveys are
expected to significantly improve constraints on cosmological parameters, including the sum of neutrino
masses, thereby enhancing our understanding of the fundamental role neutrinos play in the evolution of
the Universe. Recent analyses from DESI and the Atacama Cosmology Telescope (ACT) [6l7] have already
refined cosmological constraints on Y m,. Current upper bounds from joint analyses of CMB and LSS
data lie in the range Y m, < 0.06—0.08 eV at the 95% confidence level, assuming a minimal ACDM+

> m,, framework.

Extracting the full scientific potential of these upcoming surveys requires theoretical predictions of
comparable precision. In particular, accurate comparison between observations and theory demands
rigorous modeling of the spatial distribution of matter and luminous tracers, especially in scenarios
involving massive neutrinos. Analytic tools such as perturbation theory le, can provide reliable
predictions on quasi-linear scales,[e.g. 2A1OII121131141(151(16]17)(181[191(201(211[221[231[241(251[261[271[28]] ¢
most of the cosmological information resides in the fully non-linear regime, which requires more
sophisticated approaches. In the absence of a comprehensive analytical model, numerical simulations
with massive neutrinos are crucial for studying these non-linear scales and validating observations. In
particular, N-body simulations are among the most crucial tools for evolving cosmological matter
fluctuations under gravity alone, allowing for direct comparisons with theoretical predictions. These
simulations are instrumental in generating mock galaxy catalogs, computing covariance matrices, and

optimizing observational strategies. Recent developments in N-body simulations incorporating massive
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neutrinos have significantly advanced our understanding of their impact on clustering at fully non-linear
scales in real spacel22l30lBUB32I33] the clustering and abundance of halos and cosmic voids24135136]

and matter clustering in real spacel37l38] However, a significant drawback of cosmological N-body
simulations is their high computational cost. A single simulation demands extensive computational
resources and can take days or even weeks to complete. This computational bottleneck restricts the
amount of information that can be extracted from observational data and tested against theoretical
models. Consequently, there is a pressing need for faster methods to generate cosmological simulations
that maintain both accuracy and reliability, thereby accelerating the process and enhancing our ability to

extract and analyze cosmological information.

Over the past decade, deep learning has emerged as a powerful tool for emulating high-resolution
numerical simulations and accelerating cosmological predictions. Convolutional neural networks (CNNs)
have been widely used for parameter inference, weak lensing map generation, and super-resolution of N-

body simulations [3911401[411[42][43)[44][45][46][47][48][49)[501(511[52] CNNs have also been successfully applied

to model the impact of massive neutrinos on structure formation @1@1, demonstrating their
effectiveness in extracting cosmological information from complex datasets. These models can
efficiently learn to emulate the evolution of cosmic structures from high-fidelity simulations,

significantly reducing computational costs.

More recently, generative models such as Generative Adversarial Networks (GANSs) [401[551(561(571[581(59]
normalizing flowsl®6l and diffusion models 6216316411521 haye demonstrated remarkable success in
generating synthetic cosmological data that closely match high-fidelity simulations. While CNNs and
generative models have been extensively applied to a range of cosmological tasks, GAN-based emulators
specifically tailored for massive neutrino cosmologies remain relatively unexplored. Our work aims to fill
this gap by developing a GAN framework conditioned on neutrino mass, enabling rapid generation of
cosmic web realizations across different neutrino mass scenarios. This approach builds on the success of
generative models for cosmic structure emulation while addressing the unique challenges posed by

massive neutrino effects on non-linear structure formation.

In particular, we employ deep GANSs to generate 2D cosmic web realizations of the Universe, conditioned
on a range of neutrino masses. We assume a scenario of three degenerate neutrinos, where the electron,
muon, and tau neutrino species share the same mass. The choice of GANs is motivated by their ability to
effectively learn the complex probability distributions underlying the data, enabling the generation of

new, random, statistically independent, and identically distributed samples after training on N-body
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simulations. These generated samples are uncorrelated with the training examples. Our model, named v
GAN, is specifically conditioned on neutrino masses, allowing it to produce dark matter cosmic webs for
any given neutrino mass after training. This approach substantially reduces the computational burden
associated with generating variable-mass neutrino simulations using traditional methods, as numerous

new samples can be generated within seconds.

To validate our results, we employ various summary statistics, including the power spectrum, transfer

function, pixel intensity histograms, peak statistics, and structural similarity tests.

This study serves as a proof of concept, demonstrating that generative models, such as GANs, are a
feasible and effective approach to emulate cosmological simulations with massive neutrinos. Building on
this foundation, future work will extend the framework to more advanced generative architectures,
including diffusion models and normalizing flows, which promise improved accuracy, better coverage of

the data distribution, and greater fidelity on non-linear scales.

This paper is organized as follows. Section 2 briefly introduces and discusses conditional GAN and the
data we used for training our GAN model. Section 3 details the training process, model architecture, and
hyperparameters while section 4 presents the quantitative results. Finally, we draw our conclusions in

section 5.

2. Methods

2.1. Conditional GAN

A conditional Generative Adversarial Network or CGAN [©2) is an extension of the traditional GAN
framework, designed to generate data samples with specific characteristics or attributes. In a standard
GAN, two neural networks, a generator and a discriminator, are employed. The generator produces
synthetic data that mimics real data, while the discriminator distinguishes between real and generated
data. These networks compete during training: the generator improves its ability to create realistic data,
and the discriminator enhances its skill in differentiating real from fake data. Both networks undergo
simultaneous training, and if the optimization process is executed effectively, the generator will acquire
the ability to generate data that matches the data distribution. In a CGAN, an additional conditional
element, often in the form of extra input data or labels, is introduced. This conditional information is
used to guide the generation process, enabling the model to generate data samples with specific

attributes or characteristics.
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In this study, we condition both the generator (G) and the discriminator (D) on a parameter denoted as
y, representing the neutrino mass. By doing so, we ensure that the generated data samples are specifically

tailored to different neutrino masses.

The algorithm works as follows:

1. The input consists of a random noise vector, denoted as z, which can originate from various
distributions such as the Gaussian distribution (typically sampled from a unit-normal distribution,
N(0,1)), a uniform distribution, or other structured inputs.

2. The generator G, which is parameterized by a neural network, takes the latent vector z and an
additional random variable y (serving as a conditioning factor), and produces the output G(z,y).

3. The discriminator D, also parameterized by a neural network, takes real data samples z and the
synthetic samples generated by G, named G(z,y). It then provides scores for both, denoted as
D(z) and D(G(z,y)) respectively. These scores represents the discriminator’s confidence in
whether the samples are real, i.e. originating from the actual data distribution pg,,(z). When scaled
to the range [0, 1], this score can also be loosely interpreted as an implicit likelihood of the data
given D, i.e, p(z|D).

4. The predictions made by D are compared to the actual, true labels, and a loss is computed,
represented as L(D, G).

5. This loss is backpropagated through D and then through G, to update the weights and biases of
both networks.

6. These steps, from 1 to 5, are iteratively repeated over multiple epochs while processing the entire

dataset.

2.2. Data

In the following, we present a detailed description of the various steps involved in the generation and

preprocessing of data:

1.We run N-body simulations using the COLA (COmoving Lagrangian Acceleration)
approximation [©8167) with the MG-PICOLA code 1 (8], COLA is an approximate simulation method
designed to efficiently evolve large-scale structure by combining Lagrangian perturbation theory

with N-body dynamics, achieving faster computation while preserving large-scale accuracy. We

used MG-PICOLA instead of full N-body simulations because it provides a computationally efficient
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compromise, retaining accuracy on large and mildly non-linear scales at a fraction of the
computational cost. The simulations track the evolution of 1024 cold dark matter (CDM) particles
in the presence of neutrinos with masses 0.0, 0.1, and 0.4 eV from a redshift of z =9to z = 0 in
50 timesteps in a simulation volume of size 500 Mpc/h. The cosmological parameters used for these
simulations are Qj; = 0.3175, Qp = 0.0490, n, = 0.9624, o3 = 0.8340, H = 67.11, and
>-m, = (0.0,0.1,0.4) eV. We generate two realizations for each neutrino mass, resulting in a total
of six realizations. Each simulation provides the 3D spatial coordinates of 1024® CDM particles.

2. Following Rodriguez et al29 for each realization, we take this 3D cube of particle positions and
divide the positions along the x-axis into 1000 equal segments. We then extract 2D slices of particle
positions in the y-z plane and select 500 non-consecutive 2D slices. We repeat this process along the
y and z axes, obtaining 1500 2D slices per realization, and a total of 9000 slices for the entire dataset
(i.e., six realizations).

3. These 2D slices are then pixelized into 256 x 256 images, where each pixel value represents the
number of particles within that pixel. This process effectively transforms the data into 2D grayscale
images of size 256 x 256. The images are then smoothed using a Gaussian filter with a standard
deviation of 1, resulting in floating-point pixel values spanning a wide range of magnitudes, rather
than discrete integers. As part of data augmentation, each image is randomly flipped horizontally,
vertically, or both, each with a 25% probability; the remaining 25% of the time, the image is left
unaltered.

4. The data is scaled to [—1, 1], following [401 yising the same scaling parameter a = 4 as in that work.
This scaling improves model performance and ensures compatibility with the generator’s final tanh
activation. The original data (p) and the scaled data (p(z)) are related by the following

transformation:

_ 2z
pla) = 2 1. (1)

This transformation is analogous to the logarithmic function. As the cosmic web of the Universe spans a
dynamic range of magnitudes, from nearly empty cosmic voids to super-massive galaxy clusters, this
transformation enhances the contrast of filaments, galaxy sheets, and dark matter halos. The parameter
a in equation [egn:scaling] controls the median value of the images. The choice a =4 balances
compression of extreme densities while retaining sufficient contrast in intermediate regions, ensuring
the transformed data are centered around zero and compatible with the generator’s tanh activation,

promoting stable learning.
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3. Implementation

Learning the optimal parameters for the discriminator and generator networks, and effectively
optimizing a GAN, are challenging tasks. To address these challenges, we employed a CGAN based on the

Wasserstein GAN (WGAN) framework [69]

Unlike the discriminator in a conventional GAN, which outputs a probability value indicating the
confidence in the realness of the sample, the discriminator in a WGAN assigns a score based on the
Wasserstein distance (also known as the Earth Mover’s distance) between the real and fake distributions.
This distance measures the divergence between two probability distributions. Consequently, the

discriminator in a WGAN is referred to as a critic.

Our WGAN model, named vGAN, consists of a generator and a critic. The generator includes one linear
layer and six transposed convolutional layers. The neutrino mass ) m, is concatenated to the latent
vector z of size 200 at the beginning and processed by a linear layer. This is followed by upsampling
through six transposed convolutional layers with filter sizes of 5 and 3, and strides of 2 and 1,
respectively. Each upsampling operation is followed by batch normalization and a ReLU activation,
except for the final layer, which uses a tanh activation without batch normalization. The architecture of

the generator is detailed in Table 1.

Layer Operations Filter Dimension

z bs x 200

h0 linear + identity bs x 512 x 16 x 16
hl deconv + BatchNorm + ReLU 5x5 bs x 256 x 32 x 32
h2 deconv + BatchNorm + ReLU 5x5 bs x 128 x 64 x 64
h3 deconv + BatchNorm + ReLU 3x3 bs x 128 x 64 x 64
h4 deconv + BatchNorm + ReLU 5x5 bs x 64 x 128 x 128
h5 deconv + BatchNorm + ReLU 3x3 bs x 64 x 128 x 128
h6 deconv + Tanh 5x5 bs x 1 x 256 x 256

Table 1. Generator architecture of our ¥GAN. bs refers to the batch size.
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The discriminator in our model is composed of four convolutional layers followed by one linear layer.
Each convolutional layer uses a filter of size 5 and a stride of 2, doubling the number of channels and
halving the feature size with each operation. These layers are followed by batch normalization and a
leaky ReLU activation function with a parameter of 0.2. After the convolutional operations, the data is
flattened, and the neutrino mass is concatenated to it. Finally, a linear layer is applied to produce the

desired output. The detailed architecture of the discriminator is presented in Table 2.

Layer Operations Filter Dimension
X bs x 1 x 256 x 256
hO0 conv + BatchNorm + Leaky ReLU 5x5 bs x 64 x 128 x 128
hl conv + BatchNorm + Leaky ReLU 5x5 bs x 128 x 64 x 64
h2 conv + BatchNorm + Leaky ReLU 5x5 bs x 256 x 32 x 32
h3 conv + BatchNorm + Leaky ReLU 5x5 bs x 512 x 16 x 16
h4 linear + identity bs x 1

Table 2. Discriminator architecture of our #GAN. bs refers to the batch size.

The networks were trained until convergence, defined by a stable distance between the generated and

real images, was achieved. The hyperparameters used for training are detailed in Table 3.
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Hyperparameter Value
Learning rate (G, D) (107%,1075)
Batch size 16

Latent vector size 200
Latent vector distribution Standard Normal
Optimizer ADAM
Gradient Penalty 1000
1, B2 0.5,0.999
Augmentation True
Epochs 300

Table 3. Hyperparameters used for model training.

4. Results

In this section, we evaluate the performance of our model through both qualitative and quantitative
diagnostics. We quantitatively assess the results using a range of summary statistics: power spectrum
and transfer function, pixel intensity histogram, pixel peak histogram, and the Multi-Scale Structural
Similarity Index to evaluate mode collapse. We also present a visual comparison between the synthetic

and real images.

4.1. Power Spectrum and Transfer Function

Figure 1 (top panels) presents the average 2D power spectra computed over 500 realizations, comparing
MG-PICOLA simulations (black curve) with the ¥GAN model (red curve) for different neutrino masses.
The power spectrum analysis provides a quantitative assessment of how well #GAN captures the
statistical properties of large-scale structure formation across various scales. The results demonstrate
that the density distribution from v»GAN closely matches the N-body simulations in both amplitude and

shape across nearly all scales, particularly at large scales where the agreement is strongest.
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Figure 1. Power spectrum and transfer function comparison. The top panel shows the average 2D power
spectra of the N-body images (black curves) and the ones generated by GAN (red curves) for various
neutrino masses. The difference in power spectra is very small (within 5%) at linear and mildly non-linear

scales.

To better quantify the agreement between the two datasets, the bottom panels of Figure 1 display the
transfer function, which compares the relative clustering amplitude of ¥ GAN-generated maps and N-
body simulation as a function of the wavenumber. 2 The transfer function should ideally be equal to one
if the emulator perfectly reproduces the simulation data. Between & = 0.01 and k£ = 0.65, »GAN achieves
an accuracy within 5%. However, for larger &£ (k > 0.7 hMpc 1), deviations become more pronounced.
The transfer function shows increasing fluctuations and variance at these smaller scales, indicating the
model’s limited ability to capture non-linear clustering due to the lower resolution of the MG-PICOLA

training data.

Nevertheless, these preliminary results demonstrate that the #GAN model outperforms the previous
work of Giusarma et al.Z% on mildly non-linear scales (0.3 < k < 0.65hMpc ), achieving an improved
accuracy of 5% compared to the 7% reported in our previous study, despite being trained on lower-
resolution MG-PICOLA simulations with 2D data. Given that our earlier work used high-resolution 3D
simulations 12 this suggests that incorporating high-resolution 3D data in future work could further

enhance the model’s accuracy and reliability.
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We note that the power spectrum and transfer function results are averaged over 500 realizations,

providing a robust statistical estimate and reducing sample variance.

A key advantage of this approach is that, once trained, the model can generate new cosmic web
realizations for different neutrino masses within seconds on a modern Graphics Processing Unit (GPU).
This represents a substantial improvement over traditional N-body simulations, which require several
hundred to thousands of core-hours per neutrino mass case. As a result, our method provides a gain of
several orders of magnitude in computational efficiency, enabling rapid and scalable cosmological

emulation.

4.2. Visual Comparison

The top two panels display 10 cosmic web images from N-body simulations, while the bottom two panels
show images generated by ¥GAN. Each bright spot in the images represents the average number of dark
matter particles or the density contrast at that pixel location. It is important to note that the pixel values

are scaled to the range of [-1,1].

Figure 2 presents 10 original images of the cosmic web from standard N-body simulations (top) and
10 synthesized samples generated by ¥GAN without neutrinos (bottom) over a scale of 500 Mpc/h. It is
evident that ¥GAN effectively captures the prominent visual features of the data. The structures of
filaments and halos are well reproduced, demonstrating the capability of GANSs to accurately replicate the
cosmic web. In particular, the cosmic web structures produced by the our model are visually

indistinguishable from the originals.

To validate the parameterization of our model on neutrino masses, we generate images using the same
latent vector space but with different neutrino masses. Figure 3 displays images from N-body
simulations (top) and ¥GAN (bottom) using various neutrino masses. The latent vector in ¥GAN and the
random seed in the simulations are kept constant to facilitate a direct visual comparison of the images
under the same fixed conditions. Figure 3 appears visually very similar across different neutrino masses,
reflecting that the impact of neutrino mass on small-scale clustering is too subtle to be visually
discernible in 2D cosmic web images, even though the model encodes this dependence in its statistical

structure.
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N-body simulation samples

Figure 2. The top panel displays the cosmic webs from our simulations, while the bottom panel shows those
generated by GAN. In the top images, the random seed was fixed during the simulations, and in the bottom
images, the latent vector was fixed. As a result, the images in the top row appear similar to each other, and the

same consistency is observed in the bottom row.

4.3. Pixel Intensity Histogram

We analyze pixel intensity histograms as complementary diagnostics for assessing »GAN’s ability to
replicate cosmic structure. Specifically, we generate mass map histograms, which represent the
distribution of mass densities in cosmic web images. Since pixel values in these images correspond to
mass density, mass map histograms are also referred to as pixel intensity histograms 172l By

comparing these histograms for »GAN-generated images and N-body simulations, we assess how
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accurately our model reproduces the true mass distribution of the Universe. Figure 4 illustrates the
distribution of mass map pixels (Npizeis) for both N-body and »GAN-generated maps. The top panel
shows the mass histograms, while the bottom panel presents the fractional difference between the
predictions and the actual values. The comparison reveals a generally good agreement between the truth
(black curve) and the vGAN prediction (red curve). However, for higher pixel intensity values (between
0.25 and 0.8), ¥GAN predicts a slightly lower number of pixels than the actual N-body samples. The
bottom panel indicates that the largest deviations occur at these higher intensity values, with
discrepancies of approximately 20% — 30%. While these deviations are moderate, their potential impact
on cosmological parameter inference should be assessed in future work to determine whether additional
corrections or improved training are necessary for precision analyses. Similar trends have been observed

in previous works of 22l and [731.
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Figure 4. A comparison of pixel intensity histogram of the samples generated from the N-body simulations
and our GAN model. The curves are averaged over 500 samples. The major difference is at lower pixel

intensity values.
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4.4. Pixel Peak Histogram

While the power spectrum provides a complete statistical description of a Gaussian random field, the
cosmic web exhibits significant non-Gaussian features that require higher-order statistics for a more
detailed characterization. Traditional higher-order statistics, such as the bispectrum and three-point
correlation function, provide valuable insights into non-linear structure formation but are
computationally expensive to evaluate [Z4Z3IZOITTII8ITI T address these challenges, an alternative
approach known as “peak statistics” is widely used to extract non-Gaussian features from cosmic web
data. Peak statistics have been particularly effective in analyzing weak lensing convergence maps and

large-scale structure distributions 7280},

In this context, a peak is defined as a pixel in the mass map that has a greater intensity than all of its
surrounding pixels. Specifically, a pixel is classified as a peak if its value exceeds that of all 24
neighboring pixels within a 5 x 5 region. By identifying and quantifying these peaks, we gain additional
insight into the clustering of matter, as peaks often correspond to high-density regions such as galaxy

clusters.

Figure 5 presents the distribution of peaks (denoted as Npe.xs) in the mass map, capturing the local
maxima across the dataset. To ensure statistical robustness, this process is applied to 500 independent
simulated images, from which we compute the median histogram of peak counts along with the 16th

and 84th percentile intervals, capturing the spread of peak values.

The top panel of Figure 5 displays the histograms of peak counts, while the bottom panel illustrates the
fractional difference in peak distributions between the vGAN-generated images and the N-body
simulation results. The overall close agreement between the two datasets demonstrates that vGAN
accurately reproduces the number and distribution of peaks. However, small deviations at the highest
peak values suggest that the model may slightly underestimate the frequency of the most massive
structures, potentially indicating limitations in capturing the extreme non-linear regime of structure

formation.
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Figure 5. A comparison of pixel peaks. The solid lines represent the median histogram derived from 500
samples generated by #GAN and N-body simulations. The shaded areas around each line indicate the 16th

and 84th percentiles of the distribution. Note that pixel values have been scaled to the range [-1, 1].

4.5. Multi-Scale Structural Similarity Index (MS-SSIM)

A common challenge with GANSs is that, if poorly trained, the generator may repeatedly produce a limited
subset of the data distribution, failing to capture the full data variance. This phenomenon, known as
mode collapse, results in outputs that represent only a narrow range of the target data3. Our »GAN avoids
mode collapse by using a larger latent vector (z) of size 200 from a standard gaussian distribution.
Evidence of this can be seen in Figure 2, where each generated image is distinctly different, indicating

that the model captures a wide range of data features.

To further assess mode collapse, we employ the Multi-scale Structural Similarity Index (MS-SSIM), a
widely used metric in image analysis. MS-SSIM helps detect mode collapse, especially relevant in
cosmology, where summary statistics may still match true data distributions even when mode collapse is

present, potentially concealing the issue.
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The MS-SSIM score between two images ranges from 0 to 1, where 1 indicates identical images and
0 represents completely different images. As the mass maps are stochastic and only statistically similar,
we are not interested in similarity between specific maps. Following Perraudin et 31_15_61, we calculate the
MS-SSIM between a large ensemble of 2,000 images from N-body simulations and generated by v GAN.
This approach allows us to evaluate overall similarity across an image set rather than focusing on
pairwise comparisons. Table 4 reports MS-SSIM scores between N-body and » GAN-generated maps for
different neutrino masses. The scores range from 0.41 to 0.58, indicating moderate structural similarity
between the generated and real samples. This level of similarity reflects that #GAN does not replicate
individual maps pixel-by-pixel (as expected for stochastic realizations), but rather captures the overall
statistical structure of the cosmic web. Importantly, the MS-SSIM values remain sufficiently low to avoid

mode collapse, confirming that the model generates diverse samples across the data distribution.

Neutrino mass (in eV) MS-SSIM score
0.0 0.58
0.1 0.48
0.4 0.41

Table 4. MS-SSIM scores for GAN for each neutrino mass

5. Conclusions

In this work, we demonstrated how GANs can be employed to model the dark matter cosmic web of the
Universe, incorporating the effects of neutrinos. We developed a deep Wasserstein GAN, termed v GAN,
which conditions on neutrino masses to generate statistically independent and uncorrelated samples of
the 2D cosmic web. By using a larger latent dimension, ¥GAN effectively avoids mode collapse, as
confirmed by the multi-scale structural similarity (MS-SSIM) scores between generated and real
samples. Our model converges efficiently, producing samples that are visually indistinguishable from N-

body simulation data.

To validate »GAN’s accuracy, we evaluated various cosmological and computer vision statistics, including

the power spectrum, transfer function, pixel intensity histogram, peak statistics, and MS-SSIM scores, all

geios.com doi.org/10.32388/NPoQoY

16


https://www.qeios.com/
https://doi.org/10.32388/NP0Q0Y

of which show strong agreement between vGAN-generated samples and N-body simulations up to
mildly non-linear scales. This indicates that ¥GAN produces genuinely novel data, rather than simply

replicating the training set, as observed in previous studies421152 26][651(731(81]

A key advantage of this approach is that, once trained, the model can generate new cosmic web
realizations for different neutrino masses within seconds on a modern Graphics Processing Unit (GPU).
This represents a substantial improvement over traditional N-body simulations, which require several
hundred to thousands of core-hours per neutrino mass case. As a result, our method provides a gain of
several orders of magnitude in computational efficiency, enabling rapid and scalable cosmological
emulation. Given the data demands of upcoming large-scale cosmological surveys, efficient methods
like »GAN will be crucial for generating theoretical predictions, facilitating advanced analyses using deep

learning!®2l and sophisticated statistical methods!&2l,

This work represents a proof-of-concept toward developing rapid, differentiable emulators of the neutrino
cosmic web, demonstrating the feasibility and potential of GAN-based approaches for accelerating cosmological
simulation pipelines. Beyond technical validation, the cosmological implications of our results warrant
discussion. The ~5% accuracy achieved in the power spectrum on linear and mildly nonlinear scales
suggests that #GAN can already serve as a fast emulator for summary statistics relevant to upcoming
surveys such as DESI, Euclid, and LSST, especially for large-scale analyses targeting BAO and growth
rates. However, the observed deviations of ~20-30% in peak statistics at high intensities indicate that
caution is required when using ¥GAN outputs to infer cosmological parameters sensitive to small-scale
nonlinearities, such as o3 or _ m,. Future work should quantify how these discrepancies propagate into
parameter uncertainties via forward modeling pipelines or likelihood analyses. Nevertheless, this proof-
of-concept highlights the potential of generative models to accelerate cosmological inference while

retaining acceptable accuracy for many applications.

6. Future Works

While our results demonstrate that #GAN effectively captures the large-scale statistical properties of the
cosmic web, several avenues remain for improvement. One key limitation of the current model is its
restriction to 2D projections of the cosmic web. Expanding the framework to generate full 3D density
fields is a natural next step, enabling more direct comparisons with state-of-the-art numerical
simulations and observational datasets. This will require adapting 3D generative architectures and

optimizing their scalability for high-dimensional data.
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Additionally, while GANs provide fast sample generation, they suffer from inherent drawbacks such as
mode collapse and difficulties in learning the true probability distribution of the data. To address these
issues, our ongoing research explores the integration of normalizing flows [841 3nd diffusion models 1821
Normalizing flows explicitly learn the data probability distribution and provide exact likelihood
estimates, making them well-suited for cosmological emulation ©986lI87] piffusion models, on the
other hand, have demonstrated superior performance in high-resolution image generation and improved
mode coverage compared to ¥GAN [621[64](52], Implementing diffusion-based emulators for cosmology
could further enhance the accuracy and reliability of deep generative methods in structure formation

modeling.

Future work will focus on improving accuracy at non-linear scales by incorporating high-resolution 3D
simulations and leveraging diffusion-based models, thereby extending the applicability of generative emulators
to precision cosmology. While our approach shows promising results, it represents an initial step toward
developing more sophisticated generative models, such as diffusion models and normalizing flows,

which have the potential to further improve accuracy at non-linear scales.

Furthermore, given that the current approach is trained on low-resolution MG-PCOLA simulations, we

plan to incorporate high-resolution N-body simulations such as QUIJOTE Bl to improve small-scale
accuracy and reduce discrepancies in peak statistics. Extending vGAN to generate simulations across a
broader range of cosmological parameters, including baryonic effects, will further increase its

applicability to next-generation surveys.
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Footnotes

! https://github.com/HAWinther/MG-PICOLA-PUBLIC

2 The transfer function T'(k) is defined as the square root of the ratio of the power spectra of the density

field predicted by the »GAN and the target respectively, T'(k) = \/ Prrea(k)/ Prarget (k)
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3 For example, a GAN trained on a dataset of digits from 0 to 9 might only produce a few digits (e.g., 2, 4,

and 9) if it suffers from mode collapse.
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