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Abstract

Observations of the large-scale structure (LSS) provide a powerful test of gravity
on cosmological scales, but high-resolution N-body simulations of modified gravity
(MG) are prohibitively expensive. We present MG-NECOLA, a convolutional neural
network that enhances fast MG-PICOLA simulations to near–N-body fidelity at a
fraction of the cost. MG-NECOLA reproduces QUIJOTE-MG N-body results in the
power spectrum and bispectrum with better than 1% accuracy down to non-linear
scales (k ≃ 1 h Mpc−1), while reducing computational time by several orders
of magnitude. Importantly, although trained only on f(R) models with massless
neutrinos, the network generalizes robustly to scenarios with massive neutrinos, pre-
serving accuracy to within 5% at non-linear scales. This combination of precision
and robustness establishes MG-NECOLA as a practical emulator for producing large
ensembles of high-fidelity simulations, enabling efficient exploration of modified
gravity and beyond-ΛCDM cosmologies in upcoming surveys.

1 Introduction

Modern cosmology and astrophysics increasingly rely on accurate theoretical predictions to extract
information from the wealth of data provided by current and upcoming galaxy surveys. Statistical
measures such as the matter power spectrum, correlation functions, and higher-order statistics
encode the imprint of fundamental physics on the large-scale structure (LSS) of the Universe.
The prevailing framework, known as the Λ Cold Dark Matter (ΛCDM) model, combines General
Relativity (GR) with a Universe dominated by cold dark matter and dark energy. While ΛCDM
has been highly successful in explaining a broad range of observations, growing evidence suggests
possible inconsistencies between different cosmological probes [1, 2, 12]. These observational hints,
together with the fact that GR has never been directly tested on the largest cosmic scales, provide
strong motivation to explore modified gravity (MG) as a compelling extension of the standard model.
MG theories alter the growth of cosmic structures by introducing additional degrees of freedom that
can enhance or suppress gravitational interactions on cosmological scales. The next generation of
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surveys will deliver unprecedentedly precise measurements of LSS, creating a unique opportunity to
test these alternatives to GR and potentially uncover new physics.

To exploit this opportunity, fast and accurate theoretical predictions are essential. High-resolution
N -body simulations provide the most reliable predictions for non-linear structure formation, but their
computational cost makes them impractical for exploring the vast parameter spaces of MG cosmolo-
gies. Approximate methods, such as the COmoving Lagrangian Acceleration (COLA) [20] approach,
are far more efficient and reproduce large-scale clustering well, but their accuracy deteriorates on
non-linear scales where MG effects are most pronounced. We address this challenge with MG-NECOLA,
a deep learning framework based on convolutional neural networks (CNNs) that maps fast COLA
simulations into high-fidelity N -body–like realizations. Trained on the QUIJOTE-MG suite [5, 21]
of extended cosmologies, MG-NECOLA recovers key summary statistics such as the matter power
spectrum down to k ≃ 1 h Mpc−1 while remaining orders of magnitude faster than full N -body
runs. This enables efficient exploration of MG scenarios and provides a scalable tool for large-scale
structure analyses in upcoming surveys.

2 Method

In the standard cosmological paradigm, the growth of structure is governed by GR, where matter
density perturbations source the Newtonian potential. MG theories extend this framework by
introducing additional degrees of freedom that rescale the gravitational strength in a scale- and
time-dependent way [3, 10]. A widely studied example is the Hu–Sawicki f(R) model [14], where a
scalar degree of freedom mediates an additional force, leaving characteristic signatures in the matter
power spectrum at non-linear scales [11, 19]. The strength of this force is controlled by the parameter
fR0

, with observationally allowed values typically satisfying |fR0
| < 10−5 [6, 9]. In this work, we

focus on f(R) gravity as a benchmark to evaluate our deep learning framework, MG-NECOLA.

2.1 Simulation Data:

Our framework requires both high-fidelity references and fast approximate simulations. As ground
truth, we use the QUIJOTE-MG suite [5], a collection of large cosmological N-body simulations
including extensions beyond ΛCDM. These runs evolve 5123 CDM particles in a periodic box of
1000 Mpc h−1 from redshift z = 127 to z = 0. In this context, each particle’s trajectory is described
by its displacement, defined as ∆ = xf − xi, where xi are the initial grid positions and xf the final
positions at the present epoch. With thousands of timesteps, N-body simulations provide accurate
non-linear predictions but are computationally prohibitive for systematic parameter exploration.

For fast approximations, we generate simulations with the publicly available MG-PICOLA code [22],
which achieves efficiency by evolving large-scale modes with second-order Lagrangian perturbation
theory (2LPT) while treating smaller scales with N-body dynamics [8]. This reduces runtime by
more than an order of magnitude, but accuracy deteriorates in the non-linear regime - precisely where
MG effects are most relevant.

2.2 Training and Evaluation:

MG-NECOLA is a CNN designed to refine MG-PICOLA simulations toward N-body accuracy. The
network takes as input the MG-PICOLA displacement field, ∆MG-COLA, and is trained to predict the
residual relative to the high-fidelity QUIJOTE-MG reference: ∆res = ∆QUIJOTE-MG −∆MG-COLA .
The corrected displacement field is then obtained as ∆MG-COLA + ∆res, providing an enhanced
approximation that closely reproduces the N-body result at a fraction of the computational cost.

Each MG-PICOLA run is initialized with the same random seeds and cosmological parameters
as its QUIJOTE-MG counterpart, ensuring particle-by-particle correspondence between the two
simulations. The dataset consists of 100 paired simulations with the modified gravity pa-
rameter fixed at fR0

= 5 × 10−7, while the cosmological parameters are held constant at
(Ωm,Ωb, h, ns, σ8) = (0.3175, 0.049, 0.6711, 0.9624, 0.8340).

Performance is evaluated against three references: (1) MG-PICOLA, our fast-simulation benchmark; (2)
QUIJOTE-MG, the high-fidelity N-body target; and (3) MG-NECOLA, our CNN-enhanced predictions.
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Assessment is carried out at both the particle level and through cosmological summary statistics, with
particular emphasis on the matter power spectrum and bispectrum at non-linear scales.

2.3 Network Architecture:

Our network design follows the V-Net–based convolutional architecture introduced in the NECOLA
framework [15, 16], originally developed for ΛCDM simulations. While the core structure is similar,
this work makes two key advances: (i) it extends the framework to modified gravity cosmologies,
where non-linear effects are stronger and more scale-dependent, and (ii) it introduces an adapted
loss function that balances accuracy in both Lagrangian and Eulerian displacement fields, along
with a gradient-matching term to capture small-scale features. Together, these modifications enable
MG-NECOLA to recover the characteristic signatures of MG models with high fidelity, going beyond the
original ΛCDM application. The novelty thus lies not in the architectural form but in the integration of
MG-specific priors into the learning objective and its application to non-standard gravity simulations.

The V-Net-based architecture [4, 7, 13, 18] follows a symmetric encoder–decoder (“U-shaped”)
design with residual connections. The model consists of two downsampling and two upsampling
stages, each comprising residual blocks of two 33 convolutions with 13 shortcut paths. Batch
normalization is applied after every convolution except for the first and last two, and leaky ReLU
activations (slope 0.01) follow each normalization as well as the first and penultimate convolutions.
The hidden layers use 64 channels, the input and output layers have three channels (corresponding to
displacement components), and the concatenated layers use 128 channels.

Residual learning is applied by adding the input displacement field, ∆MG-COLA, directly to the
network output, so that the model learns only the correction toward the target ∆QUIJOTE-MG. Down-
sampling and upsampling are implemented using 33 convolutions and 23 transposed convolutions
with stride 2. All 33 convolutions are unpadded to preserve translational equivariance; encoder
features are therefore cropped before concatenation with decoder layers. The training loss combines
three contributions:

L ≡ wlag Llag + weul Leul + wgrad Lgrad, (1)

where Llag measures the root-mean-squared error (RMSE) on the displacement field, Leul computes
the RMSE on the overdensity field, and Lgrad evaluates the RMSE on the displacement field gradient.
This gradient term penalizes both overly smooth and excessively abrupt displacement predictions,
ensuring better recovery of small-scale structure particularly important in MG scenarios. We set
(wlag, weul, wgrad) = (1.0, 3.0, 2.0) so that the three terms contribute comparably in the validation
set. This loss formulation represents a significant departure from the NECOLA approach, which used
LNECOLA ≡ log(LeulLλ

lag) with hyperparameter λ, focusing primarily on particle number density
and displacements in ΛCDM. Our three-term loss reflects the need to capture MG-specific small-scale
signatures with higher accuracy, as demonstrated in our ablation studies (see bottom left panel of
Fig. 1).

Given the large data size (3× 5123), inputs are split into subcubes of 3× 1283 (250 Mpc h−1 per
side). To preserve translational equivariance, no padding is applied in the 33 convolutions; instead,
inputs are periodically padded with 20 voxels per side, yielding effective inputs of 3× 1643. Data
augmentation includes random rotations and parity transformations, ensuring equivariance of the
displacement field.

Training uses Adam optimizer, [17], with a learning rate 10−4, β1 = 0.9, β2 = 0.999, and a learning
rate halving after three stagnant validation epochs. The model is trained for 100 epochs using 70% of
the simulations, with 20% reserved for validation and 10% for testing.

3 Results

Figure 1 summarizes the performance of MG-NECOLA on the test set of 10 realizations, evaluated with
standard large-scale structure statistics. The top left and right panels show the matter power spectrum,
P (k), and the bispectrum, B(k). The power spectrum quantifies the two-point clustering of matter
fluctuations as a function of scale, while the bispectrum captures three-point correlations in Fourier
space and provides sensitivity to non-linear effects. For the bispectrum, we present the configuration
with k1 = 0.15 hMpc−1 and k2 = 0.25 hMpc−1 as a function of the angle θ between k1 and k2.
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Figure 1: Performance of MG-NECOLA (NN) compared to MG-PICOLA (input benchmark) and
QUIJOTE-MG (truth). Top left: power spectrum (top) and transfer function (bottom). Top right:
bispectrum. Bottom left: ablation study comparing our loss function (Eq. (1), blue) with NECOLA
loss variants, demonstrating improved accuracy on non-linear scales. Bottom right: transfer function
for the generalization to massive neutrinos after training on Mν = 0. MG-NECOLA (red dashed)
substantially improves upon MG-PICOLA (blue dotted), recovering results in much closer agreement
with the QUIJOTE-MG reference (black solid).

The lower panels show the transfer function, T (k), defined as the square root of the ratio between
the predicted and target power spectra, and the fractional percentage accuracy, %Acc, for one test
realization. Values of T (k) = 1 and %Acc = 0 indicate perfect recovery of the N-body clustering
amplitude.

Across both the power spectrum and bispectrum, MG-NECOLA (red dashed) provides substantially
improved agreement with the QUIJOTE-MG N-body reference (black) compared to MG-PICOLA (blue
dotted), consistently reducing discrepancies from large to deeply non-linear small scales. The transfer
function further demonstrates that MG-NECOLA effectively corrects the scale-dependent amplitude
biases present in MG-PICOLA, yielding predictions that match the N-body results to better than
1% accuracy across the full range of probed modes. Furthermore, the bottom left panel of Fig. 1
shows a small ablation experiment, where it is patented that removing the gradient-matching term
(Lgrad) reverting to the original NECOLA loss significantly degrades performance on non-linear scales,
particularly in the k > 0.3 hMpc−1 regime where MG effects become pronounced. This confirms
that our proposed loss formulation, with its explicit emphasis on small-scale structure through
gradient matching, provides tangible benefits for capturing MG signatures. These results confirm
that MG-NECOLA can successfully enhance fast MG-PICOLA simulations, recovering the accuracy of
QUIJOTE-MG N-body runs, particularly at non-linear scales where modified gravity signatures are
most significant.

To further assess robustness, we evaluated MG-NECOLA on f(R) cosmologies with massive neutrinos,
despite training only on massless cases. Figure 1 (bottom right) shows the transfer function for
fR0 = −5.42× 10−5 with Mν = 0.6152 eV. Remarkably, MG-NECOLA (purple dashed) continues to
provide accurate enhancements over MG-PICOLA (green dotted), closely following the QUIJOTE-MGN-
body reference across both large and small scales. Averaged across all modes, MG-NECOLA reduces
MG-PICOLA mean error from 25% down to 9%, while maintaining absolute deviations below 5% even

4



at the most non-linear scales (k > 0.3 hMpc−1). These tests are particularly significant because they
involve parameters unseen during training, demonstrating that the network has learned transferable
features of non-linear structure formation, capturing the interplay of modified gravity and massive
neutrinos without explicit exposure.

A typical QUIJOTE-MG N-body simulation requires approximately 500 CPU-hours, or 106 CPU
seconds to complete, while a single MG-PICOLA run takes only 103 CPU seconds. Once trained,
MG-NECOLA adds just a lightweight enhancement stage, processing each realization in approximately
180 seconds on a single GPU. Thus, MG-NECOLA achieves orders-of-magnitude speed-up over N-
body runs while retaining near-QUIJOTE-MG accuracy, enabling large ensembles of high-fidelity MG
simulations for surveys pipelines.

4 Conclusions

In this work, we introduced MG-NECOLA, a convolutional neural network that upgrades fast
MG-PICOLA simulations to the accuracy of QUIJOTE-MG N-body runs with significantly reduced
computational cost. Using standard large-scale structure statistics, we showed that MG-NECOLA repro-
duces N-body results with better than 1% accuracy down to non-linear scales of k ∼ 1 h Mpc−1,
significantly outperforming MG-PICOLA. Moreover, although trained only on a single fR0

value with
massless neutrinos, the network generalizes robustly to cosmologies with massive neutrinos and
varying cosmological parameters, demonstrating strong transferability to unseen physics.

Looking ahead, the next step is to extend MG-NECOLA to a broader family of non-standard cosmologi-
cal models. In particular, we aim to incorporate diverse values of fR0 together with varying neutrino
masses, ultimately building a framework capable of mapping across the space of modified gravity and
beyond-ΛCDM scenarios. Such a tool would allow systematic exploration of cosmological signatures
across a wide range of theories, providing an essential resource for interpreting data from the next
generation of large-scale structure surveys.
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